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Abstract

We provide transaction-level evidence on the export performance of green products, ex-

amining whether environmentally friendly attributes translate into competitive advantage

or disadvantage in international markets. Using Italian customs data matched to firm

patent portfolios (2005–2019), we track export transactions by firm, product, destination,

and patent protection status. Green products and patents are classified using OECD and

WIPO taxonomies. We test mechanisms through three sources of variation: within-firm

differences in patent protection across destinations, exogenous exchange rate shocks, and

destination-specific environmental policy stringency captured by the OECD EPS index, con-

trolling for firm capabilities, product characteristics, and destination market conditions using

high-dimensional fixed effects.

Unpatented green products face a price-quantity tradeoff: they command higher unit

values but achieve substantially lower export quantities, resulting in net revenue penalties.

They exhibit amplified exchange rate sensitivity, consistent with the structural margin con-

straints that penalize green products relative to conventional ones. Patent protection reverses

these patterns: patent-protected green products generate higher export quantities and rev-

enues while retaining most of the unit value premium. This quantity expansion is equivalent

for non-green and green patents, indicating that the benefits of patent protection do not

depend on the environmental content of the underlying innovation. Exchange rate shocks

reveal that patent protection partially mitigates the pricing constraints of green products.

Increased stringency of destination environmental policy primarily expands green product

exports through quantities rather than prices, attenuating but not eliminating the baseline

disadvantages of unpatented green products.
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These findings clarify that the structural margin constraints penalizing green products

relative to conventional ones impose competitive disadvantages that price premia alone can-

not overcome. Patent protection solves two distinct problems—appropriability and credibil-

ity—enabling green products to achieve scale.

Keywords: Green products; Patent protection; Export performance; Environmental innovation;

Exchange rate pass-through; Environmental policy stringency; International trade
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1 Introduction

The share of green products that is traded on international markets is increasingly, yet little

is known about their performance. Do green products earn price premiums large enough to

compensate for their higher production costs? Do they suffer from reduced volumes that threaten

their commercial sustainability? Under what circumstances do environmental innovations actually

generate a competitive edge? These issues are crucial for assessing whether and in what ways green

transitions can be driven by markets, but current research has been hampered by limited data

and methodological difficulties.

The lack of micro-level evidence is particularly striking given the policy importance of these

questions. Although consumers and investors are increasingly expressing preferences for envi-

ronmentally friendly products (Peattie, 2010; Kahn, 2007), substantial discrepancies may exist

between the stated preferences and the actual purchasing behavior. At the same time, firms and

policy makers often view environmental regulations as threats to competitiveness that disadvan-

tage domestic producers relative to foreign competitors (Porter, 1991; Porter and van der Linde,

1995). This tension has fueled decades of debate on the Porter hypothesis—the proposition that

stringent environmental regulations can spur productivity-enhancing innovation that offsets com-

pliance costs (Jaffe and Palmer, 1997; Ambec et al., 2013). However, existing empirical evidence

remains inconclusive. Mostly due to the lack of product-level data, empirical tests of the Porter

hypothesis have predominantly studied the implication of process innovation and examined ag-

gregate outcomes at the firm, industry, or country level (Ghisetti and Rennings, 2014; Fabrizi

et al., 2018; Shapiro and Walker, 2018), obscuring the product-level mechanisms through which

environmental attributes translate into market performance. Similarly, research on demand-side

factors has focused on consumers’ willingness to pay for greener products (Peattie, 2010; Kahn,

2007; Besley and Persson, 2023), but whether such stated preferences translate into market trans-

actions that can overcome the cost disadvantages of green production remains an open empirical

question.1

Standard economic theory provides clear predictions about the relationships between market

size, international trade, and innovation. Larger markets incentivize innovation by allowing firms

to spread fixed R&D costs over higher sales volumes, generating higher returns on innovation

activity (Acemoglu and Linn, 2004; Coelli et al., 2022; Aghion et al., 2024). When firms can pro-

tect their innovations through patents, they secure temporary market power that enables them

to recoup development costs through higher revenues (Kogan et al., 2017; de Rassenfosse et al.,

2022; Gong et al., 2025). This creates a virtuous circle in which innovation becomes economically

sustainable for private firms. However, green innovation faces distinct challenges beyond conven-

1 For broader reviews of environmental economics, innovation, finance, and consumer behavior perspectives, see
Starks (2023); Sautner et al. (2023); Stern and Valero (2021); Li et al. (2024); White et al. (2019); Compagnoni
et al. (2025). For a comprehensive review of environmental policy and innovation, see Popp (2019).
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tional innovation. Environmental improvements typically require costly investments in cleaner

technologies and production processes (Greenstone et al., 2012; Dechezleprêtre and Sato, 2017),

but the benefits often accrue in part as public goods—reduced pollution, mitigation of climate

change—that firms cannot fully appropriate (Jaffe et al., 2003; Popp et al., 2010). Moreover, green

products face credibility challenges: consumers struggle to verify environmental claims, creating

opportunities for “greenwashing” that undermine markets for genuine green innovation (Delmas

and Burbano, 2011). These features suggest that mechanisms such as patents, which facilitate the

appropriation of intellectual property, may play an especially important role for green products.

This is because they protect investments in costly environmental improvements and credibly signal

genuine innovation versus merely green-washing.

Recent work has begun to examine the intersection of environmental policy, innovation, and

international trade (Popp, 2019; Lovely and Popp, 2011), but a critical gap remains. We lack

systematic evidence on how green products perform in international transactions, particularly

whether environmental attributes translate into price premiums, quantity advantages, or both,

how patent protection affects this performance, and through what mechanisms environmental

innovations translate into competitive advantage or disadvantage. Investigating green premiums

at the product level has historically been constrained by data challenges, as national statistical

offices and private data providers were not originally designed to measure the environmental

footprint of economic activities, and standard industrial classifications do not align naturally with

environmental objectives (Alessi et al., 2019).

We address these challenges by combining three novel data sources for Italian exporters. First,

we employ highly disaggregated customs data observing export transactions at the firm-year-

destination-product level, where products are defined by six-digit Harmonized System (HS6) codes.

Second, we match patent applications with firms using ORBIS-IP concordances, a commercial

data set provided by the Van Dijk Bureau, obtain patent family information from PATSTAT,

and link patents to products using the probabilistic concordance developed by Lybbert and Zolas

(2014)—an approach that is increasingly used in recent research examining patent-product rela-

tionships (Wurlod and Noailly, 2018; de Rassenfosse et al., 2022; Gong et al., 2025). Third, we

exploit established green classifications for both patents (Haščič and Migotto, 2015) and products

(Steenblik, 2005) to distinguish green from non-green transactions among patented and unpatented

exports.

Our empirical strategy exploits three sources of variation to identify green premiums.

First, high-dimensional fixed effects (firm-country-product category, firm-product category-year,

country-year) absorb time-invariant bilateral relationships, product-specific supply shocks, and

destination-specific demand conditions. Following de Rassenfosse et al. (2022), we exploit within-

firm, within-product variation in patent protection across destinations to address the endogeneity

of patent filing: firms seek patents where they anticipate high revenues, but conditional on rich
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fixed effects, variation in patent coverage across markets is plausibly driven by legal procedures

and jurisdictional strategies rather than anticipated export performance in specific markets2. Sec-

ond, we exploit exogenous variation in real exchange rates between Italy and destination markets.

Exchange rate shocks provide exogenous variation in the relative prices that Italian exporters face

in foreign markets (Berman et al., 2012; Chatterjee et al., 2013; Bernard et al., 2015; Bolatto et al.,

2022). The extent to which firms pass through these shocks to export prices reveals the underlying

cost structure of green products. Third, we exploit the variation in destination-level environmental

policy stringency from the OECD Environmental Policy Stringency Index (EPS), which captures

the comprehensiveness and rigor of environmental regulations across countries and time (Kruse

et al., 2022). This allows us to test whether green products perform better in markets with stronger

environmental preferences or regulatory push (on the impact of regulations on “green” innovation

and firms’ performance, see, among others, Albrizio et al., 2017; Martinez-Zarzoso et al., 2019;

Ahmed, 2020; Wang et al., 2019).

Our empirical analysis establishes four main results. First, green products without patent

protection face a price-quantity trade-off: they command higher unit values than comparable

non-green products, but this premium is more than offset by substantially lower export quantities,

resulting in lower total export revenues. This pattern suggests that structural margin constraints,

or weaker demand-side compensation, prevent the unit value premium from offsetting the quantity

penalty. The quantity penalty is economically large and robust to restricting comparisons to

technologically similar product groups.

Second, patent protection reverses green product performance. Patent-protected green prod-

ucts achieve substantially higher export quantities and total revenues compared to unpatented

green products, while experiencing only modest compression of the unit value premium. This

quantity expansion is equivalent for non-green and green patents, indicating that the effect op-

erates independently of the environmental content of innovations. These patterns are consistent

with patents providing both appropriability (reducing imitation risk and enabling market invest-

ment) and signaling (reducing information asymmetries about product quality and environmental

performance).

Third, our analysis of exchange rate shocks reveals heterogeneous pricing-to-market across

green product types. Unpatented green products exhibit higher exchange rate pass-through rel-

ative to non-green products: under currency appreciation, green products cut prices by less and

experience substantially larger quantity losses, resulting in disproportionate declines in total ex-

port values. This pattern is consistent with the mechanism predicted by Berman et al. (2012)

and Chatterjee et al. (2013) for low-productivity products: margin constraints imposed by higher

production costs limit firms’ ability to adjust markups when currency movements change com-

2 As a matter of fact, de Rassenfosse et al. (2022) also establish a causual relation between patent protection and
performance at the firm-country-product level.
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petitive positions. Patent protection partially mitigates this sensitivity: patent-protected green

products exhibit lower exchange rate pass-through than unpatented green products, though the

decomposition into price versus quantity channels remains statistically inconclusive due to limited

sample size.

Fourth, destination environmental policy stringency expands green product exports primar-

ily through quantities rather than prices. Stricter environmental regulations raise green product

export quantities while compressing unit value premiums, yielding a net positive export value

effect. This demand expansion is substantially stronger for market-based instruments (carbon

taxes, emissions trading schemes) than for non-market regulations (technology bans, performance

standards), suggesting that price-based policies generate larger demand shifts by directly increas-

ing the relative cost of conventional alternatives. Moreover, the interaction between environmental

stringency and green patent protection reveals unexpected patterns: in highly regulated destina-

tion markets, green products protected by green patent achieve higher unit values but experience

lower volume growth, yielding an overall neutral or slightly negative performance effect. This

suggests that strict environmental policies fragment markets, enabling premium positioning for

certified innovations but constraining mass-market penetration.

These findings make two contributions to the literature. First, we provide the first systematic

evidence on green product performance in international trade at the transaction level, resolving

the longstanding debate about whether green attributes translate into competitive advantage or

disadvantage. This requires combining, for the first time at transaction scale, independently-

derived green classifications for products and patents, the former based on environmental end-use

lists, the latter on technological content, linked through a probabilistic patent-product concordance

(Lybbert and Zolas, 2014). Our results clarify that the answer depends on the innovative content

of the environmentally friendly goods: without patents, green products face cost-driven quantity

disadvantages; with patents, both quantities and revenues expand substantially.

Second, we extend the pricing-to-market literature (Berman et al., 2012; Chatterjee et al.,

2013; Bernard et al., 2015) by showing that environmental product characteristics generate mar-

gin constraints analogous to those of low-productivity products. Exchange rate pass-through

analysis reveals that green products are constrained in their pricing flexibility, exhibiting higher

pass-through rates than conventional products. Patent protection partially restores pricing flexibil-

ity, suggesting that innovation mitigates the green productivity penalty. Beyond appropriability,

this result points to a cost-reduction channel: patent-embodied innovations lower the elevated

marginal costs of green production—whether from specialized inputs, process complexity, or scale

constraints—thereby widening the markup margin available for price adjustment. This mecha-

nism provides micro-level evidence for a weak version of the Porter hypothesis: environmental

compliance imposes cost penalties, but the possibility to appropriate, even partially, returns from

innovation can reduce (though not eliminate) these penalties.
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From a policy perspective, these results indicate that green transitions face significant con-

straints. Patent protection solves two distinct problems for green products—appropriability (pre-

venting imitation of costly environmental innovations) and credibility (providing verifiable sig-

nals of genuine environmental improvement)—but this limits green transitions to products where

environmental attributes are patentable and where consumers value certified innovation. EPS

can expand green product markets, particularly through market-based instruments, though the

estimated marginal effects attenuate rather than eliminate the cost disadvantages or volume con-

straints faced by green products. Complementary policies that reduce green production costs or

expand demand beyond certification-responsive consumer segments may be necessary to achieve

broader market penetration. Moreover, the finding that green patents enable premium positioning

but constrain volume growth in highly regulated markets suggests that regulatory design matters:

policies that create large mass markets for basic environmental performance (e.g., technology bans,

minimum standards) may be more effective at driving scale than policies that reward incremental

quality improvements (e.g., eco-labeling, differentiated taxes).

The paper is structured as follows. Section 2 develops a theoretical framework adapting Chat-

terjee et al. (2013) to incorporate green productivity penalties and demand shifters from envi-

ronmental regulations. Section 3 describes the data construction, the green product and patent

classifications, and presents descriptive patterns. Section 4 reports the main empirical results on

green product performance, patent protection, exchange rate sensitivity, and environmental policy

interactions. Section 5 concludes.

2 Theoretical Framework

We develop a theoretical framework to understand how green products respond to exchange rate

fluctuations and destination-specific environmental regulations. Our framework imports the pric-

ing mechanism of Chatterjee et al. (2013), CES demand combined with local distribution costs

(Corsetti and Dedola, 2005) and heterogeneous firm productivity (Berman et al., 2012), producing

endogenous markups that vary with productivity and the real exchange rate. We retain the multi-

product structure of firms as the natural source of identifying variation, comparing patented to

unpatented products, and green to non-green products, within the same firm’s portfolio, but we do

not model portfolio choice (scope, ranking, entry/exit) structurally, as in Chatterjee et al. (2013).

Two novel features distinguish our setup: product-specific productivity differences arising from

environmental compliance costs, and destination-level regulatory demand shifters for green prod-

ucts. The core pricing mechanism follows directly: local distribution costs generate endogenous

markups that vary with firm productivity and the real exchange rate, producing heterogeneous

price and quantity responses to exchange rate shocks. For ease of notation, we suppress time

indices throughout the model derivation; equilibrium quantities are determined period-by-period
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given the exogenous variables, with time subscripts reintroduced in the empirical specification.

2.1 Demand Structure and Pricing

The representative consumer in the destination country c has CES preferences over a continuum

of differentiated products indexed by ϕ, with elasticity of substitution σ > 1:

Uc =

(
∫

X

xc(ϕ)
1−

1

σ dϕ

)
1

1−
1
σ

, (1)

where xc(ϕ) denotes consumption of product ϕ in country c and X is the set of traded products.

This CES preference structure generates product demand:

xc(ϕ) = YcP
σ−1

c

(

pc(ϕ)τc
εc

+ ηcwc

)

−σ

, (2)

where Yc is destination income, Pc is the aggregate price index, pc(ϕ) is the producer price set by

the Italian exporter (in euros), τc > 1 is the iceberg transport cost, εc is the nominal exchange

rate (euros per unit of destination currency), and ηcwc captures per-unit local distribution costs

incurred in the destination market measured in destination currency. These distribution costs

encompass all expenses associated with delivering the product to customers after it leaves Italy,

including warehousing, wholesale and retail markups, and last-mile delivery.

We define the real exchange rate between Italy and the destination c as the ratio of Italian

wages to the destination wages expressed in common currency. This wage-based convention is

dictated by the model: it is the natural ratio appearing in the markup formula (equation 6),

since production costs are in Italian labor while local distribution costs are in destination labor.

Empirically, we use PPP-adjusted bilateral real exchange rates as a proxy, following the convention

of Berman et al. (2012); Chatterjee et al. (2013), who use CPI-deflated rates.

q−1

c = RealFXc ≡
w

εcwc

, (3)

where w is the Italian wage, wc is the destination wage, and εc is the nominal exchange rate.

An increase in RealFXc represents a real appreciation of the euro, making Italian exports more

expensive in foreign markets.3

Each Italian firm is characterized by its productivity θ drawn from a common distribution

with bounded support. Firms can export multiple products to each destination. Following the

standard convention in the heterogeneous-firms trade literature (Melitz, 2003; Chatterjee et al.,

3 This convention is the inverse of that used in Chatterjee et al. (2013), where qc ≡ wcεc/w and increases represent
depreciations of the exporter’s currency. The economic mechanisms we derive are identical under either conven-
tion; only the sign interpretations differ. In our empirical specification, negative coefficients on RealFXcy indicate
that appreciation reduces export performance, which is equivalent to positive coefficients on qc in Chatterjee et al.
(2013) indicating that depreciation increases exports.
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2013), each variety is identified by the productivity used to produce it, so the symbol ϕ that indexes

varieties also denotes effective productivity. The productivity of a firm with core productivity θ in

producing a specific product ϕ for destination c is firm-product specific and depends on whether

the product is green or non-green (discussed in the next subsection). Firms employ one unit of

Italian labor to produce ϕ units of any variety, incurring wage costs w per unit of labor.

The consumer price of product ϕ, denoted p̃c, combines the c.i.f. price (cost, insurance, freight)

and local distribution costs:

p̃c =
pc(ϕ)τc

εc
+ ηcwc, (4)

where pc(ϕ) is the f.o.b. producer price set by the Italian firm. Firms face a fixed cost Fc to access

destination c, which is the same for all firms and products and depends only on the destination.

Operating profits for a firm-product pair with productivity ϕ exporting to country c are given by:

πc(ϕ) =

(

pc(ϕ)−
w

ϕ

)

xc(ϕ)τc − Fc. (5)

Maximization of profit for each product, following Chatterjee et al. (2013), leads to producer

price:

pc(ϕ) =
σ

σ − 1

(

1 +
ηcqcϕ

στc

)

w

ϕ
= mc(ϕ)

w

ϕ
, (6)

where the markup mc(ϕ) exceeds the standard monopolistic competition markup σ/(σ − 1) due

to the presence of local distribution costs. Critically, this markup is endogenous to both the

real exchange rate and firm-product productivity. A more productive firm-product pair (higher

ϕ) charges a higher markup because production costs account for a smaller share of the final

consumer price, making the perceived demand elasticity lower4.

The perceived demand elasticity facing the firm can be written explicitly as:

∣

∣

∣

∣

∂ ln xc

∂ ln pc

∣

∣

∣

∣

= σ

(

1−
ηcwc

ηcwc +
pcτc
εc

)

. (7)

When the real exchange rate appreciates (RealFXc increases), the f.o.b. price pcτc/εc rises relative

to distribution costs ηcwc, making demand more elastic. Conversely, depreciation makes demand

less elastic, allowing firms to raise markups. This channel linking exchange rates to markups

through distribution costs, developed in Chatterjee et al. (2013), is central to the pricing-to-

market literature and generates heterogeneous price responses across firms and products.

4 Similarly, a real depreciation (decrease in RealFXc, increase in RealFX−1

c ) raises the relative importance of local
distribution costs in the consumer price, also reducing the perceived elasticity and allowing firms to increase
markups.
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2.2 Green Products and the Productivity Penalty

We now introduce heterogeneity between green and non-green products. Let gfp ∈ {0, 1} denote

whether product p in firm f ’s portfolio is classified as green, with gfp = 1 indicating a green

product according to the OECD Environmental Goods list. The effective productivity for firm f ’s

product p is:

ϕp(θf ) = δfp · θf , (8)

where δfp is a firm-product specific productivity shifter. For non-green products, we normalize

δfp = 1 when gfp = 0, so that productivity equals the firm’s core productivity θf . For green

products, we specify:

δfp = δ0 + β · 1[Innovationfp], with δ0 < 1, β > 0, (9)

where 1[Innovationfp] is an indicator variable equal to one if firm f ’s product p is covered by at

least one active patent, and zero otherwise.

The parameter δ0 < 1 captures what we term the green productivity penalty. This penalty

reflects that compliance with environmental standards raises marginal costs in the absence of

offsetting innovation premia. Green products must satisfy material restrictions (e.g., RoHS com-

pliance banning lead, mercury, and other hazardous substances), energy efficiency requirements

(e.g., minimum efficiency standards for appliances and equipment), emissions limits (e.g., Euro

emissions standards for vehicles), and lifecycle management obligations (e.g., WEEE directives

requiring take-back and recycling). These requirements increase production complexity, restrict

input choices, and often require more expensive materials and production processes. The em-

pirical literature on environmental regulation has consistently documented such cost increases.

For example, Jaffe et al. (1995) survey early evidence showing that pollution abatement expen-

ditures increase production costs, while Greenstone (2002) demonstrate that the Clean Air Act

Amendments imposed substantial compliance costs on U.S. manufacturing plants.

The parameter β > 0 captures how product-specific patent protection mitigates this penalty.

Our use of product-level patent protection is consistent with the resource-based view of environ-

mental strategy (Hart and Ahuja, 1996), which emphasizes that competitive advantage from envi-

ronmental compliance arises from product-specific capabilities rather than firm-wide resources. It

is also supported by empirical work showing that innovation in clean technologies is highly specific

to particular products and production processes (Popp, 2002). More broadly, patents have been

found to be productivity-enhancing at the firm and industry level, including for environmental

technologies. By using product-level patent protection, we identify the direct effect of techno-

logical innovation on green product productivity, holding constant all other firm characteristics

through firm-year fixed effects.
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Importantly, we measure patent protection as a binary indicator of whether the product is

covered by at least one active patent, consistent with standard approaches in the innovation

literature (Kline et al., 2019; de Rassenfosse et al., 2022; Gong et al., 2025). This captures the

relevant variation between products with and without technological solutions to environmental

compliance

Our formulation is consistent with a weak version of the Porter Hypothesis (Porter and van der

Linde, 1995; Ambec and Lanoie, 2008), which posits that environmental regulations can spur

productivity-enhancing innovation. We allow innovation to reduce but not eliminate the green

cost penalty: even for patent-protected products, δ0 + β may remain below unity, implying that

green products are still less profitable at the margin than non-green products. This aligns with

the mixed empirical evidence on the Porter Hypothesis, which finds that while innovation can

partially offset regulatory costs, it rarely generates net cost advantages (Ambec et al., 2013).

2.3 Exchange Rate Elasticity and Innovation

The presence of the green productivity penalty has direct implications for how green products

respond to exchange rate shocks. Substituting ϕp(θf ) into the pricing equation yields the producer

price for green products:

pc,gfp(θf ) =
σ

σ − 1

(

1 +
ηcqcδp(θf )θf

στc

)

w

δp(θf )θf
. (10)

The producer price elasticity with respect to the real exchange rate is:

∂ ln pc,gfp
∂ lnRealFXc

= −
∂ ln pc,gfp
∂ ln qc

= −
ηcqcϕp(θf )

στc + ηcqcϕp(θf )
. (11)

This elasticity is negative under our sign convention (prices fall when the euro appreciates) and

its magnitude is strictly increasing in productivity ϕp(θf ). More productive firm-product pairs

adjust prices in domestic currency more aggressively in response to exchange rate movements (so

that their exchange rate pass-through is lower) because a lower share of the consumer price is

determined by the producer price rather than distribution costs, making the perceived demand

elasticity lower and giving firms greater scope to adjust markups.

For green products with lower productivity due to δ0 < 1, the elasticity magnitude is smaller:

∣

∣

∣

∣

∂ ln pc,gfp=1

∂ lnRealFXc

∣

∣

∣

∣

<

∣

∣

∣

∣

∂ ln pc,gfp=0

∂ lnRealFXc

∣

∣

∣

∣

. (12)

This implies that green products exhibit less price adjustment and hence less quantity adjustment

to exchange rate shocks. Since export values combine price and quantity effects, green products

will show lower export value elasticity to real depreciations. This is our first key prediction: the

green productivity penalty translates into dampened responsiveness to exchange rate movements,
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making green products less sensitive to the competitive effects of currency fluctuations.5

Patent protection mitigates this effect. For products with 1[Innovationfp] = 1, green product

productivity is higher due to β > 0, which increases the magnitude of the price elasticity:

∣

∣

∣

∣

∂ ln pc,gfp=1

∂ lnRealFXc

∣

∣

∣

∣

Innovationfp=1

>

∣

∣

∣

∣

∂ ln pc,gfp=1

∂ lnRealFXc

∣

∣

∣

∣

Innovationfp=0

. (13)

This constitutes our second key prediction: product-specific patent protection increases the ex-

change rate responsiveness of green products, partially restoring the pricing flexibility.

The mechanism operates as follows. When the euro appreciates (increase in RealFXc), the

consumer price in foreign markets would mechanically rise due to the exchange rate movement.

Firms respond by cutting producer prices to partially offset this and preserve competitiveness.

High-productivity firms can cut producer prices more because their lower marginal costs provide

greater room to compress margins while remaining profitable. This price cutting allows them to

stabilize consumer prices more effectively, thereby preserving or even expanding market share and

export volumes. Low-productivity green products cannot cut prices as aggressively because their

higher marginal costs leave less room for margin compression. Consequently, their consumer prices

rise more when the euro appreciates, leading to larger volume losses.6 Patent protection partially

reverses this disadvantage by lowering green product marginal costs through higher productivity

(β > 0), enabling more aggressive producer price cuts and better preservation of export volumes

following exchange rate shocks

2.4 Environmental Regulations and Demand Expansion

We now introduce destination-level environmental policy stringency as a demand shifter for green

products. Let EPSc denote a composite index of environmental regulations in country c, ranging

from zero (no regulation) to six (maximum stringency). We standardize this index to have mean

zero and unit variance across destinations and years. Environmental regulations expand demand

for green products through two distinct but complementary channels.

The first channel is regulatory market access. Stringent environmental standards create de

facto barriers to non-green products while simultaneously facilitating green product entry. This

operates through mechanisms such as public procurement policies that favor eco-labeled products,

5 The producer-price elasticity in equation (11) and the consumer-price pass-through move in opposite directions:
a smaller producer-price adjustment leaves more of the mechanical FX translation to consumers. Equivalently,
green products’ lower producer-price elasticity to FX corresponds to higher consumer-price pass-through and
larger quantity adjustments—the pattern tested empirically in Section 4.

6 Conversely, when the euro depreciates (decrease in RealFXc), consumer prices in foreign markets mechanically fall
due to the exchange rate movement. High-productivity firms can increase producer prices more aggressively while
still maintaining competitive consumer prices, exploiting the depreciation to expand margins. Low-productivity
green products have less room to increase producer prices because their higher marginal costs already compress
margins.
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emissions standards that effectively ban high-polluting variants, energy efficiency labeling require-

ments that steer consumers toward efficient products, and producer responsibility obligations that

increase the cost of marketing non-green products. Dechezleprêtre and Sato (2017) document

extensive evidence of such regulatory demand effects in the context of clean technology diffusion.

The second channel is preference shifts induced by market-based instruments and information

disclosure. Carbon taxes and emissions trading systems raise the relative price of carbon-intensive

products, increasing the attractiveness of green substitutes. Mandatory eco-labeling and energy

efficiency disclosure requirements reduce information asymmetries, allowing environmentally con-

scious consumers to identify and select green products. These policies operate not by banning

non-green alternatives but by shifting the distribution of consumer willingness to pay toward

environmentally friendly options. Popp (2019) surveys evidence on how environmental policy

instruments affect technology adoption through both regulatory and preference channels.

We model these demand effects by introducing a product-specific demand weight Ωgfp(EPSc)

that enters the utility function multiplicatively:

Uc =

(
∫

X

[

Ωgfp(EPSc) · xc(ϕ)
]1−

1

σ dϕ

)
1

1−
1
σ

. (14)

For non-green products, Ωgfp=0(EPSc) = 1, so that environmental policy stringency has no direct

demand effect. For green products, we specify:

Ωgfp=1(EPSc) = exp(γ · EPSc), γ > 0. (15)

The exponential functional form captures the idea that environmental policy stringency has a

multiplicative effect on green product demand, shifting the entire demand curve outward rather

than changing its slope. The parameter γ measures the elasticity of green product demand to

regulatory stringency.

This demand weight transforms the demand function for green products to:

xc,gfp=1(ϕ) = exp (γ(σ − 1) · EPSc) · YcP
σ−1

c

(

pc(ϕ)τc
εc

+ ηcwc

)

−σ

. (16)

The elasticity of green product demand with respect to environmental policy stringency is:

∂ ln xc,gfp=1

∂EPSc

= γ(σ − 1) > 0. (17)

This demand expansion operates primarily through quantities rather than through changes in

the price elasticity of demand (which remains σ) or through willingness-to-pay adjustments at

given quantity. The distinction is important: environmental regulations make green products

more attractive by expanding their addressable market, not by making consumers willing to pay

premium prices for the same quantity.
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Firms respond to this demand shift through the optimal pricing rule derived earlier. Because

the demand weight Ωgfp=1(EPSc) enters multiplicatively, it shifts the demand curve outward by

a constant factor at every price, leaving the perceived demand elasticity—and hence the optimal

markup mc(ϕ)—unchanged. The first-order pricing condition therefore implies that producer

prices are invariant to environmental policy stringency. Consumer prices in destination currency

inherit the same invariance, since they combine an unchanged producer price with unchanged

distribution costs.

The entire response to environmental policy stringency therefore operates through quantities,

with the elasticity γ(σ − 1) derived above. Export revenue rises one-for-one with quantities,

since prices are constant. Unit values, defined at the firm level as export revenue divided by

quantity, coincide with the producer price and are therefore unaffected by EPS at this level of the

model. This generates our third key prediction: environmental policy stringency increases green

product exports through quantity expansion alone, with no first-order effect on producer prices,

consumer prices, or unit values. Empirically, any small deviations from this benchmark plausibly

reflect second-order forces outside our model, such as within-HS6 composition whereby regulatory

pressure shifts the product mix toward higher-volume, lower-priced variants.

The composite EPS index aggregates regulatory instruments operating through distinct eco-

nomic channels: market-based instruments such as carbon taxes and emissions trading systems,

command-and-control regulations such as technology bans and performance standards, and tech-

nology support policies such as R&D subsidies and green public procurement. These channels

need not generate identical demand responses, so the parameter γ may vary across instrument

types. The model does not derive a specific ranking, but the heterogeneity is an empirical question

we examine in the results.

2.5 Summary and Empirical Implications

The theoretical framework delivers three testable predictions that guide our empirical analysis.

First, green products exhibit lower export price elasticity to real exchange rate movements than

non-green products, implying a lower level of pricing-to-market at the export price level, reflecting

the green productivity penalty that constrains pricing flexibility. Second, product-specific patent

protection partially mitigates this effect, increasing the exchange rate responsiveness of green prod-

ucts. Third, destination environmental policy stringency increases green product exports through

quantity expansion, with no first-order effect on producer prices or unit values; the magnitude of

this demand response may vary across regulatory instruments, an issue we examine empirically.

These predictions inform our empirical specifications in Section 4. Throughout the empirical

analysis, we include comprehensive fixed effects—firm-country-product, firm-product-year, and

country-year—to control for time-invariant firm-destination-product heterogeneity, product-year

specific supply shocks, and destination-year specific demand shocks. Identification comes from
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within-firm, within-product, within-destination variation interacted with time-varying exchange

rates and environmental policy stringency.

3 Data and Descriptive Evidence

3.1 Dataset Construction and Variable Definitions

We construct our dataset by integrating five primary data sources: transaction-level export

records, firm-level patent applications, environmental classifications for products and patents,

destination-country environmental policy indicators, and bilateral exchange rates and other

destination-specific macroeconomic variables. This subsection describes each component and the

key variables derived from them.

Export Transaction Data. Export data come from the Italian Customs Agency’s Commercio

Estero (COE) register, which records the universe of export transactions by Italian firms from

2005 to 2019. Each transaction reports: the exporting firm identifier, the six-digit Harmonized

System (HS6) product code, the destination country (ISO 2-character code), the transaction value

in euros, the quantity shipped (in kilograms or units depending on the product), and the year and

month of the transaction.

We harmonize product codes to the HS 2002 vintage using the World Bank WITS concordance

tables7, ensuring consistent product definitions across the sample period despite HS revisions in

2007, 2012, and 2017. We restrict the sample to firms that have filed at least one patent during

the sample period, yielding a final dataset of 5,157,273 firm-product-destination-year observations

across 5,345 unique HS6 product codes and 117 destination countries.8

Patent Data. Patent data are drawn from ORBIS Intellectual Property (ORBIS-IP). We ex-

tract all patent families filed by Italian firms with priority dates from 1995 onward, ensuring

sufficient pre-sample history to construct patent stocks. ORBIS-IP provides: patent family iden-

tifiers, application and priority dates, technological classification codes (IPC and CPC at the

subclass and subgroup levels), geographical coverage (list of jurisdictions where patents belonging

to the same family are filed), and bibliometric indicators including forward citations and family

size.

7 https://wits.worldbank.org/product_concordance.html
8 The restriction to patent-holding firms is motivated by the subsequent analyses in Section 4, which require

matching export transactions to product-specific patent protection across destinations. Since patenting and
non-patenting firms differ systematically in export behavior (see among the many others Cohen, 2010; Griliches,
1990), pooling them would introduce uncontrolled heterogeneity into baseline estimates. Importantly, the green
product premium estimated here does not itself involve patent variables, and the pattern replicates closely on the
full universe of Italian exporters—with qualitatively identical and quantitatively similar magnitudes—confirming
it is not an artifact of sample selection. Full-sample results are in Appendix D.
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Following de Rassenfosse et al. (2022), we use patent applications rather than grants, since: (i)

pending applications provide interim legal protection in most jurisdictions; (ii) many products are

commercialized during the examination period; and (iii) grant outcomes are endogenous to appli-

cant prosecution strategies. For each firm-destination-product-year combination, we construct a

ten-year patent stock counting all patent families with priority years in the window (t− 9, t) that

cover both the destination market (through at least one family member filed in that jurisdiction)

and the product category (through IPC-HS6 concordance, described below). A binary indicator

(DPat) equals one if the patent stock is strictly positive, zero otherwise.

As a preliminary validation, we replicate here for Italy the core export–patent protection

results shown in de Rassenfosse et al. (2022) for France. The results, reported in Appendix H, are

comparable and support our empirical approach.

Green Product Classification. We classify products as environmentally beneficial (green)

based on international policy lists that identify goods contributing to environmental protection or

climate change mitigation. Specifically, we define a product as green if its HS6 code appears in

the union of: (i) the WTO Core List of environmental goods negotiated during the Doha Round

(WTO, 2001); (ii) the OECD Combined List of Environmental Goods, which merges the 1999

Illustrative Product List and the 2014 Custom Products List (OECD, 1999); and (iii) the APEC

List of Environmental Goods adopted in 2012 (APEC, 2012). This approach, following Mealy

and Teytelboym (2022), ensures robustness by including only products that have received expert

endorsement from multiple international organizations and policy processes. The resulting classi-

fication covers 300 distinct HS6 codes spanning categories such as air pollution control equipment,

wastewater management technologies, renewable energy components, solid waste processing ma-

chinery, and environmental monitoring instruments.9 This classification is inherently broad at the

HS6 level: many codes capture environmental goods only partially because the 6-digit nomen-

clature aggregates products with different end uses under common headings, including catch-all

(n.e.s.) categories that mix green and non-green items. We treat the resulting measurement error

as classical and address it through the multiple specifications described in Section 4.

Green Patent Classification. We identify green patents using the WIPO IPC Green Inven-

tory, which maps International Patent Classification (IPC) codes to Environmentally Sound Tech-

nologies (ESTs) as defined by the United Nations Framework Convention on Climate Change.10

The inventory classifies patents into seven environmental domains: alternative energy produc-

tion, transportation, energy conservation, waste management, agriculture/forestry, administra-

tive/regulatory technologies, and nuclear power. Following Haščič and Migotto (2015), we classify

9 We provide detailed documentation of the green product list, including concordance to HS2 chapters and envi-
ronmental technology categories, in Appendix B.

10 https://www.wipo.int/classifications/ipc/green-inventory/home
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a patent family as green if any of its IPC codes (at the subclass or subgroup level) appears in the

Green Inventory, excluding low-carbon transitional categories as Nuclear (G21B, G21C, G21D)

and Petroleum refining (C10G) technologies.

Environmental Policy Stringency. To capture cross-country variation in environmental reg-

ulation and preferences, we use the OECD Environmental Policy Stringency (EPS) index, which

quantifies the comprehensiveness and rigor of environmental and climate policies across countries

and time (Kruse et al., 2022). The index aggregates 14 policy instruments spanning market-based

regulations (carbon taxes, emissions trading schemes, feed-in tariffs for renewables), non-market

regulations (emission limits, technology standards, diesel fuel sulfur limits), and technology sup-

port policies (R&D expenditure, renewable energy support), each scored on a 0–6 scale reflecting

stringency.

We download the raw EPS data from the OECD Statistics Portal and consider four stringency

measures for each destination country-year: (i) the aggregate index across all instruments (EPS);

(ii) EPSmarket capturing only market-based instruments; (iii) EPSnon-market capturing only non-

market regulations; and (iv) EPSTechSupp measuring government support for environmental R&D

and technology deployment. All these indices are standardized to favour intepretability of the

results when used in the main estimations.

Coverage spans 38 countries (primarily OECD members plus major emerging economies) from

1990 to 2019, but with substantial heterogeneity: earlier years have sparse coverage for non-

OECD countries, and some policy instruments begin measurement only in the mid-1990s. Within

our 2005–2019 export sample, EPS data are available for 58.8% of transactions by count and

74.4% by value. The reduction in transaction coverage relative to value coverage reflects the

exclusion of several important non-OECD destinations for which EPS data are unavailable. The

ten largest excluded destinations by export value share are: United Arab Emirates (2.17%), Saudi

Arabia (1.96%), Algeria (1.74%), Hong Kong (1.72%), Egypt (1.45%), Singapore (1.17%), Tunisia

(1.10%), Serbia (0.79%), Malaysia (0.78%), and Taiwan (0.78%).

Exchange Rates. Bilateral exchange rates between Italy (euro) and destination countries pro-

vide plausibly exogenous shocks to exporters’ competitiveness in foreign markets. We construct

real exchange rates using nominal rates and purchasing power parity (PPP) adjustments, follow-

ing standard practice in the pricing-to-market literature (Berman et al., 2012; Chatterjee et al.,

2013).

Nominal exchange rates (local currency units per euro) are obtained from the European Central

Bank’s Euro Foreign Exchange Reference Rates, which report daily rates for 31 actively traded

currencies against the euro.11 We compute annual averages by taking the mean of daily rates

11 https://www.ecb.europa.eu/stats/eurofxref
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within each year. For eurozone members, the exchange rate is mechanically fixed at 1.0 from their

euro adoption date onward. PPP conversion factors (local currency units per international dollar)

are obtained from the World Bank World Development Indicators, specifically the series “PPP

conversion factor, GDP (LCU per international $)”.12 These factors adjust for cross-country dif-

ferences in price levels, ensuring that exchange rate variation reflects relative price competitiveness

rather than nominal accounting.

Exchange rate data (excluding eurozone destinations with mechanically fixed rates) cover

55.4% of transactions by count and 68.6% by value in our 2005–2019 exporters-with-patents

sample. The lower transaction coverage relative to value coverage reflects both the exclusion

of eurozone trading partners and the absence of exchange rate data for several non-eurozone des-

tinations. The ten largest excluded destinations by export value share of the dataset including all

exporters-with-patents are: Germany (2.67%), France (2.58%), United Arab Emirates (2.17%),

Saudi Arabia (1.96%), Algeria (1.74%), Egypt (1.45%), Spain (1.28%), Tunisia (1.10%), Serbia

(0.79%), and Taiwan (0.78%). The excluded non-eurozone destinations are absent because their

currencies are not covered by the ECB reference rates: Gulf currencies (UAE, Saudi Arabia)

operate under US dollar pegs and are not independently quoted by the ECB, while the remain-

ing currencies (Algeria, Egypt, Tunisia, Serbia, Taiwan) are not actively traded on international

markets at the scale required for ECB coverage.

Gravity and Product-demand Variables. To control for destination market size and

product-specific demand conditions, we incorporate two additional data sources. First, we con-

struct standard gravity model controls using data from the World Bank World Development

Indicators: GDP (current US dollars), GDP per capita.

Second, we construct product-destination-year specific demand shifters using bilateral trade

data from CEPII-BACI, which harmonizes UN Comtrade data to HS 2002 classification and pro-

vides worldwide imports and exports by product, origin, and destination.13. For each destination

country c, HS6 product p, and year t, we compute total imports from all origins excluding Italy,

yielding a measure of market size unaffected by Italian firms’ strategic choices. The demand index

is defined as:

DemandIndexcpt = ln(1 + Importsexcl. Italy
cpt ) (18)

This variable captures destination-product-year specific demand shocks while avoiding reverse

causality from Italian export performance.

Additional Control Variables. We create several derived variables to facilitate empirical spec-

ifications. Product categories are defined at multiple aggregation levels: HS2 chapters, HS4 head-

12 https://data.worldbank.org/indicator/PA.NUS.PPP
13 https://www.cepii.fr/CEPII/en/bdd_modele/bdd_modele_item.asp?id=37
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ings, and the full HS6 code. For a subset of the green products, we additionally construct “techno-

logical similarity groups” that link each green HS6 code to technologically similar non-green codes

based on product descriptions.14

Table 10 in Appendix A summarizes the key variables and their sources.

Patent-to-Product Cross-walk. Linking patents to products requires mapping the techno-

logical space (IPC codes) to the product space (HS6 codes). We first match patents to firms

using common identifiers, then associate a firm’s patent applications in a given destination with

the exports of that firm to that destination. To link at the firm–product level, we use the ALP

crosswalk of Lybbert and Zolas (2014), extended by Goldschlag et al. (2020), which provides a

probabilistic mapping between HS 2002 at 6 digits and IPC at the subclass (4-character) level.15

Using this crosswalk, we assign to each HS6 product the set of IPC subclasses and their associated

probabilities, thereby connecting firm–product export records to the firm’s patent applications.

Given this many-to-many mapping structure—a single IPC subclass can relate to multiple HS6

products, and a single HS6 product can relate to multiple IPC subclasses (see Figure 1)—we adopt

a permissive linking rule: a patent family is considered to cover a product if the product’s HS6

code has positive concordance probability with any of the patent’s IPC subclasses. This generates

a binary product-level protection indicator conditional on the firm holding relevant patents.

Two considerations follow:

1. Independence of green classifications: Green patents and green products are classified

independently of the patent–product link: patents by technological content (using IPC Green

Inventory), products by environmental use (using WTO, OECD, and APEC lists). Because

green patents and green products are classified independently, their labels do not necessarily

coincide. As a result, even under perfect IPC–HS concordance, a green patent can be

embodied in non-green products.

2. Aggregation mismatch: The concordance operates at IPC subclass (4-character) to HS6,

while green patent labels often sit at finer IPC levels (main groups or subgroups). Thus

a 4-character IPC may include both green and non-green subgroups, implying that green

patents can be probabilistically linked to non-green products (and viceversa) through their

parent subclass.

14 The matching is performed manually by examining HS6 product descriptions and grouping green products
with conventional alternatives that share similar production processes, end-uses, or input requirements. We
acknowledge this classification involves subjective judgment. To facilitate scrutiny and enable alternative group-
ings, we provide the complete mapping in an online interactive tool at https://sites.google.com/view/

angelocuzzola/green-products-and-tech-similarity. This variable serves only as a robustness control in
Panel B of Table 4, while our main results rely on HS4 fixed effects rather than these custom groupings. The
complete classification is documented in Appendix C.

15 For a recent application of the concordance in the context of international transaction and green innovation, see
also Wurlod and Noailly (2018); Gong et al. (2025).
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Figure 1: Many-to-many probabilistic linking between patents and products.
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Note: Green patents and green products are identified independently through their respective classification

systems. The probabilistic weights from the Lybbert and Zolas (2014) concordance create multiple potential

matches between patents and products.

Our empirical strategy addresses the matching uncertainty outlined above through multiple

specifications. We estimate: (i) green product premium irrespective of patent status; (ii) patent

protection effects irrespective of green status; and (iii) interactions of green products with green

patent protection as our strictest test of green innovation effects. By requiring both green product

classification and destination-specific green patent protection in (iii), we reduce noise from classi-

fication and concordance coarseness. Moreover, throughout the paper, we consider a transaction

green-protected if the portfolio of active patents protecting that transaction includes at least a

25% share of green patents. We discuss the rationale of this choise in the Appendix F.

3.2 Green Products in International Markets

We begin by documenting aggregate patterns that motivate our empirical strategy. Figure 2

presents the decomposition of Italian export transactions and values across green product status

and patent protection. Green products account for 21.4% of export transactions and 16.9% of

export value, indicating their substantial presence in international trade. However, patent pro-

tection—our key measure of appropriability—covers only 3.6% of transactions (5.3% by value).

Among patented transactions, green patents represent 14.2% by count and 19.4% by value. The

intersection of green products and green patents, though small in transaction counts (0.5%), ac-

counts for economically meaningful export values (1.0%).

Products composition The value of green exports for Italian innovators concentrate heavily in

capital-intensive machinery sectors. Table 1 reports the distribution of green products and export

values across HS2 chapters. Chapter 84 (nuclear reactors, boilers, machinery, and mechanical

appliances) dominates with 66.9% of green export value, despite representing only 74 of the 249
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Figure 2: Transaction and exported value shares across product and patent categories
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green HS6 codes in the sample. Chapter 85 (electrical machinery and equipment) contributes an

additional 9.1%, while Chapter 90 (optical and measuring instruments) accounts for 5.7%. To-

gether, these three machinery-intensive chapters represent over 80% of green export value. This

industrial concentration reflects the technological nature of environmental innovations—pollution

control equipment, renewable energy components, waste management systems—which are pre-

dominantly machinery-embodied. Notably, while Chapter 87 (vehicles) represents 10.8% of total

Italian exports, it accounts for only 1.9% of green exports, underscoring the distinct sectoral profile

of environmental technologies.

Table 1: Green HS6 codes and export shares by HS2 chapter

HS6 Codes Share (%)

HS2 Chapter Description All Green
Green
Export

Total
Export

Green
Trans.

84 Nuclear reactors, boilers, machinery 511 74 66.9 31.3 39.4
85 Electrical machinery and equipment 284 40 9.1 7.5 13.4
90 Optical, measuring instruments 206 49 5.7 4.4 7.1
73 Articles of iron or steel 121 22 5.8 3.0 5.3
39 Plastics and articles thereof 126 10 4.4 2.9 6.9
87 Vehicles other than railway 76 15 1.9 10.8 3.2
86 Railway locomotives, rolling stock 22 21 1.8 0.3 0.1
28 Inorganic chemicals 172 18 0.2 0.5 0.5

Notes: The table reports the distribution of green HS6 products across HS2 chapters. Green products are
defined using OECD ENV-TECH classifications. “All HS6” counts total products within each chapter; “Green
HS6” counts products classified as green. “Green Export Share” reports each chapter’s percentage of total
green export value; “Total Export Share” reports each chapter’s percentage of overall Italian exports; “Green
Trans.” reports each chapter’s percentage of green export transactions. Chapters are ordered by green export
share (descending). The chapter-level distribution reflects the composition of the OECD/APEC/WTO green-
product lists at the HS6 level. Export values and transactions are aggregated over 2005–2019. Sample: all
Italian export transactions.

Destinations Table 2 reports destination-specific statistics for the top 10 destinations to which

Italian patent-holding firms ship their exports, ranked by total export share, together with each

destination’s share of green exports, environmental policy stringency (EPS), and real exchange rate

variation. The United States is the largest destination (18.1% of total exports in this sample) and

also receives the largest share of green exports (14.1%); China, Russia, and Turkey follow as large

destinations for Italian green exports (8.1%, 5.7%, and 5.1% of green export value respectively).

These destinations exhibit considerable variation in mean EPS levels (from 0.53 in Brazil to 3.89

in France) and substantial time-series variation in policy stringency (within-country standard

deviations between 0.11 and 0.90).

EPS data coverage is comprehensive for high-income destinations but incomplete for emerging

markets. EPS indices are available for 13 of the top 20 destinations, representing 74.4% of export
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value in our estimation sample. Missing observations occur primarily for Gulf states (UAE, Saudi

Arabia), North Africa (Algeria, Egypt), and Hong Kong. Exchange rate data exhibit similar

coverage patterns, available for non-eurozone destinations representing 68.6% of export value.

Notably, exchange rates display substantial variation: the Swiss franc averaged 0.95 against the

euro with standard deviation 0.06, while emerging market currencies show larger fluctuations

(China: mean 2.42, SD 0.60; Russia: mean 2.64, SD 0.33; Turkey: mean 2.53, SD 0.45). The

exclusion of eurozone destinations (Germany, France) from exchange rate analysis sacrifices some

coverage but eliminates mechanical zeros, allowing us to identify price responsiveness from genuine

currency fluctuations.

Table 2: Top 10 Destinations of Italian Exports

Export Statistics
Environmental
Policy (EPS)

Real Exchange
Rate (RealFX)

ISO Country
Total
Share

%

Green
Share

%

Mean SD Mean SD

US United States 18.1 14.1 2.32 0.54 1.26 0.11
CH Switzerland 7.0 3.0 3.54 0.68 0.95 0.06
CN China 6.5 8.1 2.10 0.90 2.42 0.60
TR Turkey 5.6 5.1 2.27 0.60 2.53 0.45
RU Russia 4.4 5.7 0.89 0.23 2.64 0.33
BR Brazil 2.8 2.9 0.53 0.28 1.80 0.20
DE Germany 2.7 1.5 3.09 0.11 – –
FR France 2.6 1.2 3.89 0.42 – –
JP Japan 2.5 1.4 3.51 0.38 1.19 0.11
MX Mexico 2.3 2.1 1.18 0.35 2.28 0.13

Notes: The table reports statistics for the top 10 destinations to which Italian patent-holding firms direct
their exports, ranked by total export share over 2005–2019. The sample includes all Italian firms with at least
one patent filed during 2005–2019; these statistics describe destination characteristics and do not reflect the
composition of the estimation sample (which applies additional restrictions on data availability). “Total Share
%” is the destination’s percentage of the total export value shipped from Italy by patent-holding firms; “Green
Share %” shows each destination’s percentage of total green export value. Environmental Policy Stringency
(EPS) ranges from 0 (least stringent) to 6 (most stringent); statistics computed from OECD EPS index.
Exchange rates (FX) are real bilateral rates (foreign currency per euro); “–” indicates eurozone members
(mechanically fixed at unity) or missing data.

Firm Products Portfolio Analysis Following Chatterjee et al. (2013), we define a firm as

multi-product if it exports more than one HS6 code to a given destination in a given year. Table 3

Panel A shows that multi-product firms dominate Italian export activity: they account for 94% of

exporting firms and virtually 100% of export value. At the firm-destination level (Panel B), single-

product relationships represent 28% of pairs but generate only 1% of export value, underscoring

the importance of product portfolio composition for understanding export performance.
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Within multi-product exporters, product hierarchies are stark. The median firm generates

export revenues from its top product that are 3.3 times larger than revenues from its second-

ranked product, and twice as large as the combined revenues of all other products (Table 3

Panel C). This concentration motivates our empirical strategy: if green products systematically

occupy different positions in firms’ product hierarchies, aggregate export performance will mask

heterogeneous responses to exchange rate shocks and environmental policy.

Most green exporters maintain mixed portfolios. Table 3 Panel D shows that among the 10,057

exporters in our sample, 8,366 (83%) export at least one green product. Of these green exporters,

97% (8,138 firms) maintain mixed portfolios that include both green and non-green products,

while only 228 firms (3%) export exclusively green products. The median mixed-portfolio firm

derives just 23% of its product count and 10% of its export value from green products, indicating

that green products typically play a secondary role in firms’ export strategies. This within-firm

variation in green exposure allows us to estimate green product premia using firm-level fixed

effects, holding constant unobserved firm capabilities while exploiting variation in product-level

characteristics.

Panel E reveals systematic differences between green exporters and the broader population of

exporting firms. Green product exporters operate larger, more diversified portfolios: they export

an average of 59 products to 30 destinations, compared to 50 products and 26 destinations for

all exporters. Patent-holding green exporters are even more exceptional, with average portfolios

spanning 132 products across 49 destinations. Green exporters also exhibit higher rates of multi-

product (98% vs. 94%) and multi-destination activity (96% vs. 90%). Notably, while patent

protection covers only 3.3% of products for typical exporters, this share rises to 10% among green

patent holders, and their exports from patent-protected products constitute 17% of total export

value—four times the sample average. These patterns suggest that green innovation and patent

protection strategies are concentrated among the largest, most sophisticated exporters.

These descriptive patterns preview three empirical regularities that shape our regression anal-

ysis. First, green products are common but concentrated: 83% of exporters sell at least one green

product, yet green products constitute only 23% of the typical exporter’s portfolio, requiring care-

ful attention to within-firm heterogeneity. Second, green exports concentrate in specific industries

(machinery) and destinations (high-income, high-EPS countries), motivating rich fixed effects and

destination-specific policy interactions. Third, firms exhibit substantial within-portfolio variation

in green exposure, with 97% of green exporters maintaining mixed portfolios. This within-firm

variation allows us to estimate green product performance holding constant firm capabilities, while

the rarity of green patent protection—covering only 3.3% of products overall but 10% for green

patent holders—provides variation in appropriability mechanisms conditional on rich fixed effects.

We turn next to regression evidence exploiting this variation.
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Table 3: Firm-Product-Destination Portfolio Composition

Panel A: Firm-Level Composition

N Firms Fraction Fraction Export Fraction
Firms Value Transactions

Multi-product 9,410 0.94 1.00 1.00
Single-product 647 0.06 0.00 0.00

Panel B: Firm-Destination Pairs

N Pairs Fraction Fraction Export Fraction
Pairs Value Transactions

Multi-product 188,332 0.72 0.99 0.97
Single-product 73,555 0.28 0.01 0.03

Panel C: Product Importance Within Multi-Product Firms

Group Median: Export 1st / Export 2nd Median: Export 1st / Export Rest

All Exporters 3.3 2.0
Green Product Exporters 3.3 2.0
Green Patent Holders 3.1 1.7

Panel D: Green Product Portfolio Composition

Portfolio Type N Firms Avg Share Median Share Avg Share
Green Products Green Products Green Export

Mixed Portfolio 8,138 0.253 0.233 0.258
No Green Products 1,691 0.000 0.000 0.000
Only Green Products 228 1.000 1.000 1.000

Panel E: Summary Statistics by Firm Group

Metric All Exporters Green Product Green Patent
with Patents Exporters Holders

N Firms 10,057 8,366 522
Avg N Products 50.09 58.71 131.72
Median N Products 26 34 84
Avg N Destinations 26.04 30.05 48.69
Pct Multi-Product 93.6 98.1 99.8
Pct Multi-Destination 90.1 95.6 98.9
Avg Green Product Share 22.7 27.3 24.9
Avg Protected Share 3.3 3.1 10.0
Avg Green Export Share 23.1 27.8 33.9
Avg Protected Export Share 4.3 4.4 16.6

Note: Panel A defines multi-product firms as firms exporting more than one HS6 code in a given year (pooling

across destinations). Panel B defines multi-product firm-destination pairs as firm-destination-year triplets with

more than one HS6 code exported. Panel C reports median ratios of export values across products within multi-

product firms, ranked by product-level export value. Ratios are calculated separately for all exporters, firms

exporting at least one green product, and firms holding at least one green patent. Panel D classifies firms by green

product portfolio composition: “Mixed Portfolio” firms export both green and non-green products; “Only Green

Products” firms export exclusively green products; “No Green Products” firms never export green products during

the sample period. For each group, the table reports the average and median share of green products in the product

portfolio and the average share of green products in export value. Panel E compares key characteristics across

three firm groups: all exporters with patents, firms exporting at least one green product, and firms holding at

least one green patent. Metrics include firm counts, product and destination diversification, portfolio composition

(percentage multi-product and multi-destination), and green/patent intensity measured as shares of product counts,

patent counts, and export values. Sample: Italian exporters, 2005–2019.
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4 Empirical Strategy and Results

The descriptive evidence suggests the existence of distinctive patterns in how green products per-

form in international trade, at least in terms of unit values, but raw comparisons cannot establish

causality because they omit controls for confounding factors and may suffer from endogeneity.

We therefore move to an identification strategy based on linear models with high dimensional

fixed effects that addresses three key empirical challenges: selection bias (whether successful firms

choose green products or green products drive success), unobserved heterogeneity in firm-product

capabilities, endogeneity of patent decisions (firms may strategically file patents in markets where

they expect higher export performance). We complement this design with exogenous (real) ex-

change rate shocks, which are not anticipated by firms, to further strengthen identification (see

Berman et al., 2012; Bernard et al., 2015). This empirical framework allows us to test the key

predictions of our theoretical model. We proceed in three steps: (i) estimate performance differ-

entials associated with green products; (ii) assess the additional role of patent coverage; and (iii)

examine the interaction between green products and green patents.

To highlight the channels through which green products and innovations can create value, and

as standard in the international trade literature (see, for instance, Bernard et al., 2007, 2011),

we decompose the total exports of firms to a destination in a product country into extensive

(quantity) and intensive margins (unit values):

lnXfpcy = lnQuantityfpcy + lnUnitValuefpcy

where Xfpcy is the value (in euros) of the exports of the firm f in the product p to the country c in

year t; Quantityfpcy is the physical quantity (in kilograms); and UnitValuefpcy is the corresponding

unit value. All estimates are performed on the sample of firms that have at least one active patent

during our observation period.

4.1 Green Products Export Patterns

Identifying Green Products Performances with High Dimensional Fixed Effects Re-

gressions We begin by testing whether green products exhibit different export performance

compared to non-green counterparts.

Our baseline specification takes the following form:

lnYfcpy = β · GreenProductp + αfcp + γfpy + δcy + εfcpy (19)

where Yfcpy represents either export value (Xfcpy), quantity, or unit price for firm f exporting

product p to country c in year y. Our variable of interest, GreenProductpy, is an indicator equal

to one if the product is classified as environmentally friendly according to the HS 6-digits green
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product classifications described in Section 3.1.

The specification employs high-dimensional fixed effects to address multiple sources of unob-

served heterogeneity that could bias our estimates. To tackle selection bias, where firms may

self-select into greener product markets based on pre-existing ties to destinations with stricter

environmental standards or where higher-quality firms may be more likely to sort into green

products, we include firm-country-product category fixed effects (αfcp). These absorb all time-

invariant characteristics of firm-destination pairs within 4-digit HS categories, including persistent

market advantages, established distribution networks, and invariant bilateral trade costs, ensuring

comparisons are made within the same firm selling to the same destination market.

To address concerns about time-varying firm capabilities and technology shocks that could si-

multaneously affect green innovation and export performance, we include firm-product-year fixed

effects (γfpy). These control for time-varying shocks at the firm-product category level that affect

all destinations equally, such as productivity improvements in a product line, technology upgrades,

or input-cost shifts. Finally, to account for destination-specific market dynamics that could influ-

ence both green product demand and trade outcomes, we include country-year fixed effects (δcy)

that capture environmental regulations, exchange rate fluctuations, and aggregate demand shocks.

In our baseline specification (Panel A of Table 4), we use 4-digit rather than 6-digit HS fixed

effects because the green indicator is defined at the HS 6-digit level and would be absorbed by

finer product categories. With this structure, β is identified from differences in export outcomes

between green and non-green HS6 products within the same firm-destination-HS4 cell, net of

firm-product category-year and destination-year shocks.

Given that green products may still differ from non-green products in demand characteristics

and production costs within 4-digit categories, we implement a narrower matching approach in

Panel B. For each green 6-digit product, we identify comparable non-green products using three

criteria: (i) belonging to the same 4-digit HS category; (ii) sharing similar technological charac-

teristics and material composition; and (iii) serving as plausible consumer substitutes.

For example, bio-based polyethylene film (HS 392020) is matched with conventional polyethy-

lene and polypropylene films (e.g., HS 392043 and related codes within HS 3920), ensuring com-

parison between functionally equivalent plastic films that differ primarily in their bio-based versus

petroleum-based composition. Similarly, energy-efficient LED lighting fixtures are matched with

conventional lighting products in the same functional category. This approach creates tighter

comparison groups than standard 4-digit HS categories by identifying products that are close sub-

stitutes in both production methods and consumer applications, helping to isolate the incremental

effects of environmental attributes. The complete matching dictionary is documented in the online

appendix.16

The technological similarity matching approach, combined with our fixed effects structure,

16 https://sites.google.com/view/angelocuzzola/green-products-and-tech-similarity
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reduces the regression sample from 4.2 million to 1.25 million observations. While the matching

successfully identifies comparable green and non-green products, our empirical specification re-

quires that matched product pairs both appear within the same firm-country-year combination to

be included in the regression. Many matched pairs are excluded because: (i) firms often export

only green or only non-green variants to specific markets in a given year; (ii) some green products

lack conventional substitutes within the firm’s export portfolio for particular destinations; and

(iii) some 4-digit categories contain predominantly green or non-green products, limiting within-

firm variation. Consequently, the Panel B sample likely overrepresents mature green technologies

where firms export both variants to the same markets, which may limit generalizability to the

broader population of green products.

Table 4 presents the estimation results. Panel A shows the baseline specification controlling for

4-digit product categories, while Panel B presents results using the refined technological similarity

matching.

Panel A reveals that green products command significantly higher unit values—19.8% above

comparable non-green products within the same firm-country-product category combination

(e0.1809 − 1 = 0.198).17 However, this unit value differential coincides with substantially lower

export quantities—30.7% less than non-green products. The quantity reduction dominates the

price increase, resulting in 17.1% lower total export values for green products.

This pattern of higher unit values but lower quantities for green products is consistent with

several non-mutually exclusive interpretations. First, it may reflect niche market demand: green

products serve a smaller customer base willing to pay premium prices, but this segment is limited

in size. Second, higher variable production costs may necessitate higher unit values, which in

turn reduce quantities through standard demand elasticity. Third, fixed capacity constraints

or investment requirements for green technologies may limit the production scale regardless of

demand conditions. Without direct production cost data, it is not possible to discriminate between

these mechanisms.

Panel B, using technological similarity matching, reveals quantitatively larger effects. Green

products show a 24.3% unit value premium, a 40.5% quantity penalty, and a 26.1% reduction in

total export values. The larger coefficients in the matched sample suggest that when we compare

green products to their closest technological substitutes the performance differential becomes more

pronounced.

These patterns are robust to extending the analysis to the full universe of Italian exporters

rather than only patenting firms (see Appendix D for detailed results).

In the sections that follow, we explore whether these patterns vary systematically when firms

face exogenous shocks—particularly exchange rate fluctuations—and how they are influenced by

17 Throughout this paper, we report percentage effects from log-linear specifications using the exact transformation
(eβ − 1)× 100 rather than the approximation β × 100, which is only valid for small coefficients.
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Table 4: Green Products Export Performances

Panel A

Dependent Variables: lnXfpcy lnQuantityfpcy lnUnitValuefpcy
Model: (1) (2) (3)

Variables
Green Product -0.1875∗∗ -0.3669∗∗∗ 0.1809∗∗∗

(0.0805) (0.1197) (0.0423)

Fixed-effects
Firm-Country-Product Cat. (4-digit) Yes Yes Yes
Firm-Product Cat. (4-digit)-Year Yes Yes Yes
Country-Year Yes Yes Yes

Fit statistics
Observations 4,191,388 4,167,881 4,167,881
R2 0.68009 0.76274 0.88200
Within R2 0.00056 0.00159 0.00214

Clustered (Product Cat. (6-digit)-Year) standard-errors in parentheses

Panel B

Dependent Variables: lnXfpcy lnQuantityfpcy lnUnitValuefpcy
Model: (1) (2) (3)

Variables
Green Product -0.3029∗∗∗ -0.5191∗∗∗ 0.2177∗∗∗

(0.0834) (0.1336) (0.0517)

Fixed-effects
Firm-Country-TechSim Product Yes Yes Yes
Firm-TechSim Product-Year Yes Yes Yes
Country-Year Yes Yes Yes

Fit statistics
Observations 1,251,388 1,244,330 1,244,330
R2 0.67903 0.73748 0.83297
Within R2 0.00394 0.00774 0.00665

Clustered (TechSim Product-Year) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Note: This table reports estimated coefficients from equation (19). Panel A controls for 4-digit HS product

categories; Panel B uses technologically similar product groups constructed through manual matching (see online

appendix for details). Standard errors are clustered at the product category-year level.

destination-country environmental policy stringency. These further investigations help distinguish

demand-side from supply-side interpretations. We also assess whether patent protection, which

signals innovation quality to buyers and may provide market power, affects these relationships.

Exchange Rate Pass-Through and Green Products To assess whether the observed price

premium for green products reflects demand-side willingness to pay or supply-side cost differen-

tials, we examine how green versus non-green products respond to exchange-rate fluctuations. Our
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theoretical framework in Section 2 postulates the existence of a green productivity penalty, deter-

mined by e.g. more expensive inputs , specialized processes, certifications, that directly reduces

the exchange rate elasticity of green products. Because lower productivity raises marginal costs,

green products have less scope to adjust markups in response to currency movements, leading to

smaller price cuts and larger quantity declines under appreciation relative to non-green products.

This mechanism builds on the pricing-to-market literature developed by Berman et al. (2012)

and Chatterjee et al. (2013), which shows that high-productivity firms and products exhibit

greater price flexibility when exchange rates fluctuate. In particular, Berman et al. (2012) show

that higher-productivity firms exhibit lower exchange-rate pass-through into export prices, while

Chatterjee et al. (2013) extend this logic within multiproduct firms: products closer to a firm’s

core competency—those with lower marginal costs—display lower pass-through than higher-cost

peripheral products. As a results, when the exporter’s currency appreciates, high-productivity

products can cut prices more because their low marginal costs mean that producer prices account

for a small share of the final consumer price, making demand relatively inelastic. Low-productivity

products face more elastic demand because production costs remain a significant component of

consumer prices, constraining their ability to adjust markups without eroding margins.

Applying this logic to green products, our model predicts that under appreciation, green prod-

ucts should exhibit smaller price cuts and larger quantity losses than non-green products. Greater

price flexibility would suggest demand side premia dominate, while the predicted pattern of price

rigidity and quantity contractions would point to supply side cost differentials as the primary

driver.

We test these predictions by augmenting our baseline specification with PPP-adjusted bilateral

real exchange rates and destination-specific controls:

lnYfpcy = β1 · GreenProductp + β2 · RealFXcy + β3 · (GreenProductp × RealFXcy) (20)

+ X
′

cyδ + β4 · lnDemandpcy + αfcp + γfpy + τy + εfpcy

Here, RealFXcy captures the bilateral real exchange rate (home currency per foreign currency),

with increases indicating appreciation of the exporter’s currency (loss of competitiveness). The

vector Xcy includes country-year level controls: log GDP (lnGDPcy) and log GDP per capita

(lnGDP pc
cy ). Following Chatterjee et al. (2013), we include lnDemandpcy, a product-specific de-

mand shifter constructed from BACI-CEPII data as the log of total imports (excluding Italy) for

each product-country-year combination. The coefficient β2 measures the baseline exchange rate

elasticity for non-green products, while β3 captures the differential elasticity for green products,

directly testing whether green products exhibit higher exchange rate pass-through as predicted by

the productivity penalty in Section 2. We replace country-year fixed effects with year fixed effects

to preserve variation in bilateral exchange rates while still controlling for global shocks with the
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additional destination-specific controls.18 All other fixed effects (αfcp and γfpy) remain as in the

baseline specification.

Table 5: FX rates Pass-through for Green Products

Dependent Variables: lnXfpcy lnQuantityfpcy lnUnitValuefpcy
Model: (1) (2) (3)

Variables
GreenProdp -0.2417∗∗∗ -0.3439∗∗∗ 0.1011∗∗∗

(0.0443) (0.0624) (0.0216)
Real FX rate -0.0835∗∗∗ -0.0490∗∗∗ -0.0346∗∗∗

(0.0064) (0.0077) (0.0031)
lnDemandpcy 0.1910∗∗∗ 0.2010∗∗∗ -0.0105∗∗∗

(0.0043) (0.0054) (0.0020)
lnGDP pc

cy 0.2088∗∗∗ 0.2816∗∗∗ -0.0748∗∗

(0.0713) (0.0825) (0.0341)
lnGDPcy 0.0473 -0.0260 0.0770∗∗

(0.0709) (0.0831) (0.0345)
Real FX rate × GreenProdp -0.0339∗∗∗ -0.0680∗∗∗ 0.0356∗∗∗

(0.0094) (0.0135) (0.0056)

Fixed-effects
Firm-Country-Product Cat. (4-digit) Yes Yes Yes
Firm-Product Cat. (4-digit)-Year Yes Yes Yes
Year Yes Yes Yes

Fit statistics
Observations 2,147,146 2,132,201 2,132,201
R2 0.66553 0.75563 0.88374
Within R2 0.01724 0.01489 0.00223

Clustered (Product (6-digit)-Year) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Note: This table reports estimated coefficients from equation 20 examining the differential exchange rate

elasticity of green products, excluding all Euro area destinations to ensure clean identification.

Table 5 presents results for the sample of patenting firms, restricting attention to non-Euro

area destinations to ensure clean identification of exchange rate effects.19 The slightly different

main effects of the green product indicator relative to Table 4 reflect both the non-Euro area

sample restriction and the replacement of country-year fixed effects with year fixed effects plus

18 Results are robust to replacing year fixed effects with country-year fixed effects, which fully absorb destination-
year variation at the cost of eliminating cross-country exchange rate variation within a year; see Appendix E.2.

19 The excluded Euro area countries are: Austria (AT), Belgium (BE), Cyprus (CY), Germany (DE), Estonia (EE),
Spain (ES), Finland (FI), France (FR), Greece (GR), Ireland (IE), Italy (IT), Lithuania (LT), Luxembourg (LU),
Latvia (LV), Malta (MT), Netherlands (NL), Portugal (PT), Slovenia (SI), and Slovakia (SK). Results including
Euro area destinations are reported in Appendix E.1.
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country-level controls.20

The baseline exchange rate elasticity (β2) shows the expected negative sign across all outcomes:

a 10% appreciation reduces export values by approximately 0.84% (coefficient: −0.0835), quan-

tities by 0.49% (−0.0490), and unit values by 0.35% (−0.0346). The modest quantity response

suggests that firms partially absorb exchange rate shocks through pricing adjustments to main-

tain market share, consistent with the pricing-to-market mechanisms outlined in Section 2 and

documented empirically in Berman et al. (2012); Chatterjee et al. (2013); Bernard et al. (2015).

The interaction terms provide direct evidence of a pass-through differential for green products.

The Green Product × Real FX rate coefficient on unit values is positive and significant (0.0356),

indicating that green products reduce their prices substantially less than non-green products when

facing appreciation. However, this price rigidity comes at a cost: the interaction term on quantities

is negative and larger in magnitude (−0.0680), implying that green products experience substan-

tially larger volume losses. The net effect on total export values is negative (−0.0339), indicating

that the limited price adjustment fails to prevent disproportionate declines in export value. These

patterns align precisely with the theoretical predictions in Section 2: lower product-specific pro-

ductivity reduces the magnitude of the price elasticity, forcing green products to absorb exchange

rate shocks primarily through quantity adjustments rather than markup adjustments.

Examining the control variables, the product-specific demand measure shows strong positive

effects on both values and quantities, as expected, with a small negative coefficient on unit values

reflecting competitive pressures in high-demand markets. GDP per capita enters positively for

values and quantities, consistent with richer countries importing more.

These exchange rate pass-through patterns are robust to several alternative specifications.21

The differential price rigidity of green products generalizes beyond innovative firms and holds

across different specifications of the control structure, confirming that margin constraints are a

robust feature of green product pricing behavior.

Green Demand Effects The preceding analyses established that green products command

price premia but face quantity penalties, and that these products exhibit margin-constrained

pricing behavior under exchange rate fluctuations. However, a critical question remains: does

demand for environmental attributes moderate the observed price-quantity trade-offs?

As formalized in Section 2, environmental policy stringency can expand demand for green

products through regulatory market access requirements and preference shifts induced by market-

based instruments. We model these demand effects by interacting our green product indicator

20 A comprehensive set of robustness checks for the exchange rate specifications is provided in Appendix E.
21 Results are qualitatively unchanged when: (i) extending the analysis to the full universe of Italian exporters

rather than restricting to patent-holding firms (see Appendix D); (ii) including Euro area destinations in the
sample (see Appendix E.1); and (iii) replacing year fixed effects with country-year fixed effects, which absorbs all
country-year controls and the real exchange rate level but preserves the critical interaction term (see Appendix
E.2).
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with destination-level measures of environmental policy stringency from the OECD Environmental

Policy Stringency (EPS) index. The EPS index quantifies the comprehensiveness and rigor of

environmental regulations across countries and time, with higher values indicating more ambitious

climate and environmental policies. We employ both the overall EPS measure and its two sub-

components: market-based instruments (carbon taxes, emission trading schemes, feed-in tariffs)

and non-market instruments (emission standards, technology support programs, R&D subsidies).

This decomposition allows us to distinguish whether demand effects operate primarily through

price-based incentives that directly affect the relative cost of green versus conventional products,

or through regulatory mandates and technology support that shape the composition of feasible

products in a market.

Our empirical specification is:

lnYfpcy = β1 · GreenProductp + β2 · (GreenProductp × EPScy) + αfcp + δfpy + τcy + εfpcy (21)

where EPScy represents environmental policy stringency in country c at year y, standardized to

facilitate interpretation. The coefficient β2 captures how environmental stringency differentially

affects green versus non-green products within the same firm-country-product category-year cell.

Country-year fixed effects (τcy) absorb all time-varying destination-specific conditions, identifying

β2 from within-destination variation in how the performance gap between green and non-green

products evolves as policies tighten.

Table 6 presents the results. Columns (1)-(3) of Panel A show results using the overall EPS

index, while columns (4)-(6) of Panel A and (1)-(3) of Panel B decompose effects by market-

based and non-market instruments, respectively. Columns (4)-(6) of Panel B focus specifically on

technology support policies, a key component of non-market instruments.

The interaction coefficients reveal that environmental policy stringency systematically mod-

erates the green product performance patterns documented earlier. The overall EPS results in

columns (1)-(3) show a positive interaction on export values (0.0436), indicating that green prod-

ucts perform relatively better in destinations with stricter environmental policies. Decomposing

this effect, the quantity interaction is positive (0.0861), indicating that the baseline quantity

penalty for green products diminishes in high-stringency markets. The unit value interaction is

negative (−0.0433), suggesting that green price premia compress in more regulated markets. A

one-standard-deviation increase in environmental stringency reduces the green quantity penalty

by approximately 8.6 percentage points while narrowing the price premium by 4.3 percentage

points, with a net positive effect on export values of 4.4 percentage points.

These patterns align with the comparative statics derived in Section 2. The multiplicative

demand weight shifts the demand curve outward for green products, leaving the perceived de-

mand elasticity and hence the optimal markup unchanged. The model therefore predicts that

EPS operates entirely through quantities, with no first-order effect on producer prices, consumer
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Table 6: Export performance of Green Products and Environmental Protection Stringency

Panel A

Dependent Variables: lnXfpcy lnQuantityfpcy lnUnitValuefpcy lnXfpcy lnQuantityfpcy lnUnitValuefpcy
Model: (1) (2) (3) (4) (5) (6)

Variables
GreenProdpcy −0.2908∗∗∗ −0.4429∗∗∗ 0.1534∗∗∗ −0.2891∗∗∗ −0.4410∗∗∗ 0.1531∗∗∗

(0.0713) (0.1020) (0.0354) (0.0717) (0.1021) (0.0352)

EPScy 0.0278∗∗∗ 0.0179∗∗∗ 0.0109∗∗∗

(0.0054) (0.0065) (0.0028)

GreenProdpcy × EPScy 0.0436∗∗∗ 0.0861∗∗∗ −0.0433∗∗∗

(0.0142) (0.0192) (0.0081)

EPSmarket
cy 0.0253∗∗∗ 0.0089 0.0168∗∗∗

(0.0055) (0.0066) (0.0028)

GreenProdpcy × EPSmarket
cy 0.0463∗∗∗ 0.0858∗∗∗ −0.0404∗∗∗

(0.0161) (0.0212) (0.0092)

lnDemandcy 0.2335∗∗∗ 0.2426∗∗∗ −0.0091∗∗∗ 0.2335∗∗∗ 0.2426∗∗∗ −0.0091∗∗∗

(0.0058) (0.0070) (0.0023) (0.0058) (0.0070) (0.0023)

lnGDP pc
cy 0.1926∗∗ 0.0610 0.1290∗∗∗ 0.2309∗∗∗ 0.0902 0.1380∗∗∗

(0.0769) (0.0917) (0.0402) (0.0773) (0.0923) (0.0405)

lnGDPcy 0.1780∗∗ 0.2901∗∗∗ −0.1086∗∗∗ 0.1673∗∗ 0.2916∗∗∗ −0.1198∗∗∗

(0.0752) (0.0918) (0.0414) (0.0759) (0.0926) (0.0416)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 2,297,483 2,284,319 2,284,319 2,297,483 2,284,319 2,284,319
R2 0.70541 0.76628 0.87766 0.70540 0.76627 0.87766
Within R2 0.02301 0.02033 0.00199 0.02300 0.02029 0.00195

Panel B

Dependent Variables: lnXfpcy lnQuantityfpcy lnUnitValuefpcy lnXfpcy lnQuantityfpcy lnUnitValuefpcy
Model: (1) (2) (3) (4) (5) (6)

Variables
GreenProdpcy −0.2924∗∗∗ −0.4468∗∗∗ 0.1557∗∗∗ −0.3297∗∗∗ −0.5243∗∗∗ 0.1968∗∗∗

(0.0716) (0.1028) (0.0358) (0.0759) (0.1147) (0.0423)

EPSnon-market
cy 0.0319∗∗∗ 0.0303∗∗∗ 0.0020

(0.0048) (0.0060) (0.0025)

GreenProdpcy × EPSnon-market
cy 0.0390∗∗∗ 0.0734∗∗∗ −0.0351∗∗∗

(0.0133) (0.0176) (0.0073)

EPSTechSupp
cy −0.0037 −0.0100∗∗∗ 0.0068∗∗∗

(0.0027) (0.0033) (0.0013)

GreenProdpcy × EPStechsupp
cy 0.0160∗ 0.0341∗∗∗ −0.0185∗∗∗

(0.0092) (0.0125) (0.0045)

lnDemandcy 0.2335∗∗∗ 0.2427∗∗∗ −0.0091∗∗∗ 0.2334∗∗∗ 0.2425∗∗∗ −0.0091∗∗∗

(0.0058) (0.0070) (0.0023) (0.0058) (0.0070) (0.0023)

lnGDP pc
cy 0.1105 −0.0292 0.1360∗∗∗ 0.1865∗∗ 0.0540 0.1303∗∗∗

(0.0778) (0.0928) (0.0405) (0.0770) (0.0920) (0.0404)

lnGDPcy 0.2364∗∗∗ 0.3468∗∗∗ −0.1055∗∗ 0.2230∗∗∗ 0.3370∗∗∗ −0.1103∗∗∗

(0.0756) (0.0920) (0.0413) (0.0756) (0.0923) (0.0415)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 2,297,483 2,284,319 2,284,319 2,297,483 2,284,319 2,284,319
R2 0.70541 0.76629 0.87766 0.70539 0.76626 0.87765
Within R2 0.02303 0.02035 0.00195 0.02295 0.02024 0.00191

Clustered (Product Cat. (4-digit)–Year) standard errors in parentheses
Significance codes: ***: 0.01, **: 0.05, *: 0.1
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prices, or unit values. The positive and significant quantity interaction confirms the predicted

quantity expansion. The small negative unit value coefficient is consistent with the model’s zero-

benchmark up to second-order forces outside the framework, such as within-HS6 composition:

regulatory pressure may shift the product mix toward higher-volume, lower-priced variants, drag-

ging down average unit values within a product category even as individual producer prices remain

unchanged.

This pattern becomes clearer when distinguishing policy instruments. Market-based policies

(Panel A, columns 4-6) show somewhat stronger effects on both quantities (0.0858) and prices

(−0.0404) compared to non-market instruments (Panel B, columns 1-3: 0.0734 and −0.0351, re-

spectively). The larger quantity response to market-based policies aligns with their mechanism:

carbon taxes and emission trading schemes directly increase the relative price of conventional prod-

ucts, shifting demand toward green alternatives. Technology support policies (Panel B, columns

4-6) exhibit weaker demand expansion effects than market-based instruments, with a quantity

interaction of 0.0341 compared to 0.0858 for market-based EPS. This attenuation may reflect the

fact that technology support policies such as R&D subsidies, green public procurement programs,

and deployment subsidies are typically directed toward domestic producers in the destination

country. These policies expand the addressable market for green products but simultaneously

subsidize local competitors who directly compete with Italian exporters. The observed coefficient

may therefore capture the net effect of two offsetting forces: a positive demand expansion channel

and a negative import substitution channel whereby subsidized domestic production crowds out

foreign suppliers.

Critically, these interaction effects do not reverse the patterns identified earlier. Even at peak

observed regulatory stringency, the estimated marginal effects suggest that environmental policy

attenuates rather than eliminates the green product quantity penalty.22 This suggests that while

stronger environmental policies expand the market for green products, they attenuate rather than

eliminate the underlying cost or demand constraints on green product penetration.

From a policy perspective, these results indicate that environmental regulations can partially

offset the competitive disadvantages green products face in international markets, particularly

through expanding quantities sold. However, the attenuated but persistent quantity penalty even

in high-stringency markets implies that regulatory push alone may be insufficient; complemen-

tary demand-side policies or technology developments that reduce green production costs may

be necessary to achieve broader market penetration. The fact that both market-based and non-

market instruments show similar qualitative effects—with market-based policies exhibiting some-

what stronger quantitative impacts—suggests that diverse policy approaches can support green

22 The total quantity effect of the green attribute at e standard deviations above the within-year mean EPS is
β1 + β3 × e = −0.4429 + 0.0861 × e. At the highest observed value in the sample (France, 2019: e = 1.89),
this evaluates to approximately −0.280, confirming that the quantity penalty remains substantial even at peak
regulatory stringency. Note that β2 cancels in this comparison since it applies equally to green and non-green
products at the same EPS level.
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product trade, though price-based mechanisms may be particularly effective at shifting market

shares.23

4.2 Green Innovations: The Role of Patent Protection

Having established that green products face a quantity-driven export disadvantage despite unit

value premia, we now examine whether patent protection can reverse this pattern. Patent protec-

tion may offer legal security that enables firms to expand exports (de Rassenfosse et al., 2022) or

act as a signal of product quality (Gong et al., 2025), potentially offsetting the market barriers

faced by unpatented green products.

4.2.1 Patent Protection and Green Product Performance

We extend our baseline specification to distinguish among three types of green products: those

without patent protection, those protected by non-green patents (which may cover process in-

novations, complementary features, or technologies not classified as environmental), and those

protected by green patents.

The specification takes the form:

lnYfpcy = β1 · GreenProdp + β2 · (DPatfpcy × GreenProdp) +

β3 · (DPatfpcy × GreenPatfpcy × GreenProdp) +

αfcp + γfpy + δcy + εfpcy (22)

where DPatfpcy indicates whether the firm holds any patent protection linked to the transaction,

and GreenPatfpcy further identifies whether the protecting patent is classified as environmentally

friendly. Following the discussion in Appendix F, we set GreenPatfpcy = 1 when at least 25%

of the patents protecting the transaction are classified as green; this threshold addresses the

statistical bias of the simpler “at least one” rule, which mechanically overweights multi-patent

transactions. The coefficient β1 captures the baseline performance of unpatented green products.

The coefficient β2 identifies how non-green patent protection modifies green product performance.

Finally, β3 isolates the incremental effect when green products are protected by green patents.

This specification maintains our high-dimensional fixed effects structure: firm-country-product

category (4-digit) fixed effects (αfcp), firm-product category-year fixed effects (γfpy), and country-

year fixed effects (δcy). Standard errors are clustered at the product (6-digit)-year level.

Table 7 reveals that patent protection fundamentally alters the market performance of green

23 These results are robust to controlling for additional bilateral demand shifters and macroeconomic variables
(GDP, GDP per capita, inflation deviations, and growth rate deviations). The extended specification, presented
in Appendix G, yields nearly identical interaction coefficients while confirming that the effects are not confounded
by general economic conditions or aggregate import demand.
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Table 7: Export performance of Green Innovations

Dependent Variables: lnXfpcy lnQuantityfpcy lnUnitValuefpcy
Model: (1) (2) (3)

Variables
GreenProdp −0.3395∗∗∗ −0.5327∗∗∗ 0.1949∗∗∗

(0.0489) (0.0750) (0.0280)

DPatfpct 0.0594∗∗∗ 0.0806∗∗∗ −0.0209∗∗∗

(0.0228) (0.0247) (0.0081)

DPatfpct × GreenProdp 0.5149∗∗∗ 0.6054∗∗∗ −0.0916∗∗∗

(0.0609) (0.0649) (0.0186)

DPatfpct × GreenPatfpct 0.1180 0.0769 0.0389
(0.0814) (0.0876) (0.0238)

DPatfpct × GreenProdp × GreenPatfpct −0.0103 0.0757 −0.0802
(0.1252) (0.1345) (0.1385)

lnDemandcy 0.2071∗∗∗ 0.2223∗∗∗ −0.0155∗∗∗

(0.0039) (0.0050) (0.0019)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes
Country–Year Yes Yes Yes

Fit statistics
Observations 4,105,103 4,082,074 4,082,074
R2 0.68629 0.76633 0.88114
Within R2 0.01968 0.01812 0.00268

Clustered (Product (6-digit)–Year) standard errors in parentheses
Significance codes: ***: 0.01, **: 0.05, *: 0.1

Note: This table examines the green premium for innovations by distinguishing between green products with and
without patent protection.

products. When a green product is covered by a non-green patent, the quantity penalty disappears

and becomes an advantage. The interaction coefficient of 0.6054 (significant at 1%) implies that,

in destination countries where the firm holds patent protection, patented green products sell

approximately 83% more in quantity terms than unpatented green products. Combining this with

the baseline green effect, patented green products sell about 8% more in quantity than the firm’s

non-green products.

This quantity expansion more than compensates for a reduction in the unit value advantage.

The interaction coefficient on unit values (-0.0916, significant at 1%) indicates that patent pro-

tection compresses the green price premium by approximately 9 percentage points, bringing it to

about 11% (exp(0.1949− 0.0916)− 1 ∼ 0.109). The net result is that the green-patent interaction

itself contributes approximately 67% to export values for green products (beyond the patent main

effect on non-green products), and patent-protected green products achieve 19% higher export

values than patent-protected non-green products.
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When green products are protected by green patents rather than non-green patents, the triple

interaction coefficients are positive for quantities (0.0757) and near zero for export values (-0.0103),

neither statistically significant. This likely reflects limited statistical power in the triple-interaction

term, as the number of green-product transactions protected by green patents is substantially

smaller than those protected by non-green patents. The point estimates suggest potential addi-

tional gains, but we cannot reject the null hypothesis that green patent protection provides the

same advantage as non-green patent protection for green products.

Two mechanisms could explain these results. First, de Rassenfosse et al. (2022) find that firms

value foreign patent protection primarily for legal security rather than monopoly pricing oppor-

tunities, which may explain why patents enable market expansion without large price increases.

This legal security may be particularly crucial for green products given their innovation-intensive

nature and the substantial investments required to build market acceptance for environmentally

differentiated offerings. Patent protection allows firms to pursue volume strategies and invest in

market development without fear that competitors will appropriate their innovations, enabling

the quantity expansions we observe.

Second, patents may signal quality and technological credibility (Gong et al., 2025), particu-

larly valuable for green products where environmental performance claims are difficult to verify

ex ante. The formal examination process and public disclosure requirements provide independent

validation of technological merit, reducing information asymmetries that otherwise confine green

products to buyers with specialized knowledge or strong environmental preferences.

The reduction in unit value advantages for patent-protected green products does not necessar-

ily indicate reduced pricing power. As de Rassenfosse et al. (2022) note, new patented products

entering markets may initially reduce average prices within product categories even while ex-

panding total value. Additionally, our probabilistic patent-product matching necessarily includes

process patents alongside product patents. Process innovations could entail cost reductions that

lower prices while expanding quantities, consistent with the observed pattern of higher volumes

and compressed price premia.

Exchange Rate Sensitivity of Green Innovations Our final analysis examines whether

patent protection changes the way in which green products react to exchange rate fluctuations.
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We extend our innovation specification to include exchange rate interactions:

lnYfpcy = β1 · RealFXcy + β2 · GreenProdp + β3 · (RealFXcy × GreenProdp)

+ β4 ·DPatfpcy + β5 · (DPatfpcy × GreenProdp) + β6 · (DPatfpcy × RealFXcy)

+ β7 · (DPatfpcy × GreenProdp × RealFXcy)

+ β8 · (DPatfpcy × GreenPatfpcy) + β9 · (DPatfpcy × GreenPatfpcy × GreenProdp)

+ β10 · (DPatfpcy × GreenPatfpcy × RealFXcy)

+ β11 · (DPatfpcy × GreenPatfpcy × GreenProdp × RealFXcy)

+ αfcp + γfpy + τy + εfpcy (23)

As in the exchange rate analysis presented before, we exclude Euro area destinations to ensure

genuine currency variation and replace country-year fixed effects with year fixed effects to enable

identification of exchange rate effects. The coefficients on the various exchange rate interactions

(β3, β5, β7) reveal whether and how innovation protection moderates exchange rate transmission

for green products. The variable GreenPatfpcy continues to be defined under the 25% threshold

rule discussed in Appendix F.

Table 8 decomposes exchange rate pass-through by green product status and patent protection.

Baseline exchange rate effects align with standard predictions: a 10% appreciation reduces non-

green product export values by 0.84%, decomposing into 0.50% quantity decline and 0.34% price

reduction. Green products without patent protection exhibit substantially amplified exchange

rate sensitivity. Similarly to what we observe in Table 5, the interaction coefficient on export

values (-0.0301, significant) indicates green products experience an additional 0.30 percentage

point value loss per 10% appreciation, yielding total elasticity of -1.14% compared to -0.84% for

non-green products. This amplification operates entirely through the quantity margin (interac-

tion coefficient -0.0626, significant, total elasticity -1.13%), while prices show near-zero response

(interaction +0.0339, significant, total elasticity approximately 0). Constrained pricing flexibility

and consequent volume-driven adjustment are consistent with lower effective productivity limiting

markup adjustment capacity when currency movements alter competitive positions.

Patent protection mitigates this heightened exchange rate vulnerability. The triple interaction

on export values (+0.0838, significant) shows that patent-protected green products recover approx-

imately 0.84 percentage points of the amplified sensitivity, reducing their total FX export value

elasticity to -0.30% (vs -1.14% for unpatented green products and -0.84% for non-green products).

The mitigation operates primarily through quantities (+0.0813, significant at 5%), while the price

channel is negligible (+0.0064, not significant). This partial mitigation of exchange rate elasticity

with respect to export value is consistent with patent protection raising effective productivity and

thereby expanding the feasible range of competitive pricing and demand responses.

The interactions involving green-patent status—both the triple (DPat×GreenPat×RealFX)
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Table 8: FX rates Pass-through for Green Innovations

Dependent Variables: lnXfpcy lnQuantityfpcy lnUnitValuefpcy
Model: (1) (2) (3)

Variables
Real FX rate −0.0840∗∗∗ −0.0499∗∗∗ −0.0341∗∗∗

(0.0064) (0.0077) (0.0031)

GreenProdpcy −0.2677∗∗∗ −0.3775∗∗∗ 0.1089∗∗∗

(0.0442) (0.0628) (0.0220)

DPatfpct 0.1269∗∗∗ 0.1364∗∗∗ −0.0101
(0.0287) (0.0327) (0.0119)

Green Innovations performances

DPatfpct × GreenProdpcy 0.3287∗∗∗ 0.4397∗∗∗ −0.1188∗∗∗

(0.0647) (0.0741) (0.0278)

DPatfpct × GreenPatfpct 0.0031 0.0468 −0.0449
(0.1018) (0.1162) (0.0460)

DPatfpct × GreenProdpcy × GreenPatfpct 0.1379 0.1559 −0.0078
(0.1512) (0.1734) (0.0716)

FX rates responses

Real FX rate ×GreenProdpcy −0.0301∗∗∗ −0.0626∗∗∗ 0.0339∗∗∗

(0.0094) (0.0135) (0.0056)

Real FX rate ×DPatfpct −0.0196 −0.0137 −0.0052
(0.0153) (0.0177) (0.0068)

Real FX rate ×GreenProdpcy ×DPatfpct 0.0838∗∗ 0.0813∗∗ 0.0064
(0.0345) (0.0401) (0.0152)

Real FX rate ×DPatfpct × GreenPatfpct 0.0245 0.0042 0.0186
(0.0499) (0.0580) (0.0254)

Real FX rate ×GreenProdpcy ×DPatfpct × GreenPatfpct −0.1032 −0.1181 0.0146
(0.0804) (0.0930) (0.0407)

Controls

lnDemandcy 0.1904∗∗∗ 0.2003∗∗∗ −0.0103∗∗∗

(0.0043) (0.0054) (0.0020)

lnGDPcy 0.0607 −0.0097 0.0741∗∗

(0.0707) (0.0830) (0.0345)

lnGDP pc
cy 0.1978∗∗∗ 0.2682∗∗∗ −0.0724∗∗

(0.0712) (0.0824) (0.0342)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes
Year Yes Yes Yes

Fit statistics
Observations 2,147,146 2,132,201 2,132,201
R2 0.66574 0.75580 0.88375
Within R2 0.01787 0.01558 0.00236

Clustered (Product (6-digit)–Year) standard errors in parentheses
Significance codes: ***: 0.01, **: 0.05, *: 0.1

Note: This table examines how patent protection affects the exchange rate sensitivity of green products. The
triple and quadruple interactions decompose the FX effects by innovation type: unpatented green products, patent-
protected green products, and green patent-protected green products. Euro area countries are excluded to ensure
exchange rate variation.
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and the quadruple (DPat × GreenPat × GreenProd × RealFX)—are statistically insignificant

across all outcomes, indicating no additional exchange rate buffering from environment-specific

innovations beyond generic patent protection. This null result may reflect limited statistical power

or suggest that IP protection provides equivalent demand and productivity benefits regardless of

the environmental content of protected technologies.

Green Demand Effects on Green Innovations Our final analysis examines whether des-

tination market environmental preferences modify the innovation premium we have documented

for green products. Our theoretical framework treats the productivity channel (patents raising

effective productivity) and the demand channel (EPS shifting demand for green products) as in-

dependent mechanisms and does not deliver a sharp prediction for the triple interaction between

green status, patent protection, and environmental stringency. We therefore treat this exercise as

an open empirical question.

We extend our innovation specification to include interactions with the OECD Environmental

Policy Stringency (EPS) index:

lnYfpcy = β1 · GreenProdp + β2 ·DPatfpcy + β3 · (DPatfpcy × GreenProdp)

+ β4 · (DPatfpcy × GreenPatfpcy) + β5 · (DPatfpcy × GreenProdp × GreenPatfpcy)

+ β6 · (EPScy × GreenProdp) + β7 · (EPScy ×DPatfpcy)

+ β8 · (EPScy × GreenProdp ×DPatfpcy)

+ β9 · (EPScy ×DPatfpcy × GreenPatfpcy)

+ β10 · (EPScy × GreenProdp ×DPatfpcy × GreenPatfpcy)

+ αfcp + γfpy + δcy + εfpcy (24)

where EPScy measures the overall stringency of environmental policies in destination country c

at year y. The coefficients β6 through β10 capture how environmental policy stringency moderates

the innovation effects documented in the baseline specification. As above, GreenPatfpcy follows

the 25% threshold rule justified in Appendix F.

The specification maintains firm-country-product category (4-digit) and firm-product category

(4-digit)-year fixed effects alongside country-year fixed effects, with standard errors clustered at

the product category (4-digit)-year level. This structure absorbs time-invariant firm-destination-

product relationships and destination-specific macroeconomic shocks while allowing environmental

stringency to moderate innovation effects.

Table 9 presents the results for overall EPS. Environmental stringency exhibits a positive direct

effect on green product performance: a one standard deviation increase in EPS raises export values

by 2.82% and quantities by 6.77% for unpatented green products, though unit values decline by

4.04%, in line with Table 6.
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The critical test concerns whether (green) patents change this effect. The triple interaction

shows a positive but statistically insignificant coefficient on the patent dummy, suggesting a mod-

est increase of the innovation premium for patent-protected green products in more environmen-

tally stringent markets. The quadruple interaction—environmental stringency interacted with

green-patent-protected green products—is statistically insignificant across all outcomes (quan-

tities: +0.0299, values: +0.0315, unit values: −0.0035). Green patent protection does not

significantly amplify or attenuate the EPS-driven demand benefit documented for unpatented

green products. These results indicate that the demand-side channel (EPS) and the innovation-

protection channel (patents) operate independently. Stricter environmental regulations expand

green product markets, and patent protection raises performance, but the two effects are addi-

tive rather than complementary. Firms benefit from both channels without cross-reinforcement,

consistent with each operating through distinct mechanisms: regulatory demand creation on one

side, appropriability and signalling on the other.

These patterns persist when we decompose the overall EPS index into market-based instru-

ments, non-market regulations, and technology support policies; the instrument-level decompo-

sition is reported in Appendix G.2, separately for green products (Table 27) and for the full

green-innovations specification (Table 26).
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Table 9: Export Performance of Green Innovations and Environmental Protection Stringency

Dependent Variables: lnXfpcy lnQuantityfpcy lnUnitValuefpcy
Model: (1) (2) (3)

Variables
GreenProdpcy −0.3178∗∗∗ −0.4744∗∗∗ 0.1577∗∗∗

(0.0698) (0.1015) (0.0358)

DPatfpct 0.0833∗∗∗ 0.1100∗∗∗ −0.0266∗∗∗

(0.0294) (0.0328) (0.0095)

Green Innovations Performances

DPatfpct × GreenProdpcy 0.5233∗∗∗ 0.6058∗∗∗ −0.0850∗∗∗

(0.0902) (0.0935) (0.0232)

DPatfpct × GreenPatfpct 0.1470 0.1129 0.0304
(0.1063) (0.1120) (0.0280)

DPatfpct × GreenProdpcy × GreenPatfpct −0.0571 −0.0021 −0.0455
(0.1630) (0.1711) (0.0463)

Green Demand effects

EPScy × GreenProdpcy 0.0282∗∗ 0.0677∗∗∗ −0.0404∗∗∗

(0.0126) (0.0181) (0.0080)

EPScy ×DPatfpct −0.0215 −0.0226 0.0016
(0.0159) (0.0144) (0.0054)

EPScy × GreenProdpcy ×DPatfpct 0.0147 0.0172 0.0003
(0.0384) (0.0411) (0.0137)

EPScy ×DPatfpct × GreenPatfpct 0.0269 0.0272 −0.0005
(0.0460) (0.0502) (0.0192)

EPScy × GreenProdpcy ×DPatfpct × GreenPatfpct 0.0315 0.0299 −0.0035
(0.0815) (0.0904) (0.0339)

Controls

lnDemandcy 0.2277∗∗∗ 0.2368∗∗∗ −0.0091∗∗∗

(0.0058) (0.0070) (0.0023)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes
Country–Year Yes Yes Yes

Fit statistics
Observations 2,394,403 2,380,700 2,380,700
R2 0.70536 0.76807 0.87884
Within R2 0.02214 0.01984 0.00214

Clustered (Product Cat. (4-digit)–Year) standard errors in parentheses
Significance codes: ***: 0.01, **: 0.05, *: 0.1

Note: The main explanatory variables are the set of green innovation indicators interacted with the Environmental
Stringency Index (standardized) encoding all environmental regulations (market, non-market and technical sup-
port).
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5 Conclusions

This paper provides the first systematic evidence on the export performance of green products in

international markets at the transaction level. We address a longstanding empirical gap: whether

environmental attributes translate into competitive advantage or disadvantage, and through what

mechanisms. Using Italian customs data matched to firm patent portfolios, we track export

transactions by firm, product, destination, and patent protection status. Green products and

patents are classified using established OECD and WIPO taxonomies (Haščič and Migotto, 2015;

Steenblik, 2005).

Three main findings emerge. First, unpatented green products face systematic market con-

straints: they command higher unit values but achieve substantially lower export quantities,

resulting in net revenue penalties. Exchange rate shocks reveal that green products exhibit struc-

tural margin constraints with limited markup adjustment capacity, experiencing amplified quan-

tity losses when currency movements compress margins (Berman et al., 2012; Chatterjee et al.,

2013). These patterns indicate that the structural margin constraints penalizing green products

relative to conventional ones impose competitive disadvantages that price premia alone cannot

overcome—consistent with evidence that environmental regulations raise production costs (Green-

stone et al., 2012; Dechezleprêtre and Sato, 2017) but do not automatically generate offsetting

demand increases.

Second, patent protection reverses these patterns. Patent-protected green products achieve

higher quantities and higher total export revenues while retaining most of the unit value premium.

This quantity expansion is equivalent for non-green and green patents, indicating that legal pro-

tection and credibility signaling operate independently of environmental content. Patents solve

two distinct problems for green products: they provide appropriability, preventing imitation of

costly environmental innovations (Jaffe et al., 2003; Popp et al., 2010), and credibility, offering

verifiable signals of genuine environmental improvement rather than greenwashing (Delmas and

Burbano, 2011). Following de Rassenfosse et al. (2022), we exploit within-firm variation in patent

protection across destinations to address the endogeneity of patent filing decisions. Exchange

rate shocks suggest that patent protection partially mitigates green products’ pricing constraints,

though the margin decomposition is not statistically conclusive due to sample size limitations.

Third, destination environmental policy stringency expands green product exports primarily

through quantities rather than prices. Stricter regulations raise green product export quantities

while compressing unit value premiums, yielding a net positive export value effect. This demand

expansion is substantially stronger for market-based instruments (carbon taxes, emissions trading

schemes) than for non-market regulations (technology bans, performance standards), suggesting

that price-based policies generate larger demand shifts—consistent with theoretical predictions

that carbon pricing directly alters relative costs of conventional versus green alternatives (Popp,

2019). However, environmental stringency attenuates but does not eliminate the baseline disad-
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vantages of unpatented green products—the quantity penalty and price-quantity tradeoff persist

even in high-stringency markets. This finding parallels evidence that consumer environmental

preferences exist (Peattie, 2010; Kahn, 2007; Vona et al., 2018; Besley and Persson, 2023) but do

not automatically translate into sufficient willingness-to-pay to overcome green cost disadvantages.

These findings have important implications for the Porter hypothesis (Porter, 1991; Porter and

van der Linde, 1995). Aggregate studies examining firm-level or industry-level outcomes (Jaffe and

Palmer, 1997; Ambec et al., 2013; Ghisetti and Rennings, 2014) obscure systematic heterogeneity

between patented and unpatented green products. Our transaction-level analysis clarifies that

environmental regulations impose cost penalties, but innovation protection can mitigate (though

not eliminate) these penalties by enabling appropriability and credibility. This supports a a

weak version of the Porter hypothesis: environmental compliance constrains competitiveness, but

innovation reduces constraints rather than transforming them into advantages. This interpretation

aligns with recent evidence that environmental patents can improve firm productivity (Fabrizi

et al., 2018) but do not uniformly generate competitive advantages across all contexts.

The policy implications are nuanced. Patent systems play a dual role for green prod-

ucts—protecting costly innovations and providing credible quality signals—but this limits green

transitions to products where environmental attributes are patentable and where consumers value

certified innovation. Environmental policy stringency can expand green product markets, partic-

ularly through market-based instruments, though the estimated marginal effects attenuate rather

than eliminate the cost disadvantages or volume constraints faced by green products without

patent protection. This suggests that market-driven green transitions face fundamental con-

straints: policies that reduce green production costs (e.g., subsidies for clean technology adoption)

or expand demand beyond certification-responsive consumer segments (e.g., technology bans, min-

imum performance standards) may be necessary to achieve broader market penetration. Moreover,

the finding that green patents enable premium positioning but do not generate exceptional vol-

ume growth in highly regulated markets suggests that regulatory design matters: policies creating

large mass markets for basic environmental performance may be more effective at driving scale

than policies rewarding incremental quality improvements. These tensions echo broader debates

in environmental economics about the appropriate mix of technology-push versus demand-pull

policies (Acemoglu et al., 2012; Aghion et al., 2016).24

24 For comprehensive reviews of environmental policy and innovation interactions, see Popp (2019) and Jaffe et al.
(2003).
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A Variables and Data Sources

This appendix provides a summary of the definitions and sources for all variables used in the

empirical analysis. Table 10 summarizes the construction of our key variables and their primary

data sources, including the dependent variables (export outcomes), green product and patent

indicators, environmental policy measures, and control variables.

Table 10: Variable Definitions and Data Sources

Variable Definition Source

Dependent Variables
lnXfpcy Log of export value COE
lnQuantityfpcy Log of total quantity exported COE
lnUnitValuefpcy Log of unit value (value per quantity) COE

Green Product and Patent Indicators
GreenProductp = 1 if HS6 in WTO/OECD/APEC green

lists
Classification

DPatfpcy = 1 if firm holds patent covering product-
destination

ORBIS-IP + Concordance

GreenPatfpcy = 1 if green patent covers product-
destination

ORBIS-IP + WIPO

Environmental Policy
EPScy OECD Environmental Policy Stringency in-

dex (standardized)
OECD Statistics

EPSmarket
cy Market-based EPS sub-index (standardized) OECD Statistics

EPSnon-market
cy Non-market EPS sub-index (standardized) OECD Statistics

EPSTechSupp
cy EPS technology support index (standard-

ized)
OECD Statistics

Exchange Rates
RealFXcy Real exchange rate (PPP-adjusted, LCU per

EUR)
ECB + WDI

Nominal FX rate Nominal exchange rate (LCU per EUR) ECB

Gravity and Demand Controls
lnGDPcy Log of destination real GDP WDI
lnGDP pc

cy Log of destination real GDP per capita WDI
lnDemandpcy Log(1 + imports excl. Italy) by prod-dest-

year
CEPII-BACI

Total quantity demand Log(1 + import quantity excl. Italy) CEPII-BACI

Product and Destination Classifications
HS 2-digit HS 2-digit chapter code Classification
HS 4-digit HS 4-digit heading code Classification
HS 6-digit HS 6-digit product code Classification
TechSim product group Technology similarity match group Custom classification
Income class Destination income category (4 levels) OECD/WB

Note: All HS codes refer to the HS 2002 vintage. EPS indices are standardized to facilitate interpretation of

interaction coefficients.
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B Green Products Definitions

There is no globally agreed definition of “green” products at a granular trade-classification level.

Several international organisations have proposed lists of environmental goods over the past two

decades, each reflecting its own scope, methodology, and political constraints. The WTO Doha

Round (2001) negotiated a Core List of environmental goods, although the broader Environmen-

tal Goods Agreement talks stalled in 2016 without a final outcome (WTO, 2001). The OECD

Combined List (1999) merges an early illustrative list with a 2014 custom-products list (OECD,

1999). The APEC List of Environmental Goods, adopted in 2012, identifies products subject to

tariff reductions among Asia-Pacific economies (APEC, 2012). These lists overlap substantially

but are not identical, reflecting different criteria—environmental end-use, technological content,

and tariff scope.

Mealy and Teytelboym (2022) consolidate the WTO Doha Core, the OECD Combined, an

extended OECD list (OECD2), and the APEC list into a single dataset of 525 HS6 candidate

products evaluated across the four processes. Of these candidates, 301 appear on at least one final

list. We adopt this consolidation: a transaction is flagged as green if its HS6 code appears in the

union of the four lists.

The classification is inherently broad at the HS6 level. The six-digit nomenclature aggregates

products with different end uses under common headings, including catch-all (n.e.s.) categories

that mix environmental and non-environmental items. We treat the resulting measurement error

as classical and address it empirically through multiple specifications in Section 4: examining

green products irrespective of patent status, patent protection irrespective of green status, and the

interaction of green products with green patent protection as the strictest test of green innovation

effects. As an additional robustness check, we construct technological similarity groups linking

each green HS6 code to its closest conventional counterparts (Appendix C).

To facilitate transparency, we provide an interactive online tool that lets readers browse

the full classification, including each HS6 code’s membership across the four lists and a sum-

mary of the environmental benefits considered (available at https://sites.google.com/view/

angelocuzzola/green-products-and-tech-similarity; the same site hosts the technological

similarity browser of Appendix C). The same Mealy–Teytelboym methodology also underlies the

Green Transition Navigator (Andres and Mealy, 2023), an interactive visualisation of countries’

green-export capabilities and complexity, presented in Andres et al. (2023); we gratefully acknowl-
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edge both.

C Technological Similarity Groups

Technology match groups were constructed to enable within-technology comparisons between

green and conventional products, constructing control groups at the same granularity level of green

product classification without absorbing variation in the green product dummy. The matching

procedure involved examining, for each green product code, official HS6 product descriptions and

identifying conventional alternatives that share similar: i) Production processes (e.g., bio-based

vs. petroleum-based plastic films); ii) end-use applications (e.g., insulation materials, regardless

of composition); iii) functional characteristics (e.g., energy-efficient vs. conventional appliances).

Products were assigned unique match group identifiers. The final classification contains 89 distinct

technology match groups, each containing between 2 and 12 HS6 codes.

This classification involves subjective judgment. Alternative groupings are possible and may

be equally defensible. We acknowledge the following limitations. First, some green products

could plausibly match to multiple conventional alternatives. Our choices prioritize production

process similarity over end-use similarity. Second, not all green products have clear conventional

counterparts at the HS6 level. Approximately 15% of green codes remain ungrouped and are

excluded from specifications using this variable. Third, HS6 descriptions can be vague. Some

groupings may conflate products with different technical specifications.

To facilitate transparency and assessment, we provide an interactive online tool to browse

the complete classification (available at: https://sites.google.com/view/angelocuzzola/

green-products-and-tech-similarity)

D Robustness Check: Green Premium in the Full Sample of

Italian Exporters

The main analysis in Section 4 restricts the sample to firms that hold at least one patent during the

sample period. This restriction is motivated by our focus on the interaction between innovation

and environmental product characteristics in subsequent analyses. However, since the baseline

green premium regression (Equation 19) does not directly involve patent-related variables, we can
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assess the robustness of our findings by estimating the same specification on the complete universe

of Italian exporters.

This robustness check validates our decision to focus on patent-holding firms in the main

analysis while demonstrating that the baseline green premium estimates are representative of the

broader population of Italian exporters.

D.1 Green Products in the Export Markets for the full sample

Table 11 replicates the analysis from Table 4 using all the export transaction by Italian exporters

during the span 2005-2019. Panel A employs the baseline specification with 4-digit HS product

category controls, while Panel B uses the technological similarity matching approach described in

the main text.

The results from the full sample are consistent with those obtained from the patent-holding

firm subsample. In Panel A, green products exhibit an 18.7% unit price premium, a 31.0%

quantity penalty, and an 18.3% reduction in total export values. These magnitudes are broadly

comparable to those in the patent-holder sample Panel A (19.8%, 30.7%, and 17.1%, respectively),

with minor differences in both directions, confirming that the qualitative pattern holds: green

products command higher prices but face quantity penalties that dominate the value effect.

The technological similarity matching in Panel B shows larger effects in the full sample com-

pared to Panel A, consistent with the pattern observed in the main analysis. Green products

exhibit a 32.2% price premium, a 51.7% quantity reduction, and a 36.3% decrease in export val-

ues. Again, these effects are somewhat more pronounced than in Panel A but follow the same

directional pattern as the patent-holder sample.

The sample size increases substantially when including all exporters: from 4.2 million to 14.3

million observations in Panel A, and from 1.25 million to 3.16 million in Panel B. This expansion

reflects the fact that the patent-holder restriction excludes approximately 70% of export transac-

tions. The larger sample in the full dataset improves statistical precision, as evidenced by smaller

standard errors, and confirms that our main findings are not artifacts of focusing on innovative

firms.

The consistency between the patent-holder and full samples suggests that the green premium

pattern—higher prices, lower quantities, and lower total values—is a general characteristic of

green product exports rather than a phenomenon specific to innovative firms. The slightly smaller
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Table 11: Green Products Export Performances
(Full sample of Italian Exporters)

Panel A: 4-digit HS Product Categories

Dependent Variables: lnXfpcy lnQuantityfpcy lnUnitValuefpcy
Model: (1) (2) (3)

Variables
GreenProdp −0.2016∗∗∗ −0.3715∗∗∗ 0.1711∗∗∗

(0.0469) (0.0686) (0.0234)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes
Country–Year Yes Yes Yes

Fit statistics
Observations 14,252,088 14,150,314 14,150,314
R2 0.66627 0.80295 0.92429
Within R2 0.00047 0.00122 0.00154

Clustered (Product (6-digit)–Year) standard errors in parentheses

Panel B: Technological Similarity Matching

Dependent Variables: lnXfpcy lnQuantityfpcy lnUnitValuefpcy
Model: (1) (2) (3)

Variables
GreenProdp −0.4510∗∗∗ −0.7290∗∗∗ 0.2789∗∗∗

(0.0805) (0.1268) (0.0478)

Fixed-effects
Firm–Country–TechSim Product Yes Yes Yes
Firm–TechSim Product–Year Yes Yes Yes
Country–Year Yes Yes Yes

Fit statistics
Observations 3,158,105 3,143,020 3,143,020
R2 0.67918 0.76063 0.87106
Within R2 0.00674 0.01174 0.00858

Clustered (TechSim Product–Year) standard errors in parentheses
Significance codes: ***: 0.01, **: 0.05, *: 0.1

Note: This table replicates the analysis from Table 4 using the complete universe of Italian exporters rather than
only patent-holding firms. The dependent variables are the natural logarithm of export value (lnXfpcy), quantity
(lnQuantityfpcy), and unit value (lnUnitValuefpcy) at the firm-product-country-year level. The main explanatory
variable is a green product indicator that equals one if the transaction involves a product classified as
environmentally friendly. Panel A controls for 4-digit HS product categories, while Panel B uses technological
similarity matching. Standard errors are clustered at the product-year level (Panel A) or technological similarity
product-year level (Panel B).
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magnitudes in the full sample (particularly in Panel A) may indicate that patent-holding firms

export green products with somewhat larger price-quantity differentials, possibly because they

produce more technologically advanced or differentiated green variants. However, the differences

are modest and do not alter the substantive conclusions.

D.2 Exchange Rate Pass-Through in the Full Sample

We extend the exchange rate pass-through analysis to the full sample of Italian exporters to

assess whether the differential price rigidity of green products observed among patent-holding

firms generalizes to the broader population of exporters. Tables 12 and 13 present the results for

all destinations and excluding Euro area destinations, respectively.

The results closely mirror those obtained from the patent-holding firm sample. Table 12 (all

destinations) shows that green products exhibit a positive interaction coefficient on unit values

(0.0473), indicating smaller price reductions in response to exchange rate appreciation compared

to non-green products. This price rigidity is accompanied by a more negative interaction on

quantities (-0.0983), implying that green products suffer larger volume losses when the domestic

currency appreciates. The net effect on total export values is negative (-0.0513), demonstrating

that limited price flexibility cannot prevent disproportionate declines in export revenues.

When restricting to non-Euro area destinations (Table 13), the interaction coefficients re-

main qualitatively identical but slightly smaller in magnitude: 0.0434 for unit values, -0.0861

for quantities, and -0.0428 for export values. These patterns are nearly identical to those in the

patent-holder sample (Table 5: 0.0356, -0.0680, and -0.0339, respectively), with the full sample

showing marginally larger effects.

Comparing the full sample results to the patent-holder sample reveals remarkable consistency.

In both samples, green products display the characteristic pattern of high-cost peripheral prod-

ucts: limited ability to adjust prices downward (smaller price cuts) combined with sharp quantity

contractions when facing adverse exchange rate movements. The slightly larger magnitudes in the

full sample suggest that non-patent-holding firms may export green products with even tighter

cost constraints, but the differences are modest.

This robustness check confirms that the exchange rate pass-through patterns identified in the

main analysis are not specific to innovative firms. The finding that green products behave like

margin-constrained peripheral products—exhibiting price rigidity and large quantity adjustments
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Table 12: FX rates Pass-through for Green Products
(Full sample, all destinations)

Dependent Variables: lnXfpcy lnQuantityfpcy lnUnitValuefpcy
Model: (1) (2) (3)

Variables
GreenProdp −0.2009∗∗∗ −0.2642∗∗∗ 0.0649∗∗∗

(0.0368) (0.0496) (0.0159)

Exchange rate effects

Real FX rate −0.0156∗ −0.0480∗∗∗ −0.0321∗∗∗

(0.0084) (0.0095) (0.0031)

Real FX rate ×GreenProdp −0.0513∗∗∗ −0.0983∗∗∗ 0.0473∗∗∗

(0.0085) (0.0123) (0.0049)

Controls

lnDemandpcy 0.1918∗∗∗ 0.2000∗∗∗ −0.0092∗∗∗

(0.0046) (0.0049) (0.0015)

lnGDPcy 0.1390∗∗ 0.2199∗∗∗ −0.0893∗∗∗

(0.0668) (0.0725) (0.0219)

lnGDP pc
cy 0.4646∗∗∗ 0.5194∗∗∗ −0.0635∗∗∗

(0.0684) (0.0742) (0.0222)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes
Year Yes Yes Yes

Fit statistics
Observations 8,499,894 8,428,340 8,428,340
R2 0.67873 0.79719 0.92148
Within R2 0.02380 0.02113 0.00154

Clustered (Product (6-digit)–Year) standard errors in parentheses
Significance codes: ***: 0.01, **: 0.05, *: 0.1

Note: This table replicates the exchange rate pass-through analysis using the complete universe of Italian exporters.

under exchange rate shocks—holds across the entire population of Italian exporters, reinforcing the

interpretation that green products face higher marginal costs relative to conventional alternatives.

E Exchange rate Pass-Through: Robustness Checks

This appendix presents robustness checks for the exchange rate pass-through analysis re-

ported in the main text. We examine whether the differential pricing behavior of green prod-

ucts—characterized by greater price rigidity and larger quantity responses to exchange rate
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Table 13: FX rates Pass-through for Green Products
(Full sample, non-Euro destinations)

Dependent Variables: lnXfpcy lnQuantityfpcy lnUnitValuefpcy
Model: (1) (2) (3)

Variables
GreenProdp −0.2214∗∗∗ −0.3028∗∗∗ 0.0833∗∗∗

(0.0382) (0.0529) (0.0170)

Exchange rate effects

Real FX rate 0.0058 0.0370∗∗∗ −0.0311∗∗∗

(0.0085) (0.0096) (0.0031)

Real FX rate ×GreenProdp −0.0428∗∗∗ −0.0861∗∗∗ 0.0434∗∗∗

(0.0083) (0.0119) (0.0046)

Controls

lnDemandpcy 0.1657∗∗∗ 0.1742∗∗∗ −0.0100∗∗∗

(0.0048) (0.0051) (0.0014)

lnGDPcy −0.2268∗∗∗ −0.3226∗∗∗ 0.1041∗∗∗

(0.0695) (0.0758) (0.0226)

lnGDP pc
cy 0.5349∗∗∗ 0.6043∗∗∗ −0.0781∗∗∗

(0.0709) (0.0771) (0.0229)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes
Year Yes Yes Yes

Fit statistics
Observations 7,815,829 7,744,283 7,744,283
R2 0.65381 0.79646 0.92550
Within R2 0.01915 0.01678 0.00184

Clustered (Product (6-digit)–Year) standard errors in parentheses
Significance codes: ***: 0.01, **: 0.05, *: 0.1

Note: This table replicates the exchange rate pass-through analysis using the complete universe of Italian exporters,
excluding Euro area destinations, ensuring that PPP adjustments reflect genuine currency risk rather than struc-
tural price differences within a monetary union.

shocks—holds under alternative sample compositions and specification choices.

E.1 Robustness to sample composition: Euro area country inclusion

The main analysis excludes Euro area destinations to avoid confounding PPP-adjusted real ex-

change rates with structural price differentials within the monetary union. Table 14 relaxes this

restriction and includes all export destinations, incorporating countries that share the Euro with
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Italy.

The results confirm that the differential exchange rate sensitivity of green products persists

when Euro area countries are included. The baseline real exchange rate elasticity (β2) for export

values is negative (-0.0746), indicating that appreciation of the real exchange rate reduces export

values. This coefficient now reflects both nominal exchange rate movements for non-Euro des-

tinations and PPP adjustments capturing structural factors within the Euro area. The critical

interaction term remains negative and significant (-0.0463), demonstrating that green products

continue to exhibit margin-constrained behavior relative to non-green products.

Examining the decomposition into prices and quantities reveals the same qualitative pattern

observed in the main specification. For quantities (Column 2), the baseline real exchange rate

elasticity is -0.0415, while the interaction term is -0.0833, nearly twice as large in magnitude. This

indicates that green products experience substantially larger volume losses under exchange rate

pressure. For unit values (Column 3), the baseline elasticity is -0.0330 (reflecting standard pass-

through behavior), but the interaction coefficient is positive and significant (0.0385), showing that

green products reduce prices significantly less than non-green products in response to exchange

rate appreciation.

The net effect on export values (-0.0746 - 0.0463 = -0.1209 for green products versus -0.0746 for

non-green products) confirms that limited price flexibility translates into inferior performance un-

der exchange rate pressure. The control variables maintain their expected signs: product-specific

demand positively affects values and quantities, while GDP per capita and total GDP capture

cross-country differences in import propensity and market size. The consistency of the interac-

tion terms across specifications—both in sign and statistical significance—demonstrates that the

margin-constrained pricing behavior of green products generalizes across all export destinations,

not merely those with floating exchange rates.

E.2 Robustness to the inclusion of country-year fixed effects

A potential concern with the baseline specification is that unobserved country-year specific

shocks—such as changes in trade policy, regulatory environments, or market-specific demand

shifts—may correlate with both exchange rates and green product or green innovation perfor-

mance. The empirical exercises in this section addresses this concern by incorporating country-

year fixed effects, which absorb all time-varying country-level variation including the real exchange
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Table 14: FX rates Pass-through for Green Products
(Patent-holders sample, all destinations)

Dependent Variables: lnXfpcy lnQuantityfpcy lnUnitValuefpcy
Model: (1) (2) (3)

Variables
GreenProdp −0.2101∗∗∗ −0.2986∗∗∗ 0.0873∗∗∗

(0.0454) (0.0590) (0.0194)

Exchange rate effects

Real FX rate −0.0746∗∗∗ −0.0415∗∗∗ −0.0330∗∗∗

(0.0065) (0.0078) (0.0031)

Real FX rate ×GreenProdp −0.0463∗∗∗ −0.0833∗∗∗ 0.0385∗∗∗

(0.0103) (0.0146) (0.0062)

Controls

lnDemandpcy 0.2254∗∗∗ 0.2335∗∗∗ −0.0082∗∗∗

(0.0045) (0.0053) (0.0019)

lnGDP pc
cy 0.1337∗ 0.1709∗∗ −0.0400

(0.0696) (0.0798) (0.0333)

lnGDPcy 0.1955∗∗∗ 0.1612∗∗ 0.0389
(0.0690) (0.0799) (0.0334)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes
Year Yes Yes Yes

Fit statistics
Observations 2,506,528 2,491,587 2,491,587
R2 0.70194 0.76575 0.87987
Within R2 0.02210 0.01930 0.00184

Clustered (Product (6-digit)–Year) standard errors in parentheses
Significance codes: ***: 0.01, **: 0.05, *: 0.1

Note: This table replicates the exchange rate pass-through analysis including all export destinations, incorporating
Euro area countries that share a common currency with Italy. The dependent variables are the natural logarithm
of export value, quantity, and unit value at the firm-product-country-year level. The specification includes green
product indicators and PPP-adjusted real exchange rate interactions. All specifications include firm-country-
product, firm-product-year, and year fixed effects. Standard errors are clustered at the product-year level.

rate level and all country-year controls (GDP, GDP per capita, product-specific demand, and any

other time-varying country characteristics).

This stringent specification identifies the differential green product and green innovation elas-

ticity purely from within-country-year variation in the interaction between product greenness and

exchange rate exposure. For each dependent variable, Column (1) retains year fixed effects and

the real exchange rate level as a benchmark, Column (2) replaces year effects with country-year
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fixed effects (thereby absorbing the real FX rate variable), and Column (3) returns to year fixed

effects but includes GDP controls for comparison.

Exchange rate sensitivity of Green Products The critical result is that the interaction term

maintains its sign, magnitude, and statistical significance across all three specifications for each

dependent variable. For export values (Table 15), the interaction coefficient ranges from -0.0327

to -0.0339, all highly significant at the 1% level. For quantities (Table 16), the interaction term is

consistently negative, ranging from -0.0637 to -0.0680, indicating that green products experience

disproportionate volume losses under exchange rate pressure regardless of the fixed effect structure.

For unit values (Table 17), the interaction coefficient is positive across all specifications (0.0325 to

0.0356), confirming that green products exhibit significantly less price flexibility than non-green

products.

The consistency of these interaction coefficients when country-year fixed effects absorb the

real exchange rate level (Column 2) provides strong evidence that the differential pricing behavior

of green products does not arise from spurious correlation between greenness and unobserved

country-year shocks. Even when we control for all possible time-varying country-level factors

through country-year fixed effects, green products continue to exhibit margin-constrained pricing:

they reduce prices less (positive interaction on unit values), suffer larger volume declines (negative

interaction on quantities), and consequently experience worse overall export performance (negative

interaction on values) in response to exchange rate movements.

The product-specific demand variable maintains its expected sign and significance across spec-

ifications where it can be identified (Columns 1 and 3), confirming that this product-level control

captures variation distinct from country-year factors. The GDP controls in Column (3) show

that per capita income positively affects export values and quantities but negatively affects prices,

consistent with quality upgrading and income effects in international trade. The stability of

the interaction coefficients across these demanding specifications—particularly when country-year

fixed effects eliminate all country-level variation—demonstrates that the margin-constrained pric-

ing behavior of green products reflects product-level cost characteristics rather than confounding

market-level factors.

Exchange rate sensitivity of Green Innovations The same robustness exercise is conducted

for green innovations, comparing the baseline specification with year fixed effects (Column 1), the
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Table 15: Differential FX rate Pass-through for Green Products with country-year fixed effects: Export
Value

Dependent Variable: lnXfpcy

Model: (1) (2) (3)

Variables
GreenProdp −0.2427∗∗∗ −0.2412∗∗∗ −0.2417∗∗∗

(0.0452) (0.0452) (0.0443)

Exchange rate effects

Real FX rate −0.1024∗∗∗ −0.0835∗∗∗

(0.0062) (0.0064)

Real FX rate ×GreenProdp −0.0327∗∗∗ −0.0326∗∗∗ −0.0339∗∗∗

(0.0093) (0.0093) (0.0094)

Controls

lnDemandpcy 0.1933∗∗∗ 0.1912∗∗∗ 0.1910∗∗∗

(0.0042) (0.0043) (0.0043)

lnGDP pc
cy 0.2088∗∗∗

(0.0713)

lnGDPcy 0.0473
(0.0709)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes
Year Yes Yes
Country–Year Yes

Fit statistics
Observations 2,247,617 2,247,617 2,147,146
R2 0.66855 0.66923 0.66553
Within R2 0.01728 0.01637 0.01724

Clustered (Product (6-digit)–Year) standard errors in parentheses
Significance codes: ***: 0.01, **: 0.05, *: 0.1

Note: This table examines the robustness of the differential exchange rate elasticity of green products to the
inclusion of country-year fixed effects. The sample excludes Euro area destinations. The dependent variable is the
natural logarithm of export value. Column (1) includes year fixed effects and the real exchange rate level; Column
(2) replaces year effects with country-year fixed effects, which absorbs the real FX rate variable and all country-
year controls; Column (3) returns to year fixed effects and adds GDP controls. The interaction term identifies the
differential exchange rate sensitivity of green products. Standard errors are clustered at the product-year level.

stringent country-year fixed effects specification (Column 2), and the year fixed effects specifica-

tion augmented with GDP controls (Column 3), as reported in Tables 18, 19, and 20. The key

result from the main text carries through: the triple interaction between the real exchange rate,

patent status, and green product classification maintains the same sign and statistical significance

across all three specifications and all three dependent variables. Patent-protected green products

thus continue to exhibit systematically lower exchange rate pass-through than unpatented green

products regardless of whether identification comes from year fixed effects or from the more de-
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Table 16: Differential FX rate Pass-through for Green Products with country-year fixed effects: Export
Quantity

Dependent Variable: lnQuantityfpcy

Model: (1) (2) (3)

Variables
GreenProdp −0.3500∗∗∗ −0.3480∗∗∗ −0.3439∗∗∗

(0.0641) (0.0641) (0.0624)

Exchange rate effects

Real FX rate −0.0697∗∗∗ −0.0490∗∗∗

(0.0075) (0.0077)

Real FX rate ×GreenProdp −0.0637∗∗∗ −0.0638∗∗∗ −0.0680∗∗∗

(0.0132) (0.0132) (0.0135)

Controls

lnDemandpcy 0.2035∗∗∗ 0.2011∗∗∗ 0.2010∗∗∗

(0.0053) (0.0054) (0.0054)

lnGDP pc
cy 0.2816∗∗∗

(0.0825)

lnGDPcy −0.0260
(0.0831)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes
Year Yes Yes
Country–Year Yes

Fit statistics
Observations 2,232,272 2,232,272 2,132,201
R2 0.75746 0.75790 0.75563
Within R2 0.01497 0.01435 0.01489

Clustered (Product (6-digit)–Year) standard errors in parentheses
Significance codes: ***: 0.01, **: 0.05, *: 0.1

Note: This table examines the robustness of the differential exchange rate elasticity of green products to the
inclusion of country-year fixed effects. The sample excludes Euro area destinations. The dependent variable is
the natural logarithm of export quantity. Column (1) includes year fixed effects and the real exchange rate level;
Column (2) replaces year effects with country-year fixed effects, which absorbs the real FX rate variable and all
country-year controls; Column (3) returns to year fixed effects and adds GDP controls. The interaction term
identifies the differential exchange rate sensitivity of green products. Standard errors are clustered at the product-
year level.

manding within-country-year variation. As in the main text, the quadruple interaction involving

green patent status remains statistically indistinguishable from zero across all specifications and

dependent variables. The consistency of these results when country-year fixed effects absorb all

time-varying country-level variation, including the real exchange rate level itself, confirms that

the differential FX sensitivity of green innovations reflects product- and firm-level characteristics

rather than confounding country-year shocks.
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Table 17: Differential FX rate Pass-through for Green Products with country-year fixed effects: Export
Price

Dependent Variable: lnUnitValuefpcy
Model: (1) (2) (3)

Variables
GreenProdp 0.1062∗∗∗ 0.1057∗∗∗ 0.1011∗∗∗

(0.0224) (0.0223) (0.0216)

Exchange rate effects

Real FX rate −0.0328∗∗∗ −0.0346∗∗∗

(0.0030) (0.0031)

Real FX rate ×GreenProdp 0.0325∗∗∗ 0.0327∗∗∗ 0.0356∗∗∗

(0.0054) (0.0054) (0.0056)

Controls

lnDemandpcy −0.0106∗∗∗ −0.0103∗∗∗ −0.0105∗∗∗

(0.0019) (0.0020) (0.0020)

lnGDP pc
cy −0.0748∗∗

(0.0341)

lnGDPcy 0.0770∗∗

(0.0345)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes
Year Yes Yes
Country–Year Yes

Fit statistics
Observations 2,232,272 2,232,272 2,132,201
R2 0.88396 0.88408 0.88374
Within R2 0.00217 0.00210 0.00223

Clustered (Product (6-digit)–Year) standard errors in parentheses
Significance codes: ***: 0.01, **: 0.05, *: 0.1

Note: This table examines the robustness of the differential exchange rate elasticity of green products to the
inclusion of country-year fixed effects. The sample excludes Euro area destinations. The dependent variable is the
natural logarithm of unit value. Column (1) includes year fixed effects and the real exchange rate level; Column (2)
replaces year effects with country-year fixed effects, which absorbs the real FX rate variable and all country-year
controls; Column (3) returns to year fixed effects and adds GDP controls. The interaction term identifies the
differential price flexibility of green products. Standard errors are clustered at the product-year level.

F Green Innovations and Protection from Multiple Patents

A potential concern in defining green patent protection is that a single green patent in a firm’s

portfolio may not constitute meaningful protection, since transactions are typically covered by

multiple patents simultaneously. The main analysis therefore adopts a conservative definition

requiring that at least 25% of the patents associated with a given product transaction be green

patents. This appendix documents the measurement issue that motivates the threshold (F.1),

justifies the 25% choice on the data (F.2), and reports the sensitivity of the empirical results to a
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Table 18: Differential FX rate Pass-through for Green Innovations with country-year fixed effects:
Export Value

Dependent Variable: lnXfpcy

Model: (1) (2) (3)

Variables
GreenProdpcy −0.2675∗∗∗ −0.2662∗∗∗ −0.2677∗∗∗

(0.0451) (0.0451) (0.0442)

DPatfpct 0.1257∗∗∗ 0.1147∗∗∗ 0.1269∗∗∗

(0.0282) (0.0285) (0.0287)

Green Innovations Performances

DPatfpct × GreenProdpcy 0.3256∗∗∗ 0.3265∗∗∗ 0.3287∗∗∗

(0.0637) (0.0637) (0.0647)

DPatfpct × GreenPatfpct −0.0324 −0.0435 0.0031
(0.1011) (0.1012) (0.1018)

DPatfpct × GreenProdpcy × GreenPatfpct 0.1511 0.1586 0.1379
(0.1504) (0.1502) (0.1512)

Exchange rate effects

Real FX rate −0.1030∗∗∗ −0.0840∗∗∗

(0.0062) (0.0064)

Real FX rate ×GreenProdpcy −0.0297∗∗∗ −0.0296∗∗∗ −0.0301∗∗∗

(0.0092) (0.0093) (0.0094)

Real FX rate ×DPatfpct −0.0206 −0.0120 −0.0196
(0.0152) (0.0153) (0.0153)

Real FX rate ×GreenProdpcy ×DPatfpct 0.0886∗∗∗ 0.0879∗∗∗ 0.0838∗∗

(0.0337) (0.0336) (0.0345)

Real FX rate ×DPatfpct × GreenPatfpct 0.0535 0.0590 0.0245
(0.0497) (0.0497) (0.0499)

Real FX rate ×GreenProdpcy ×DPatfpct × GreenPatfpct −0.1060 −0.1087 −0.1032
(0.0796) (0.0795) (0.0804)

Controls

lnDemandcy 0.1927∗∗∗ 0.1906∗∗∗ 0.1904∗∗∗

(0.0042) (0.0043) (0.0043)

lnGDP pc
cy 0.1978∗∗∗

(0.0712)

lnGDPcy 0.0607
(0.0707)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes
Year Yes Yes
Country–Year Yes

Fit statistics
Observations 2,247,617 2,247,617 2,147,146
R2 0.66876 0.66944 0.66574
Within R2 0.01792 0.01701 0.01787

Clustered (Product (6-digit)–Year) standard errors in parentheses
Significance codes: ***: 0.01, **: 0.05, *: 0.1

Note: This table examines the differential exchange rate elasticity of green products, excluding all Euro area
destinations to ensure clean identification. The dependent variable is the natural logarithm of export value. The
specification includes green innovation indicators and PPP-adjusted real exchange rate interactions.
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Table 19: Differential FX rate Pass-through for Green Innovations with country-year fixed effects:
Export Quantity

Dependent Variable: lnQuantityfpcy

Model: (1) (2) (3)

Variables
GreenProdpcy −0.3820∗∗∗ −0.3803∗∗∗ −0.3775∗∗∗

(0.0645) (0.0645) (0.0628)

DPatfpct 0.1367∗∗∗ 0.1271∗∗∗ 0.1364∗∗∗

(0.0323) (0.0325) (0.0327)

Green Innovations Performances

DPatfpct × GreenProdpcy 0.4381∗∗∗ 0.4392∗∗∗ 0.4397∗∗∗

(0.0735) (0.0734) (0.0741)

DPatfpct × GreenPatfpct 0.0048 −0.0062 0.0468
(0.1153) (0.1154) (0.1162)

DPatfpct × GreenProdpcy × GreenPatfpct 0.1691 0.1758 0.1559
(0.1711) (0.1708) (0.1734)

Exchange rate effects

Real FX rate −0.0707∗∗∗ −0.0499∗∗∗

(0.0075) (0.0077)

Real FX rate ×GreenProdpcy −0.0593∗∗∗ −0.0593∗∗∗ −0.0626∗∗∗

(0.0132) (0.0132) (0.0135)

Real FX rate ×DPatfpct −0.0150 −0.0068 −0.0137
(0.0174) (0.0175) (0.0177)

Real FX rate ×GreenProdpcy ×DPatfpct 0.0849∗∗ 0.0842∗∗ 0.0813∗∗

(0.0389) (0.0388) (0.0401)

Real FX rate ×DPatfpct × GreenPatfpct 0.0368 0.0418 0.0042
(0.0573) (0.0572) (0.0580)

Real FX rate ×GreenProdpcy ×DPatfpct × GreenPatfpct −0.1187 −0.1209 −0.1181
(0.0904) (0.0903) (0.0930)

Controls

lnDemandcy 0.2028∗∗∗ 0.2004∗∗∗ 0.2003∗∗∗

(0.0053) (0.0054) (0.0054)

lnGDP pc
cy 0.2682∗∗∗

(0.0824)

lnGDPcy −0.0097
(0.0830)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes
Year Yes Yes
Country–Year Yes

Fit statistics
Observations 2,232,272 2,232,272 2,132,201
R2 0.75763 0.75808 0.75580
Within R2 0.01567 0.01506 0.01558

Clustered (Product (6-digit)–Year) standard errors in parentheses
Significance codes: ***: 0.01, **: 0.05, *: 0.1

Note: This table examines the differential exchange rate elasticity of green products, excluding all Euro area
destinations to ensure clean identification. The specification includes green innovation indicators and PPP-adjusted
real exchange rate interactions.
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less restrictive “at least one green patent” definition (F.3).

F.1 The Green Protection Multi-Patent Bias

A natural first-pass definition would label a transaction as green-patent-protected if at least one of

the patents covering it is classified as a green patent. This binary rule has a mechanical statistical

bias: products covered by many patents are mechanically more likely to be flagged green, even

when the underlying share of green patents is the same.

To see this, consider a transaction covered by N patents, each independently classified as green

with probability p. The probability that the transaction is flagged green under the “at least one”

rule is

Pr(flagged | N) = 1− (1− p)N , (25)

which is strictly increasing in N . Conversely, conditional on being flagged, the expected share

of green patents in the portfolio is decreasing in N : for a single-patent transaction the flagged

patent must be green, so the share is necessarily 1; for transactions covered by many patents, the

conditional share approaches the underlying population frequency p, which is typically small.

This pattern is evident in our data. Figure 3 reports the distribution of patent-family counts

among protected transactions, separately for those flagged green under the “at least one” rule and

those not flagged. Two facts stand out. First, green-flagged transactions are heavily concentrated

in multi-patent products: their mean is 12.4 patent families per transaction, versus 3.99 for non-

flagged transactions. Second, the actual green-patent share among green-flagged transactions is

monotonically declining in the number of patents covering the transaction (overlay lines): single-

patent green-flagged transactions have a green share of 100% by construction, while transactions

covered by ten or more patents have median green shares in the single-digit percentages.

The result is that, under the “at least one” rule, many transactions classified as green-patent-

protected are weak in the sense that the green-patent content is diluted in a much larger portfolio

of non-green patents. This dilution introduces classical measurement error: the binary flag does

not reliably identify transactions where environmental innovation plays a meaningful role.
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Figure 3: Distribution of patent families per transaction by green flag

Notes: The figure restricts attention to protected transactions covered by more than one patent family (trun-
cated at ten). Bars show the within-group share of transactions at each patent-family count, separately for green-
flagged transactions (at least one green patent, dark green) and non-flagged transactions (gray). Triangles report
the mean (blue) and median (red) green-patent share among green-flagged transactions at each count.

F.2 Green Protection Threshold

The dilution problem can be addressed by requiring a minimum share of green patents in the

protecting portfolio, rather than merely the presence of a single green patent. Table 21 reports

how varying this threshold affects two quantities: the share of green-flagged transactions that the

threshold retains, and the alignment of the retained subset with an independent product-based

green classification (OECD/APEC/WTO).

Two patterns are clear. First, as the threshold rises the retained subset shrinks (from 100% at

threshold 0 to 36% at threshold 0.50), while its mean green-patent share mechanically increases

(from 0.49 to 0.95). Second, the alignment with the product-based green classification improves

as the threshold tightens: the share of retained transactions that are also classified as green

products under the product-based definition rises from 38.3% at no threshold to a peak of 43.4% at

threshold 0.33, then declines as the threshold becomes too restrictive and starts excluding genuine

green-innovation cases. The improvement reveals that the discarded transactions—those with low

green-patent shares—are disproportionately not on the product-based green lists, consistent with

the dilution mechanism described in Section F.1.
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We choose a 25% threshold as our main definition. This choice retains a substantial sample

(60.1% of green-flagged transactions, or about 16,000 observations), improves alignment between

the patent-based and product-based green classifications by more than four percentage points

relative to the unfiltered rule, and sits below the peak so that further increases would offer only

marginal consistency gains at meaningful sample cost.

F.3 Robustness: Results under the Weakly-Green Definition

For completeness, we report below the empirical results under the unfiltered “at least one” defini-

tion. The comparison with the benchmark 25%-threshold tables shows how the dilution discussed

in Section F.1 affects the magnitude and significance of the green-innovation coefficients. Ta-

bles 22, 23, and 24 report the estimates under this alternative definition, to be compared with the

benchmark results in Tables 7, 8, and 9.

G Green Demand Effects: Robustness Exercises

G.1 Specification with demand shifters

This appendix presents robustness checks for the green demand effects analysis reported in Section

4. The main specification in Table 6 relies exclusively on country-year fixed effects to absorb all

time-varying destination characteristics, including aggregate demand conditions and macroeco-

nomic factors. Here, we verify that our results are robust to explicitly controlling for bilateral

demand shifters and macroeconomic variables while replacing country-year fixed effects with sep-

arate country and year effects.

The extended specification takes the form:

lnYfpcy = β1 ·GreenProductpcy+β2 ·(GreenProductpcy×EPScy)+Z
’
cyγ+αfcp+δfpy+µc+τy+εfpcy

(26)

where Zcy is a vector of destination-year controls including: (i) log aggregate import demand in

the destination-year (lnDemandpcy), capturing total import absorption; (ii) log GDP (lnGDPcy)

and log GDP per capita (lnGDP pc
cy ), controlling for market size and income levels; (iii) inflation

deviations from the cross-country average (πcy − πcy); and (iv) growth rate deviations from the
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cross-country average (gcy − gcy). Country fixed effects (µc) and year fixed effects (τy) replace the

country-year fixed effects, allowing these macroeconomic variables to vary while still controlling

for time-invariant destination characteristics and global time trends.

Table 25 replicates the analysis from Table 6 with these additional controls. The structure

mirrors the main table: columns (1)-(3) present results for the overall EPS index; columns (4)-(6)

for market-based instruments; columns (7)-(9) for non-market instruments; and columns (10)-(12)

for technology support policies.

The key interaction coefficients remain substantively unchanged for most specifications. For the

overall EPS index (columns 1-3), the interaction effects are 0.0435 (export values), 0.0861 (quan-

tities), and -0.0434 (unit values)—nearly identical to the baseline estimates of 0.0436, 0.0861, and

-0.0433. Similarly, market-based instruments show interaction coefficients of 0.0446 (quantities)

and -0.0406 (unit values) compared to baseline estimates of 0.0858 and -0.0404. Non-market instru-

ments yield 0.0394 (quantities) and -0.0351 (unit values); the quantity effect is somewhat smaller

than the baseline estimate of 0.0734, though the unit value compression is identical, suggesting

that the non-market quantity response is sensitive to the specification of destination-specific con-

trols. Technology support coefficients are 0.0339 and -0.0186, compared to 0.0341 and -0.0185 in

the baseline.

The slight differences in magnitudes reflect the different identifying variation. The baseline

specification with country-year fixed effects identifies effects purely from within-destination-year

variation, comparing how the green-conventional gap changes with policy stringency after absorb-

ing all other destination-year factors. The robustness specification identifies effects from cross-

destination variation in policy stringency, conditional on explicit macroeconomic controls. The

fact that both approaches yield nearly identical coefficients strengthens confidence that environ-

mental policy stringency genuinely moderates green product performance, rather than proxying

for unobserved demand or economic conditions.

The demand and macroeconomic controls enter with expected signs. Import demand shows

a strong positive effect on export values and quantities, with a small negative effect on unit

values, consistent with standard trade patterns. GDP per capita enters positively for values and

quantities, suggesting richer markets import more. The inflation and growth deviations show

that destinations experiencing above-average inflation or growth import more, consistent with

procyclical trade flows.
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Importantly, the inclusion of these controls does not materially affect the green product main

effects or the environmental policy interactions. This confirms that the moderating role of envi-

ronmental stringency documented in the main analysis is robust to alternative specifications and

not confounded by aggregate demand conditions or macroeconomic cycles.

G.2 Robustness: Environmental Policy Components

Table 27 disaggregates the overall EPS index into market-based instruments (Models 4-6) and

non-market regulatory approaches (Models 7-9), and technology support policies (Models 10-12).

Market-based instruments include carbon pricing, emission trading schemes, and environmental

taxes—mechanisms that create price signals for environmental externalities. Non-market ap-

proaches encompass command-and-control regulations such as emission standards and technology

mandates. Technology support captures direct subsidies and R&D incentives for environmental

innovation.

The disaggregated results reveal that the effect of environmental stringency on patent-protected

products varies across instrument types. Non-market regulations exhibit the clearest negative in-

teraction with patent protection: the DPat×EPSnon-market coefficients are -0.0343 on values (signif-

icant at 5%) and -0.0335 on quantities (significant at 10%), while the corresponding market-based

interactions are smaller and statistically insignificant. This pattern suggests that prescriptive reg-

ulatory approaches may reduce the value of patent protection by standardizing technology choices,

whereas price-based mechanisms preserve innovation incentives.

Technology support policies show a different and positive pattern. The interaction DPat ×

GreenPat×EPStechsupp is positive and significant for both values (0.0755, p < 0.05) and quantities

(0.0717, p < 0.05), indicating that technology support policies amplify the performance advantage

of green-patent-holding firms. This is consistent with a complementarity between public R&D

support and private patent protection.
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H Patent Protection Effects along de Rassenfosse et al.

(2022)

H.1 Motivation and Methodological Considerations

This appendix presents a series of specifications that follow the approach of de Rassenfosse et al.

(2022) to identify the causal effect of patent protection on export performance. As no evidence

to date was available for Italy, before presenting the analysis reported in the main body of the

text, it was necessary to perform such a consistency check. The key methodological point is the

inclusion of product-level fixed effects interacted with all other dimensions (firm, country, and

time) to address endogeneity concerns in patent protection decisions. The estiamted model is:

lnYfpcy = β · DPatfpcy + αfpc + γfpy + δcpy + εfpcy (27)

This baseline specification identifies the patent premium by comparing the same product, exported

by the same firm to the same country, in periods with and without patent protection. The

coefficient β captures the average effect of patent protection on export outcomes. The effect

is identified from within-firm-product-country variation in patent protection status over time,

controlling for all product-specific trends. Table 28 reports the results.
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Table 20: Differential FX rate Pass-through for Green Innovations with country-year fixed effects:
Export Price

Dependent Variable: lnUnitValuefpcy
Model: (1) (2) (3)

Variables
GreenProdpcy 0.1136∗∗∗ 0.1132∗∗∗ 0.1089∗∗∗

(0.0227) (0.0227) (0.0220)

DPatfpct −0.0111 −0.0126 −0.0101
(0.0118) (0.0118) (0.0119)

Green Innovations Performances

DPatfpct × GreenProdpcy −0.1205∗∗∗ −0.1207∗∗∗ −0.1188∗∗∗

(0.0277) (0.0277) (0.0278)

DPatfpct × GreenPatfpct −0.0386 −0.0384 −0.0449
(0.0454) (0.0454) (0.0460)

DPatfpct × GreenProdpcy × GreenPatfpct −0.0074 −0.0069 −0.0078
(0.0705) (0.0705) (0.0716)

Exchange rate effects

Real FX rate −0.0324∗∗∗ −0.0341∗∗∗

(0.0030) (0.0031)

Real FX rate ×GreenProdpcy 0.0309∗∗∗ 0.0311∗∗∗ 0.0339∗∗∗

(0.0055) (0.0054) (0.0056)

Real FX rate ×DPatfpct −0.0051 −0.0045 −0.0052
(0.0066) (0.0066) (0.0068)

Real FX rate ×GreenProdpcy ×DPatfpct 0.0077 0.0078 0.0064
(0.0149) (0.0149) (0.0152)

Real FX rate ×DPatfpct × GreenPatfpct 0.0155 0.0160 0.0186
(0.0247) (0.0247) (0.0254)

Real FX rate ×GreenProdpcy ×DPatfpct × GreenPatfpct 0.0117 0.0112 0.0146
(0.0393) (0.0392) (0.0407)

Controls

lnDemandcy −0.0104∗∗∗ −0.0101∗∗∗ −0.0103∗∗∗

(0.0019) (0.0020) (0.0020)

lnGDP pc
cy −0.0724∗∗

(0.0342)

lnGDPcy 0.0741∗∗

(0.0345)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes
Year Yes Yes
Country–Year Yes

Fit statistics
Observations 2,232,272 2,232,272 2,132,201
R2 0.88397 0.88409 0.88375
Within R2 0.00230 0.00224 0.00236

Clustered (Product (6-digit)–Year) standard errors in parentheses
Significance codes: ***: 0.01, **: 0.05, *: 0.1

Note: This table examines the differential exchange rate elasticity of green products, excluding all Euro area
destinations to ensure clean identification. The specification includes green innovation indicators and PPP-adjusted
real exchange rate interactions.
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Table 21: Green Protection Consistency with Green Product Classification by Threshold

Threshold N Remaining % Remaining Mean Share N Green Prod % Green Prod
0.00 26,630 100 0.490 10,192 38.3
0.10 21,754 81.7 0.587 8,831 40.6
0.20 17,589 66.0 0.690 7,475 42.5
0.25 15,998 60.1 0.734 6,864 42.9
0.33 15,503 58.2 0.749 6,733 43.4
0.40 12,948 48.6 0.827 5,525 42.7
0.50 9,553 35.9 0.946 3,951 41.4
0.60 9,183 34.5 0.960 3,785 41.2
0.75 8,163 30.7 0.995 3,449 42.3

Notes: The table shows how different thresholds on the share of green patents in the protecting portfolio
affect sample composition. “% Remaining” indicates the percentage of green-flagged transactions retained
above each threshold. “% Green Prod” shows the percentage of retained transactions that are also classified
as green products under the product-based classification (OECD/APEC/WTO green product lists). Higher
values indicate better consistency between the patent-based and product-based green classifications.
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Table 22: Export performance of Green Innovations
(Weakly-Green Protection)

Dependent Variables: lnXfpcy lnQuantityfpcy lnUnitValuefpcy
Model: (1) (2) (3)

Variables
GreenProdp −0.3390∗∗∗ −0.5321∗∗∗ 0.1948∗∗∗

(0.0489) (0.0750) (0.0281)

DPatfpcy 0.0468∗∗ 0.0653∗∗∗ −0.0181∗∗

(0.0221) (0.0238) (0.0078)

DPatfpcy × GreenProdp 0.4975∗∗∗ 0.5894∗∗∗ −0.0929∗∗∗

(0.0585) (0.0626) (0.0184)

DPatfpcy × GreenPatfpcy 0.2019∗∗∗ 0.2057∗∗∗ −0.0055
(0.0669) (0.0736) (0.0228)

DPatfpcy × GreenProdp × GreenPatfpcy 0.0301 0.0695 −0.0357
(0.1077) (0.1194) (0.0355)

lnDemandpcy 0.2071∗∗∗ 0.2223∗∗∗ −0.0155∗∗∗

(0.0039) (0.0050) (0.0019)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes
Country–Year Yes Yes Yes

Fit statistics
Observations 4,105,103 4,082,074 4,082,074
R2 0.68630 0.76633 0.88114
Within R2 0.01972 0.01815 0.00267

Clustered (Product (6-digit)–Year) standard errors in parentheses
Significance codes: ***: 0.01, **: 0.05, *: 0.1

Note: This table examines the green premium for innovations by distinguishing between green products with
and without patent protection.
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Table 23: FX rates Pass-through for Green Innovations
(Weakly-Green Protection)

Dependent Variables: lnXfpcy lnQuantityfpcy lnUnitValuefpcy
Model: (1) (2) (3)

Variables
Real FX rate −0.0839∗∗∗ −0.0498∗∗∗ −0.0342∗∗∗

(0.0064) (0.0077) (0.0031)

GreenProdp −0.2660∗∗∗ −0.3753∗∗∗ 0.1085∗∗∗

(0.0442) (0.0628) (0.0220)

DPatfpcy 0.1038∗∗∗ 0.1014∗∗∗ 0.0000
(0.0286) (0.0325) (0.0119)

Green Innovations performances

DPatfpcy × GreenProdp 0.3217∗∗∗ 0.4481∗∗∗ −0.1313∗∗∗

(0.0655) (0.0745) (0.0281)

DPatfpcy × GreenPatfpcy 0.2661∗∗∗ 0.4102∗∗∗ −0.1275∗∗∗

(0.0884) (0.0992) (0.0370)

DPatfpcy × GreenProdp × GreenPatfpcy 0.0047 −0.0978 0.0901
(0.1382) (0.1586) (0.0602)

FX rates responses

Real FX rate ×GreenProdp −0.0305∗∗∗ −0.0632∗∗∗ 0.0341∗∗∗

(0.0094) (0.0135) (0.0056)

Real FX rate ×DPatfpcy −0.0162 −0.0037 −0.0107
(0.0154) (0.0177) (0.0068)

Real FX rate ×GreenProdp ×DPatfpcy 0.0714∗∗ 0.0575 0.0163
(0.0338) (0.0391) (0.0154)

Real FX rate ×DPatfpcy × GreenPatfpcy −0.0294 −0.1033∗∗ 0.0630∗∗∗

(0.0442) (0.0504) (0.0196)

Real FX rate ×GreenProdp ×DPatfpcy × GreenPatfpcy 0.0071 0.0717 −0.0538
(0.0704) (0.0817) (0.0332)

Controls

lnDemandpcy 0.1903∗∗∗ 0.2002∗∗∗ −0.0103∗∗∗

(0.0043) (0.0054) (0.0020)

lnGDPcy 0.0653 −0.0052 0.0742∗∗

(0.0707) (0.0830) (0.0345)

lnGDP pc
cy 0.1936∗∗∗ 0.2643∗∗∗ −0.0726∗∗

(0.0712) (0.0824) (0.0341)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes
Year Yes Yes Yes

Fit statistics
Observations 2,147,146 2,132,201 2,132,201
R2 0.66576 0.75582 0.88376
Within R2 0.01793 0.01564 0.00238

Clustered (Product (6-digit)–Year) standard errors in parentheses
Significance codes: ***: 0.01, **: 0.05, *: 0.1

Note: This table examines how patent protection affects the exchange rate sensitivity of green products. The
triple and quadruple interactions decompose the FX effects by innovation type: unpatented green products, patent-
protected green products, and green patent-protected green products. Euro area countries are excluded to ensure
exchange rate variation.
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Table 24: Export Performance of Green Innovations and Environmental Protection Stringency
(Weakly-Green Protection)

Dependent Variables: lnXfpcy lnQuantityfpcy lnUnitValuefpcy
Model: (1) (2) (3)

Variables
GreenProdp −0.3166∗∗∗ −0.4727∗∗∗ 0.1573∗∗∗

(0.0698) (0.1016) (0.0358)

DPatfpcy 0.0657∗∗ 0.0904∗∗∗ −0.0244∗∗∗

(0.0279) (0.0305) (0.0090)

Green Innovations Performances

DPatfpcy × GreenProdp 0.4979∗∗∗ 0.5781∗∗∗ −0.0829∗∗∗

(0.0880) (0.0911) (0.0218)

DPatfpcy × GreenPatfpcy 0.2739∗∗∗ 0.2763∗∗∗ −0.0060
(0.0833) (0.0888) (0.0288)

DPatfpcy × GreenProdp × GreenPatfpcy 0.0147 0.0536 −0.0315
(0.1301) (0.1372) (0.0408)

Green Demand effects

EPScy × GreenProdp 0.0288∗∗ 0.0687∗∗∗ −0.0407∗∗∗

(0.0126) (0.0181) (0.0080)

EPScy ×DPatfpcy −0.0220∗ −0.0286∗∗ 0.0068
(0.0131) (0.0145) (0.0054)

EPScy × GreenProdp ×DPatfpcy 0.0403 0.0554 −0.0115
(0.0376) (0.0403) (0.0136)

EPScy ×DPatfpcy × GreenPatfpcy 0.0148 0.0713 −0.0523∗∗∗

(0.0411) (0.0435) (0.0170)

EPScy × GreenProdp ×DPatfpcy × GreenPatfpcy −0.0803 −0.1609∗∗ 0.0713∗∗

(0.0717) (0.0775) (0.0289)

Controls

lnDemandcy 0.2276∗∗∗ 0.2367∗∗∗ −0.0091∗∗∗

(0.0058) (0.0070) (0.0023)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes
Country–Year Yes Yes Yes

Fit statistics
Observations 2,394,403 2,380,700 2,380,700
R2 0.70538 0.76809 0.87884
Within R2 0.02223 0.01993 0.00215

Clustered (Product Cat. (4-digit)–Year) standard errors in parentheses
Significance codes: ***: 0.01, **: 0.05, *: 0.1

Note: The main explanatory variables are the set of green innovation indicators interacted with the Environmental
Stringency Index (standardized) encoding all environmental regulations (market, non-market and technical sup-
port).
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Table 25: Export performance of green products and Environmental Protection Stringency

Dependent Variables: lnXfpcy lnQuantityfpcy lnUnitValuefpcy lnXfpcy lnQuantityfpcy lnUnitValuefpcy
Model: (1) (2) (3) (4) (5) (6)

Variables
GreenProdp −0.2908∗∗∗ −0.4429∗∗∗ 0.1534∗∗∗ −0.2891∗∗∗ −0.4410∗∗∗ 0.1531∗∗∗

(0.0713) (0.1020) (0.0354) (0.0717) (0.1021) (0.0352)

Green Demand effects

EPScy 0.0278∗∗∗ 0.0179∗∗∗ 0.0109∗∗∗

(0.0054) (0.0065) (0.0028)

GreenProdp × EPScy 0.0436∗∗∗ 0.0861∗∗∗ −0.0433∗∗∗

(0.0142) (0.0192) (0.0081)

EPSmarket
cy 0.0253∗∗∗ 0.0089 0.0168∗∗∗

(0.0055) (0.0066) (0.0028)

GreenProdp × EPSmarket
cy 0.0463∗∗∗ 0.0858∗∗∗ −0.0404∗∗∗

(0.0161) (0.0212) (0.0092)

Controls

lnDemandcy 0.2335∗∗∗ 0.2426∗∗∗ −0.0091∗∗∗ 0.2335∗∗∗ 0.2426∗∗∗ −0.0091∗∗∗

(0.0058) (0.0070) (0.0023) (0.0058) (0.0070) (0.0023)

lnGDP pc
cy 0.1926∗∗ 0.0610 0.1290∗∗∗ 0.2309∗∗∗ 0.0902 0.1380∗∗∗

(0.0769) (0.0917) (0.0402) (0.0773) (0.0923) (0.0405)

lnGDPcy 0.1780∗∗ 0.2901∗∗∗ −0.1086∗∗∗ 0.1673∗∗ 0.2916∗∗∗ −0.1198∗∗∗

(0.0752) (0.0918) (0.0414) (0.0759) (0.0926) (0.0416)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes Yes Yes Yes
Country Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 2,297,483 2,284,319 2,284,319 2,297,483 2,284,319 2,284,319
R2 0.70541 0.76628 0.87766 0.70540 0.76627 0.87766
Within R2 0.02301 0.02033 0.00199 0.02300 0.02029 0.00195

Dependent Variables: lnXfpcy lnQuantityfpcy lnUnitValuefpcy lnXfpcy lnQuantityfpcy lnUnitValuefpcy
Model: (7) (8) (9) (10) (11) (12)

Variables
GreenProdp −0.2924∗∗∗ −0.4468∗∗∗ 0.1557∗∗∗ −0.3297∗∗∗ −0.5243∗∗∗ 0.1968∗∗∗

(0.0716) (0.1028) (0.0358) (0.0759) (0.1147) (0.0423)

Green Demand effects

EPSnon-market
cy 0.0319∗∗∗ 0.0303∗∗∗ 0.0020

(0.0048) (0.0060) (0.0025)

GreenProdp × EPSnon-market
cy 0.0390∗∗∗ 0.0734∗∗∗ −0.0351∗∗∗

(0.0133) (0.0176) (0.0073)

EPSTechSupp
cy −0.0037 −0.0100∗∗∗ 0.0068∗∗∗

(0.0027) (0.0033) (0.0013)

GreenProdp × EPSTechSupp
cy 0.0160∗ 0.0341∗∗∗ −0.0185∗∗∗

(0.0092) (0.0125) (0.0045)

Controls

lnDemandcy 0.2335∗∗∗ 0.2427∗∗∗ −0.0091∗∗∗ 0.2334∗∗∗ 0.2425∗∗∗ −0.0091∗∗∗

(0.0058) (0.0070) (0.0023) (0.0058) (0.0070) (0.0023)

lnGDP pc
cy 0.1105 −0.0292 0.1360∗∗∗ 0.1865∗∗ 0.0540 0.1303∗∗∗

(0.0778) (0.0928) (0.0405) (0.0770) (0.0920) (0.0404)

lnGDPcy 0.2364∗∗∗ 0.3468∗∗∗ −0.1055∗∗ 0.2230∗∗∗ 0.3370∗∗∗ −0.1103∗∗∗

(0.0756) (0.0920) (0.0413) (0.0756) (0.0923) (0.0415)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes Yes Yes Yes
Country Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 2,297,483 2,284,319 2,284,319 2,297,483 2,284,319 2,284,319
R2 0.70541 0.76629 0.87766 0.70539 0.76626 0.87765
Within R2 0.02303 0.02035 0.00195 0.02295 0.02024 0.00191

Clustered (Product Cat. (4-digit)–Year) standard errors in parentheses
Significance codes: ***: 0.01, **: 0.05, *: 0.1
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Table 26: Export performance of green innovations and Environmental Protection Stringency

Dependent Variables: lnXfpcy lnQuantityfpcy lnUnitValuefpcy lnXfpcy lnQuantityfpcy lnUnitValuefpcy lnXfpcy lnQuantityfpcy lnUnitValuefpcy
Model: (1) (2) (3) (4) (5) (6) (7) (8) (9)

Variables
GreenProdpcy −0.3200∗∗∗ −0.4775∗∗∗ 0.1587∗∗∗ −0.3228∗∗∗ −0.4829∗∗∗ 0.1613∗∗∗ −0.3490∗∗∗ −0.5464∗∗∗ 0.1996∗∗∗

(0.0701) (0.1015) (0.0356) (0.0701) (0.1023) (0.0362) (0.0753) (0.1147) (0.0427)

DPatfpct 0.0828∗∗∗ 0.1058∗∗∗ −0.0232∗∗ 0.0843∗∗∗ 0.1064∗∗∗ −0.0225∗∗ 0.0886∗∗ 0.1098∗∗ −0.0286∗

(0.0298) (0.0331) (0.0096) (0.0288) (0.0323) (0.0094) (0.0440) (0.0502) (0.0172)

Green Innovations Performances

DPatfpct × GreenProdpcy 0.5255∗∗∗ 0.6132∗∗∗ −0.0898∗∗∗ 0.5174∗∗∗ 0.6078∗∗∗ −0.0926∗∗∗ 0.5733∗∗∗ 0.6439∗∗∗ −0.0745∗∗

(0.0914) (0.0943) (0.0233) (0.0898) (0.0931) (0.0230) (0.0978) (0.1055) (0.0307)

DPatfpct × GreenPatfpct 0.1532 0.1173 0.0323 0.1467 0.1176 0.0259 −0.1849 −0.2081 0.0257
(0.1117) (0.1169) (0.0285) (0.1053) (0.1110) (0.0278) (0.1354) (0.1624) (0.0635)

DPatfpct × GreenProdpcy × GreenPatfpct −0.0629 −0.0054 −0.0487 −0.0863 −0.0436 −0.0333 −0.0201 0.0602 −0.0676
(0.1696) (0.1767) (0.0472) (0.1599) (0.1673) (0.0450) (0.1916) (0.2090) (0.0641)

Green Demand effects: Market-based regulations

EPSmarket
cy 0.0281∗∗∗ 0.0116∗ 0.0168∗∗∗

(0.0056) (0.0067) (0.0029)

GreenProdpcy × EPSmarket
cy 0.0318∗∗ 0.0695∗∗∗ −0.0386∗∗∗

(0.0146) (0.0203) (0.0093)

DPatfpct × EPSmarket
cy −0.0231∗∗ −0.0210∗ −0.0015

(0.0116) (0.0126) (0.0046)

DPatfpct × GreenProdpcy × EPSmarket
cy −0.0048 −0.0160 0.0123

(0.0326) (0.0348) (0.0119)

DPatfpct × GreenPatfpct × EPSmarket
cy 0.0104 0.0133 −0.0014

(0.0364) (0.0397) (0.0156)

DPatfpct × GreenProdpcy × GreenPatfpct × EPSmarket
cy −0.0126 −0.0149 0.0003

(0.0632) (0.0670) (0.0261)

Green Demand effects: Non-market regulations

EPSnon-market
cy 0.0344∗∗∗ 0.0332∗∗∗ 0.0016

(0.0048) (0.0060) (0.0025)

GreenProdpcy × EPSnon-market
cy 0.0266∗∗ 0.0595∗∗∗ −0.0337∗∗∗

(0.0123) (0.0171) (0.0072)

DPatfpct × EPSnon-market
cy −0.0244 −0.0214 −0.0008

(0.0168) (0.0184) (0.0065)

DPatfpct × GreenProdpcy × EPSnon-market
cy 0.0770 0.0601 0.0195

(0.0507) (0.0522) (0.0163)

DPatfpct × GreenPatfpct × EPSnon-market
cy 0.0765 0.0409 0.0353

(0.0672) (0.0720) (0.0254)

DPatfpct × GreenProdpcy × GreenPatfpct × EPSnon-market
cy 0.0568 0.1291 −0.0785∗

(0.1169) (0.1283) (0.0439)

Green Demand effects: Technical support

EPSTechSupp
cy −0.0031 −0.0093∗∗∗ 0.0066∗∗∗

(0.0026) (0.0032) (0.0012)

GreenProdpcy × EPStechsupp
cy 0.0115 0.0281∗∗ −0.0170∗∗∗

(0.0090) (0.0124) (0.0046)

DPatfpct × EPStechsupp
cy −0.0020 −0.0017 0.0013

(0.0105) (0.0115) (0.0038)

DPatfpct × GreenProdpcy × EPStechsupp
cy −0.0186 −0.0103 −0.0074

(0.0175) (0.0193) (0.0073)

DPatfpct × GreenPatfpct × EPStechsupp
cy 0.0732∗∗ 0.0702∗ 0.0017

(0.0323) (0.0374) (0.0138)

DPatfpct × GreenProdpcy × GreenPatfpct × EPStechsupp
cy −0.0187 −0.0279 0.0073

(0.0353) (0.0391) (0.0159)

Controls

lnDemandcy 0.2328∗∗∗ 0.2417∗∗∗ −0.0090∗∗∗ 0.2328∗∗∗ 0.2417∗∗∗ −0.0090∗∗∗ 0.2327∗∗∗ 0.2416∗∗∗ −0.0090∗∗∗

(0.0058) (0.0070) (0.0023) (0.0058) (0.0070) (0.0023) (0.0058) (0.0070) (0.0023)

lnGDP pc
cy 0.2138∗∗∗ 0.0709 0.1403∗∗∗ 0.1008 −0.0402 0.1371∗∗∗ 0.1718∗∗ 0.0376 0.1316∗∗∗

(0.0771) (0.0922) (0.0406) (0.0775) (0.0926) (0.0405) (0.0768) (0.0919) (0.0405)

lnGDPcy 0.1870∗∗ 0.3141∗∗∗ −0.1228∗∗∗ 0.2496∗∗∗ 0.3619∗∗∗ −0.1073∗∗∗ 0.2401∗∗∗ 0.3566∗∗∗ −0.1124∗∗∗

(0.0758) (0.0927) (0.0417) (0.0754) (0.0920) (0.0413) (0.0754) (0.0922) (0.0416)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes Yes Yes Yes Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 2,297,483 2,284,319 2,284,319 2,297,483 2,284,319 2,284,319 2,297,483 2,284,319 2,284,319
R2 0.70563 0.76647 0.87767 0.70565 0.76649 0.87767 0.70562 0.76647 0.87767
Within R2 0.02376 0.02113 0.00208 0.02381 0.02121 0.00209 0.02373 0.02111 0.00205

Clustered (Product Cat. (4-digit)–Year) standard errors in parentheses
Significance codes: ***: 0.01, **: 0.05, *: 0.1

Note: The main explanatory variables are the set of green innovation indicators interacted with different En-
vironmental Stringency Indices (standardized), encoding market-based regulations, non-market regulations, and
technical support measures. Standard errors are clustered at the product-year level to account for potential corre-
lation in the error terms within product categories over time.
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Table 27: Export performance of green products and Environmental Protection Stringency

Dependent Variables: lnXfpcy lnQuantityfpcy lnUnitValuefpcy lnXfpcy lnQuantityfpcy lnUnitValuefpcy lnXfpcy lnQuantityfpcy lnUnitValuefpcy
Model: (1) (2) (3) (4) (5) (6) (7) (8) (9)

Variables
GreenProdpcy −0.3164∗∗∗ −0.4728∗∗∗ 0.1576∗∗∗ −0.3191∗∗∗ −0.4777∗∗∗ 0.1598∗∗∗ −0.3437∗∗∗ −0.5399∗∗∗ 0.1983∗∗∗

(0.0702) (0.1017) (0.0357) (0.0701) (0.1023) (0.0362) (0.0756) (0.1155) (0.0430)

DPatfpct 0.0797∗∗∗ 0.1056∗∗∗ −0.0257∗∗∗ 0.0835∗∗∗ 0.1090∗∗∗ −0.0254∗∗∗ 0.1536∗∗∗ 0.1810∗∗∗ −0.0322∗

(0.0297) (0.0329) (0.0096) (0.0287) (0.0321) (0.0094) (0.0432) (0.0490) (0.0170)

Green Innovations Performances

DPatfpct × GreenProdpcy 0.5277∗∗∗ 0.6138∗∗∗ −0.0884∗∗∗ 0.5193∗∗∗ 0.6077∗∗∗ −0.0909∗∗∗ 0.5592∗∗∗ 0.6251∗∗∗ −0.0706∗∗

(0.0919) (0.0946) (0.0233) (0.0901) (0.0934) (0.0229) (0.0971) (0.1050) (0.0307)

DPatfpct × GreenPatfpct 0.1498 0.1143 0.0317 0.1409 0.1109 0.0264 −0.1972 −0.2166 0.0222
(0.1097) (0.1147) (0.0283) (0.1039) (0.1094) (0.0276) (0.1300) (0.1545) (0.0596)

DPatfpct × GreenProdpcy × GreenPatfpct −0.0435 0.0134 −0.0482 −0.0610 −0.0159 −0.0360 0.0174 0.0990 −0.0687
(0.1677) (0.1745) (0.0469) (0.1583) (0.1653) (0.0447) (0.1904) (0.2066) (0.0626)

Green Demand effects: Market-based regulations

GreenProdpcy × EPSmarket
cy 0.0322∗∗ 0.0711∗∗∗ −0.0399∗∗∗

(0.0146) (0.0205) (0.0094)

DPatfpct × EPSmarket
cy −0.0129 −0.0121 −0.0007

(0.0117) (0.0127) (0.0046)

DPatfpct × GreenProdpcy × EPSmarket
cy −0.0053 −0.0167 0.0127

(0.0321) (0.0344) (0.0119)

DPatfpct × GreenPatfpct × EPSmarket
cy 0.0142 0.0191 −0.0035

(0.0364) (0.0393) (0.0152)

DPatfpct × GreenProdpcy × GreenPatfpct × EPSmarket
cy −0.0206 −0.0265 0.0039

(0.0623) (0.0657) (0.0259)

Green Demand effects: Non-market regulations

GreenProdpcy × EPSnon-market
cy 0.0247∗∗ 0.0578∗∗∗ −0.0339∗∗∗

(0.0116) (0.0163) (0.0070)

DPatfpct × EPSnon-market
cy −0.0343∗∗ −0.0335∗ 0.0004

(0.0168) (0.0182) (0.0064)

DPatfpct × GreenProdpcy × EPSnon-market
cy 0.0750 0.0597 0.0185

(0.0512) (0.0523) (0.0161)

DPatfpct × GreenPatfpct × EPSnon-market
cy 0.0937 0.0639 0.0285

(0.0652) (0.0694) (0.0243)

DPatfpct × GreenProdpcy × GreenPatfpct × EPSnon-market
cy 0.0239 0.0809 −0.0621

(0.1155) (0.1257) (0.0418)

Green Demand effects: Technical support

GreenProdpcy × EPStechsupp
cy 0.0102 0.0261∗∗ −0.0163∗∗∗

(0.0090) (0.0126) (0.0047)

DPatfpct × EPStechsupp
cy −0.0168 −0.0172 0.0016

(0.0106) (0.0115) (0.0037)

DPatfpct × GreenProdpcy × EPStechsupp
cy −0.0121 −0.0022 −0.0088

(0.0176) (0.0192) (0.0073)

DPatfpct × GreenPatfpct × EPStechsupp
cy 0.0755∗∗ 0.0717∗∗ 0.0023

(0.0313) (0.0360) (0.0132)

DPatfpct × GreenProdpcy × GreenPatfpct × EPStechsupp
cy −0.0265 −0.0366 0.0081

(0.0351) (0.0385) (0.0156)

Controls

lnDemandcy 0.2278∗∗∗ 0.2369∗∗∗ −0.0092∗∗∗ 0.2277∗∗∗ 0.2369∗∗∗ −0.0092∗∗∗ 0.2277∗∗∗ 0.2369∗∗∗ −0.0092∗∗∗

(0.0058) (0.0071) (0.0023) (0.0058) (0.0070) (0.0023) (0.0058) (0.0070) (0.0023)

Fixed-effects
Firm–Country–Product Cat. (4-digit) Yes Yes Yes Yes Yes Yes Yes Yes Yes
Firm–Product Cat. (4-digit)–Year Yes Yes Yes Yes Yes Yes Yes Yes Yes
Country–Year Yes Yes Yes Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 2,394,403 2,380,700 2,380,700 2,394,403 2,380,700 2,380,700 2,394,403 2,380,700 2,380,700
R2 0.70536 0.76806 0.87883 0.70536 0.76807 0.87883 0.70536 0.76806 0.87883
Within R2 0.02213 0.01982 0.00209 0.02215 0.01984 0.00211 0.02214 0.01980 0.00206

Clustered (Product Cat. (4-digit)–Year) standard errors in parentheses
Significance codes: ***: 0.01, **: 0.05, *: 0.1
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Table 28: Exports Performance of Protected Innovations

Dependent Variables: lnXfpcy lnQuantityfpcy lnUnitValuefpcy
Model: (1) (2) (3)

Variables
DPatfpcy 0.0503∗∗∗ 0.0552∗∗∗ -0.0037

(0.0127) (0.0148) (0.0062)

Fixed-effects
Firm-Product-Country Yes Yes Yes
Firm-Product-Year Yes Yes Yes
Country-Product-Year Yes Yes Yes

Fit statistics
Observations 3,055,527 3,036,124 3,036,124
R2 0.89790 0.92092 0.94942
Within R2 1.59× 10−5 1.34× 10−5 2.6× 10−7

Clustered (Product-Year) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

81


	Introduction
	Theoretical Framework
	Demand Structure and Pricing
	Green Products and the Productivity Penalty
	Exchange Rate Elasticity and Innovation
	Environmental Regulations and Demand Expansion
	Summary and Empirical Implications

	Data and Descriptive Evidence
	Dataset Construction and Variable Definitions
	Green Products in International Markets

	Empirical Strategy and Results
	Green Products Export Patterns
	Green Innovations: The Role of Patent Protection
	Patent Protection and Green Product Performance


	Conclusions
	Variables and Data Sources
	Green Products Definitions
	Technological Similarity Groups
	Robustness Check: Green Premium in the Full Sample of Italian Exporters
	Green Products in the Export Markets for the full sample
	Exchange Rate Pass-Through in the Full Sample

	Exchange rate Pass-Through: Robustness Checks
	Robustness to sample composition: Euro area country inclusion
	Robustness to the inclusion of country-year fixed effects

	Green Innovations and Protection from Multiple Patents
	The Green Protection Multi-Patent Bias
	Green Protection Threshold
	Robustness: Results under the Weakly-Green Definition

	Green Demand Effects: Robustness Exercises
	Specification with demand shifters
	Robustness: Environmental Policy Components

	Patent Protection Effects along deressenfosseetal2022
	Motivation and Methodological Considerations


