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Abstract

We estimate Poisson models of project activity and discrete-time hazard models of failure to
study how exchange rate risks affect renewable infrastructure investments in emerging
markets. Using project-level data from 2005 to 2025, we find that exchange rate risk has no
systematic effect on project entry but strongly increases failure rates. The effect is driven by
tail risk rather than average depreciation and is highly nonlinear, rising sharply in adverse
states. Exposure is short-lived and concentrated in recent periods. These results identify a state-
dependent financing constraint arising from currency mismatch in project finance.
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1. Ilntroduction\

Recent global needs assessments estimate that emerging and developing economies
(EMDES) will require between USD 2 and 2.4 trillion in climate-related investment annually
by 2030, with renewable energy infrastructure accounting for the largest share of this pipeline
(Songwe et al., 2022; UNEP, 2022).! Mobilising capital at this scale requires long-tenor
financing in environments characterised by volatile exchange rates and underdeveloped
domestic capital markets. In practice, infrastructure projects in these economies are frequently
financed with foreign-currency debt, while revenues are denominated in local currency,
creating a structural currency mismatch. The resulting asset-liability mismatch implies that
exchange rate movements can significantly erode debt service capacity, tighten covenant
constraints, and impair refinancing conditions. In such scenarios, currency risk is not merely a
pricing input but a potential constraint on project viability and warrants a more detailed
discussion on how exchange rate risk translates into project-level outcomes.

Exchange rate risk may affect infrastructure investment along several dimensions. It
may influence project entry or instead operate through project failure over the project lifecycle.
It may also depend on the relevant risk dimension, namely whether exposure is captured by
average exchange rate movements, broader volatility, or downside tail risk. A further
consideration is the temporal dimension, that is, whether exchange rate risk reflects persistent
macroeconomic conditions or short-horizon dynamics tied to project timing.

The literature on exchange rate risk has largely developed along three related strands.
First, asset pricing studies examine the compensation for currency risk in financial markets and
link exchange risk exposure to excess returns, sovereign spreads, and time-varying bond risk
premia (Lustig et al., 2011; Du & Schreger, 2016; Della Corte et al., 2016). Second, corporate
finance research focuses on how firms manage exchange rate exposure through hedging and
balance sheet adjustments. This strand of literature shows that derivative use can stabilise cash

flows and support firm valuation (Geczy et al., 1997; Allayannis & Weston, 2001; Bartram et

! EMDE countries - other than China - require the largest increase in investment: these regions currently have low
investment levels, significant development needs, and are projected to contribute over 50% of global emissions by
2030.
(https://www.lse.ac.uk/granthaminstitute/publication/raising-ambition-and-accelerating-delivery-of-climate-
finance/).
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al., 2011). Third, more recent work highlights a direct pricing channel, whereby exchange rate
risk feeds into borrowing costs, particularly in emerging markets and green debt segments
(Moro and Zaghini, 2025).

However, these strands do not establish how exchange rate risk translates into project-
level investment and failure outcomes in renewable energy infrastructure, particularly in
EMDE contexts where currency mismatches are structural and hedging markets incomplete.
Under such conditions, the mechanisms identified in the corporate and asset pricing literature
may not operate effectively. When hedging is constrained, exchange rate risk may neither be
fully priced nor diversified, but instead transmitted through financing constraints that affect
project viability. Against this backdrop, exchange rate exposure becomes inherently
asymmetric. Large depreciations increase the domestic currency value of foreign-currency
liabilities, while appreciations provide limited offset. When hedging is constrained, exchange
rate exposures remain on the project balance sheet and the distribution of exchange rate
movements becomes central. Evidence shows that exchange rate risk in EMDEs exhibits
pronounced crash-risk tails (Chernov et al., 2018), implying that large adverse realizations are
economically relevant. As a result, variance-based measures of exchange rate risk may fail to
capture the relevant exposure faced by infrastructure projects.

This paper studies how exchange rate risk affects renewable infrastructure projects in
EMDE:s using project-level data on utility-scale wind and solar projects from 2005 to 2025.
We focus on two margins of adjustment: the extensive margin of project entry and the survival
margin of project failure. Methodologically, we combine aggregate Poisson pseudo-maximum
likelihood (PPML) models of project counts with project-level discrete-time hazard models of
failure. This empirical strategy allows us to distinguish between ex ante investment responses
and ex post project viability, and to link country-level variation in exchange rate risk to the
timing of project-level outcomes.

We document three main findings. First, exchange rate risk does not systematically
reduce project entry. Rather, it is strongly associated with higher project failure rates. This
asymmetry implies that FX risk operates primarily through a survival rather than entry margin.
This pattern is akin to an adjustment process at the initiation stage through pricing, selection,

or policy support. In contrast to the entry margin, exchange rate risk has large and nonlinear



effects on project failure. The effects strengthen in adverse states and do not reflect a discrete
structural break. Second, the effects of exchange rate risk are nonlinear and concentrated in
adverse states. Tail risks emerge as the most robust predictor of failure, while variance-based
measures such as volatility are less informative. Third, the impact of exchange rate risk is short-
lived and tied to project timing. The effect is primarily driven by the first lag. Higher-order lags
provide limited incremental explanatory power.

Our results show that exchange rate risk affects infrastructure outcomes through
nonlinear, state-dependent effects that operate on project failure rather than entry and are
concentrated at short horizons. This has important implications for both economic
interpretation and policy design. Policies that mitigate tail risks may not substantially increase
project origination but can significantly improve completion rates and reduce capital loss.
Moreover, risk management frameworks that focus on average volatility may overlook the
economically relevant dimension of exchange rate risk, which is concentrated in tail events.

The use of project-level data introduces several advantages for identification and
empirical analysis. Unlike firm-level balance sheet data, project-level observations allow for a
direct mapping between currency shocks and realised investment outcomes, while preserving
heterogeneity across technologies, sponsors, and institutional environments. They also enable
precise identification of investment timing through project-level event dates. In addition,
project finance settings are characterised by limited risk diversification at the asset level,
making them particularly well-suited for isolating the real effects of exchange rate risk on
investment behaviour.

This paper makes two contributions. First, exchange rate risk operates through project
failure rather than project entry. Second, the effect of FX risk is nonlinear and driven by
downside tail exposure, implying that variance-based measures are insufficient to capture
economically relevant risk.

The policy implications follow directly. Addressing FX risk in EMDE infrastructure
requires mechanisms that target downside currency exposure and provide short-term financial
resilience. This includes hedging facilities, contingent guarantees, and liquidity support

mechanisms designed to mitigate large depreciations and funding shocks.



2. Data

Our primary dataset combines project-level information on renewable energy infrastructure
projects with country-level macroeconomic and exchange rate variables. Project data are
obtained from Bloomberg New Energy Finance (BNEF) and cover utility-scale wind and solar
projects in EMDEs, excluding China. > The raw dataset contains 46,822 project observations
corresponding to 10,970 unique projects across 142 countries. We clean and deduplicate the
data to construct an entry sample of 544 projects across S0 EMDE countries from 2005 - 2025.
Projects in the dataset evolve through different lifecycle stages. Projects in the sample are either
under abandoned, mothballed, on standby, suspended or decommissioned. Figure 1 presents
countries where renewable infrastructure projects are located. Brazil, India, Mexico, South
Africa and Vietnam are the five countries with the most projects in our sample.

We define project failure as transitions into the adverse statuses: abandonment, suspension,
or mothballing, which reflect a breakdown in project viability prior to or during operation.
These failure events are treated as absorbing states. This classification allows us to capture
economically meaningful distress events while abstracting from projects that have successfully
entered operation or reached the end of their economic life (decommissioning). Table 1
provides summary information on the data construction process. In contrast entry is defined by
financial close.

Unless otherwise stated, the empirical analysis is conducted at the country—year—sector
level (wind and solar). Project-level information is aggregated to construct counts of (i) project
entry, defined as the number of projects reaching financial close in a given country—year—
sector, and (ii) project failure, defined as the number of projects that are abandoned, suspended,
or mothballed. This aggregation yiclds a balanced panel of 2,100 country—year-sector
observations. Our final sample for baseline estimations comprises 1,584 project observations
across 46 countries for both entry and failure regressions. In Table 1, the data sample is sparse,
with 92.4% of country—year-sector observations exhibiting zero entry and 86.0% zero failure

events.

2 First, utility-scale renewables in China are financed almost entirely with on-shore RMB at subsidized, policy-
bank rates so face limited cross-border, hard-currency project finance exposure in principle. Second, we exclude
China for reasons of outlier weight and sample balance. Renewable infrastructure projects from China constitute
more than 50% of the raw unprocessed dataset.



We measure foreign exchange (FX) risk along three dimensions that capture distinct
aspects of currency exposure relevant for infrastructure investment. First, FX Depreciation
captures the level effect of currency movements and reflects changes in the domestic currency
value of foreign-currency liabilities and imported capital costs. We proxy this dimension of FX
risk by the annual percentage change in the nominal exchange rate. Second, FX Volatility uses
the dispersion of exchange rate movements over time to proxy general uncertainty in currency
markets, which may affect financing conditions and hedging costs. FX volatility is computed
as the rolling standard deviation of monthly log exchange rate returns over a 12-month window.
Third, FX tail risk captures downside risk. It is defined as the negative of the 10th percentile
of monthly log FX returns over a rolling 12-month window. This measure isolates extreme
downside movements that are relevant for project viability. Currency mismatches between
foreign-currency debt and local-currency revenues amplify the impact of large depreciations
on project balance sheets. These FX risk proxies distinguish between level effects, overall
uncertainty, and extreme downside risk. All FX variables are constructed at the country level,
lagged by one year, and winsorised at the 1% level to limit the influence of outliers. Summary
statistics for FX variables are reported in Panel A of Table 2. FX risk varies across countries
and over time. FX Depreciation exhibits moderate dispersion, while FX Volatility and FX Tail
Risk display tighter distributions but remain economically meaningful. The median values of
all FX risk metrics are close to zero. This suggests relatively stable exchange rates overall over
our sample period, punctuated by episodic shocks. Macroeconomic controls include inflation,
government debt as a share of GDP, the current account balance as share of GDP, political risk,
and real interest rates. All control variables are measured at the country—year level, lagged by
one period, and winsorised at the 2% level.

In Table 3, Panel A reports the distribution of within-country standard deviations for each
FX measure, while Panel B presents cross-correlations. FX Volatility and FX Tail Risk are
positively correlated. On the other hand, FX Depreciation is only weakly correlated with FX
Tail risk. This suggests that these FX risk measures capture overlapping but reasonably distinct

dimensions of exchange rate dynamics.



3. Empirical Approach

Exchange rate risk and project entry—failure dynamics

We estimate the relationship between exchange rate risk and renewable infrastructure
activity using a country—year—sector panel of entry and failure counts. The dependent variables,
therefore, are non-negative count variables with a large mass at zero (Tables 1 & 2). This
distributional feature motivates the use of Poisson pseudo-maximum likelihood (PPML)
estimation. PPML is well-suited to this setting for two reasons. First, it accommodates excess
zeros without requiring distributional assumptions beyond the correct specification of the
conditional mean. Second, it provides consistent estimates under general forms of
heteroskedasticity, which are common in cross-country investment data. PPML is widely used
in applied work involving sparse count outcomes and multiplicative models of economic
activity (Berg et al., 2016; Silver & Tenreyro, 2006; 2011; Wooldridge, 2010). Our baseline

specification follows:

E[ycst | Xct] = exp (B FXc,t—l+Y,Zc,t—1+ﬂc+lt+es) (1)

where y_.s.denotes the number of projects (entry or failure) in country c, sector s, and year t;
FX_.¢_1is a vector of exchange rate risk measures (depreciation, volatility, or tail risk); Z ,_4is
a vector of lagged macroeconomic controls; y., 4, and 85 denote country, year, and sector
fixed effects. All explanatory variables are lagged by one period to reduce contemporaneous
feedback from project outcomes to macroeconomic conditions. Country fixed effects (u.)
absorb time-invariant cross-country differences in investment environments, while year fixed
effects (4;) capture global shocks affecting all countries simultaneously. Sector fixed effects
(65)account for structural differences between wind and solar investments. Identification relies
on within-country variation in exchange rate risk over time. The estimates, therefore, capture
how changes in exchange rate risk within a given country are associated with changes in project
entry and failure. We interpret the coefficients as semi-elasticities of expected project counts
with respect to exchange rate risk. Throughout, results refer to conditional associations rather

than causal effects.



To allow for nonlinear responses to exchange rate risk, we estimate flexible
specifications using spline-based transformations of the FX variables within the PPML

framework. Specifically, we model:

E[yese | Xee] = exp (f(FXc,t—l) + y,ZC,t—l + e + A + 95) 2

where f(+)is a quadratic B-spline with three degrees of freedom applied to the standardized FX
variable. This approach allows the relationship between exchange rate risk and project
outcomes to vary across different regions of the FX distribution without imposing priori

thresholds. We report predicted conditional means at the 25th, 50th, and 75th percentiles of

each FX variable to quantify economically meaningful differences in outcomesL

Standard errors in (1) and (2) are clustered at the country level.

Project level hazard models

To complement the aggregate analysis, we estimate project-level discrete-time hazard
models that capture the timing of project failure. We construct a panel of project—year
observations from the year of financial close until failure. This allows us to exploit within-
project variation in exposure to macro-financial conditions over time. The baseline hazard

specification follows:
P(failureiey = 11Xe) = 1= exp (—exp (B FXeeo1+y'Zepo1+8a+2c4+65)) ()

where: failure;.,is an indicator equal to one if project i in country c fails in year t; §,captures
duration dependence through discrete duration fixed effects; all other variables have their usual
meanings. We estimate Equation (3) using a complementary log-log (cloglog) link, which is
appropriate for discrete-time approximations to continuous-time hazard processes (Campbell
et al., 2008; Cameron & Trivedi, 2013). Standard errors are clustered at the country level.
The hazard framework provides a micro-founded complement to the aggregate PPML

estimates. While the latter capture how exchange rate risk affects the number of projects



entering or failing in a given country-year, the hazard model captures how such risk affects the

individual project failure likelihoods at a given point in its lifecycle.

Dynamic and robustness specifications
We assess persistence in FX risk by augmenting the hazard model with lagged FX
measures:

failure;ey = f(FXc 1, FXct-20Zce-1) 4)

and also consider moving averages of FX risk in alternate tests. These specifications allow us
to distinguish between transitory shocks and more persistent stress episodes. To evaluate the
role of macro-financial conditions, we estimate specifications including real interest rates.
Because exchange rate movements and domestic monetary conditions are jointly determined,
we construct orthogonalized FX measures by residualizing each FX metric with respect to real
interest rates. This approach isolates the component of FX risk that is not mechanically linked
to domestic interest rate dynamics.

The combination of aggregate PPML estimates and project-level hazard models
provides a coherent empirical framework. The PPML specification captures how exchange rate
risk relate to project activity at the country—year level, incorporating both the likelihood of
observing any projects and the number of projects conditional on activity. The hazard model,
in turn, exploits within-project variation to capture how exchange rate risk affects the timing

of project failure over the lifecycle.

4. Results
Exchange rate risk and project failure (baseline PPML)

We begin by examining results on how exchange rate risk is associated with renewable
infrastructure project failure at the country—year—sector level. Table 4 reports the baseline
PPML estimates. The results reveal a clear and economically meaningful pattern across
alternative measures of exchange rate risk. FX Tail Risk exhibits a strong positive association
with project failure, with an estimated coefficient of approximately 0.57 (p < 0.01). A one

standard deviation increase in FX Tail Risk is associated with a roughly 75-80 percent increase



in expected project failures. FX Volatility (0,510) also enters significantly, with a coefficient
of about, corresponding to an approximately 65% increase in expected failures. In contrast, FX
Depreciation is small and statistically insignificant, indicating no systematic relationship with
failure rates.

The contrast across FX measures is economically informative. While FX Depreciation
captures the average trend of currency movements, it does not differentiate between gradual
adjustments and extreme events. FX Volatility reflects the dispersion of exchange rate
movements, while FX Tail Risk isolates the lower ten percent of the return distribution. The
results show that it is these extreme downside realizations, rather than average currency
movements, that are most closely associated with project failure.

From a financial intermediation perspective, these findings suggest balance sheet and
currency mismatch mechanisms. Renewable infrastructure projects in emerging and
developing economies are frequently financed in foreign currency—through syndicated loans,
project finance structures, or development finance—while generating revenues in local
currency. Under such structures, moderate and anticipated exchange rate movements can often
be accommodated through pricing adjustments, contractual indexation, or partial hedging.
However, large and abrupt depreciations can sharply increase the local-currency value of
foreign liabilities, compress debt service coverage ratios, and trigger covenant breaches. These
dynamics can lead to refinancing constraints, forced restructuring, or project failure.

The positive association between FX Volatility and failure reinforces this interpretation.
High volatility levels increase uncertainty around future cash flows and debt servicing capacity,
which can lead financial intermediaries to tighten credit conditions ex post. In practice, this
may take the form of higher required spreads, shorter maturities, or reduced rollover capacity,
all of which raise the probability that marginal projects fail.

The absence of a marginal effect of FX Depreciation on failure rates is significant.
Exchange rate risk — failure correlations do notes not operate through gradual or predictable
currency movements. Instead, the results point to a non-linear exposure in which downside
shocks disproportionately affect project viability. Overall, the evidence in Table 4 establishes
a central empirical result: exchange rate risk is strongly associated with renewable

infrastructure project failure, but this relationship is driven by extreme and volatile currency
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movements rather than average depreciation. This finding motivates the subsequent analysis,
which examines whether these effects extend to project entry or instead reflect mechanisms

specific to project survival.

Entry vs Failure: asymmetric effects of exchange rate risk

We now contrast the effects of exchange rate risk on project entry with failure to assess
whether currency risk operates symmetrically across the investment lifecycle. This comparison
explains whether exchange rate fluctuations primarily affect the extensive margin of
investment initiation or the ex post viability of projects once a project reaches financial close.
Table 4 reports baseline PPML estimates for project failure, while Table 5 presents the
corresponding results for project entry.

A clear asymmetry emerges across specifications. In Table 5, the evidence is selective
and tightly concentrated in one dimension of exchange rate risk. FX Depreciation enters with
a negative and statistically significant coefficient (—0.256). A one standard deviation increase
in FX Depreciation is associated with a sizeable reduction in project entry. In contrast, both FX
Volatility (0.135) and FX Tail Risk (0.089) are statistically insignificant and economically
small. The patten is reversed in Table 4 (project failures). FX Volatility and FX Tail Risk are
the dominant predictors of failure, with large and statistically significant coefficients, while FX
Depreciation is weak and not systematically related to failure outcomes. The FX dimensions
that matter for failure are precisely those that do not matter systematically for entry.

This divergence points to a lifecycle asymmetry in how exchange rate risk operates. At
the entry stage, depreciation affects investments through forward-looking cost-of-capital and
balance-sheet channels. A depreciating currency raises the expected domestic currency burden
of foreign-denominated debt, increases the cost of imported capital goods, and tightens
financing conditions for projects that rely on external funding. These effects are priced at the
initiation stage, leading to a reduction in project entry when depreciation risk is elevated. In
this sense, depreciation captures a first-order shift in expected financing costs, which directly
enters investment decisions.

In contrast, volatility and tail risks do not appear to deter entry. A plausible reason

could be the presence of option value and contractual flexibility at the investment stage.
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Sponsors can delay commitments, renegotiate terms, or rely on contingent financing structures,
which attenuates the immediate impact of uncertainty on project initiation. As a result, higher-
order risks do not bind tightly at the entry margin. Once projects move beyond financial close,
however, the nature of exposure changes. The failure results in Table 4 suggest that exchange
rate risk operates primarily through ex post financial constraints and realized balance sheet
stress. Volatility increases uncertainty around cash flows and refinancing conditions, while tail
risk captures discrete adverse currency movements. These shocks are difficult to hedge in many
emerging markets and can trigger liquidity stress, covenant violations, or project failure.

The asymmetry between entry and failure, therefore, reflects a mechanism in which
anticipated currency movements affect investment decisions ex ante, while realised currency
risk governs project survival ex post. This interpretation aligns with a broader finance literature
showing that firms’ responses to macro-financial shocks depend on balance sheet exposure and
financing constraints ( Kalemli-Ozcan et al., 2022; Alfaro et al., 2019).

These mechanisms are particularly relevant in settings like emerging markets where
hedging markets are incomplete. Bartram et al. (2011) and Géczy et al. (1997) show that the
use and effectiveness of derivative-based hedging depend critically on market depth and access.
As a result, project sponsors may be unable to fully insure against exchange rate exposure. At
the same time, volatility alone is not a sufficient proxy for exchange rate risk. Chernov et al.
(2018) show that higher moments of the return distribution, including skewness and tail risk,
are economically significant in currency markets. This implies that exposure to exchange rate
risk is inherently asymmetric, with large downside moves having disproportionate financial

consequences.

Timing of exchange rate risk and project failure

We next examine the timing of exchange rate risk in relation to project failure using
project-level discrete-time hazard models. If failure risk reflects the cumulative effect of
macroeconomic deterioration, we could expect exchange rate conditions over past periods to
matter. On the other hand, if failure is driven by financial constraints tied to current balance-
sheet exposure or near-term funding needs, then recent realizations of exchange rate risk should

dominate. To distinguish between these possibilities, we extend the hazard specification to
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include other lagged measures of exchange rate risk. Table 6 introduces first and second lags
of FX variables, while Appendix Table A2 considers alternative constructions, including
lagged-only and smoothed measures. Our objective is to assess whether older or average
exchange rate conditions contain predictive information beyond the most recent realization.

Our results show that the effect of exchange rate risk is strongly concentrated in the
most recent period. In Table 6, lagged FX Tail Risk (t—1) reports a positive and statistically
significant effect on failure risk (0.161). When both lags are included jointly, the coefficient
on the first lag increases to 0.246, corresponding to an increase in the failure hazard of
approximately 28% for a one-standard-deviation increase. In contrast, FX Depreciation and FX
Volatility remain small and insignificant.

We find no evidence that longer-dated adverse exchange rate conditions add
explanatory power.> The second lag of tail risk is close to zero when entered on its own and
remains insignificant in the joint specification. Appendix Table A2 confirms this result across
alternative specifications. The coefficient on FX Tail Risk (t-2) is statistically indifferent from
zero. When both lags are included, the FX Tail Risk (t-1) remains large and significant (0.537),
while the second lag remains indistinguishable from zero (—0.022). A smoothed measure of tail
risk yields a large but highly imprecise estimate (1.081) and hence provides no statistically
meaningful evidence that lower-frequency or averaged exchange rate conditions drive failure
outcomes.

During periods of stress, disruptions in credit markets translate into sharp tightening of
financing constraints, particularly for firms reliant on external funding (Kargar et al., 2021).
Firms’ ability to absorb shocks depends on access to liquidity and refinancing at the time
obligations become due, rather than on average conditions over longer horizons (Li, Strahan,

and Zhang, 2020). In open-economy settings, exchange rate movements further amplify these

3 Although renewable infrastructure projects are long-duration investments, the hazard estimates indicate that
failure risk is primarily associated with recent adverse exchange rate realizations rather than lagged or averaged
FX conditions. This suggests that distress operates through a constraint-based mechanism: projects can absorb
moderate or persistent currency movements within existing financial structures, but large depreciations—
particularly tail events—can trigger binding constraints such as debt-service coverage or refinancing thresholds.
Accordingly, exchange rate exposure affects failure through the realization of discrete shocks rather than through
gradual accumulation, even though longer-term exposure may increase the likelihood of such events occurring
over the life of the project.
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effects through currency mismatches in balance sheets (Bruno and Shin, 2020). Our results
support a mechanism in which the timing of adverse shocks relative to financing needs, rather

than their gradual accumulation, governs distress outcomes.

Nonlinearities in exchange rate risk and project outcomes

The baseline specifications impose a linear relationship between exchange rate risk and
project outcomes. This may be restrictive in EMDE contexts. Exchange rate processes in
emerging economies are characterised by asymmetric dynamics, including prolonged periods
of relative stability punctuated by sharp depreciations and episodic stress (Table 2). From a
financing perspective, this implies that the economic impact of exchange rate risk is unlikely
to be constant across its distribution. Instead, one would expect limited sensitivity in normal
times and stronger responses as risk moves into adverse states. We estimate flexible spline-
based specifications and report predicted entry and failure outcomes at different points of the
exchange rate risk distribution. Table 7 summarizes the implied effects by comparing expected
project activity at the 25th, 50th, and 75th percentiles of each FX risk metric.

Table 7 shows a non-linear amplification in failure risk, with relatively muted effects
at low levels of exchange rate risk and substantially larger effects as risk increases. For FX
Volatility, expected failures increase from 0.007 at the 25th percentile to 0.025 at the 75th
percentile, corresponding to a 243.6% increase. A similar pattern emerges for FX Tail Risk,
where predicted failures rise from 0.017 to 0.047, a 178.7% increase. FX Depreciation, which
is generally weak in linear specifications, reports a 35.7% increase in expected project failure
rates across the inter-quartile range of the depreciation distribution. The entry margin departs
from prior expectations. The negative association between FX Depreciation and entry in the
baseline does not survive the nonlinear specification. FX Depreciation is weakly positive (6%),
while FX Volatility and FX Tail Risk increase along the knots. For example, expected entry
rises for FX Volatility (0.034 to 0.052) and FX Tail Risk (0.015 to 0.031) between the 25th and
75th percentiles.

We can think of three scenarios where these entry results could hold. First, these results
would hold in an environment where exchange rate risk is priced rather than quantity-rationed

at the entry stage. Second, projects may still proceed under higher risk, but at adjusted terms—
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through higher required returns or contractual protections—rather than, say being abandoned.
Second, selection effects may partly result in only preferred sponsors or better-structured
projects entering under higher-risk conditions. Third, the entry results could reflect policy or
countercyclical investment dynamics, particularly in environments where infrastructure
investment is supported despite adverse macro-financial conditions. This stands in contrast to
the failure margin, where the effects of exchange rate risk effects are both larger and strongly
non-linear. These patterns are consistent with a state-dependent response to exchange rate risk
framework where marginal effects strengthen as conditions deteriorate.

We do not interpret our results as evidence of a discrete structural break. Rather, the
relationship varies across the risk distribution, and effects become more pronounced in adverse
states. From a financing perspective, this is intuitive. In low-risk environments, exchange rate
movements can be absorbed through pricing, hedging, or contractual buffers. As risk rises,
these mechanisms lose effectiveness. Financing conditions deteriorate, while unhedged
currency exposures become more binding. Under these conditions, incremental increases in
exchange rate risk can have disproportionately large effects on project viability. The spline
results, therefore, complement the baseline findings by showing that the impact of exchange

rate risk is not only concentrated in tail realizations but also amplified at higher levels of risk.

Robustness tests

Across a battery of alternative specifications in Table 8 (and in the Appendix), we
assess the robustness of the core finding that higher exchange rate risk — particularly volatility
and tail risk — is associated with increased project failure, with no corresponding robust effect
on project entry.

Table 8 examines whether the baseline failure results are sensitive to sample
composition or the definition of failure. First, baseline failure results may be influenced by
countries with very limited event exposure. In Panel A, we restrict the sample to countries with
at least five observed failure events over the sample period. The core pattern remains intact.
FX Depreciation is small and insignificant, while FX Volatility and FX Tail Risk remain

positive and statistically significant.
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Panel B restricts the outcome to pre-operational failure which we define as realised
failure events prior to project commissioning. This isolates early-stage project distress, where
financing and construction risks are most salient and projects are most exposed to funding
conditions rather than realised cash flows. The results remain stable. FX Depreciation misses
conventional significance, while FX Volatility (0.510) and FX Tail Risk (0.569) remain
positive and significant. This suggests that the baseline findings are not driven by operational
failures but are already present at the pre-operational stage.

Appendix Table Al provides additional project-level validation using discrete-time
hazard models. Panel A considers any project failure, defined as the first occurrence of
abandonment, construction suspension, or mothballing at any point in the project lifecycle. The
pattern is consistent with the aggregate PPML evidence and align with baseline results. FX
Depreciation remains insignificant, FX Volatility is positive but imprecise (0.283), while FX
Tail Risk remains statistically significant (0.472).

Panel B shows that the hazard results are not sensitive to the choice of link function.
Under both clog-log and logit specifications, FX Depreciation remains insignificant, while FX
Volatility and FX Tail Risk are positive and statistically significant at the 1% level.

Panels C and D address the important question of whether FX risk simply proxies
domestic monetary conditions. In same-sample real-rate specifications, FX Volatility remains
significant with or without real interest rates (0.447 versus 0.446), while FX Tail Risk also
remains significant (0.468 versus 0.530). Orthogonalizing FX risk with respect to real interest
rates leads to the same conclusion. Orthogonalized FX Depreciation remains insignificant
(—0.046), while orthogonalized FX Volatility (0.294) and orthogonalized FX Tail Risk (0.382)
retain statistically significance. This indicates that the exchange rate risks are not subsumed by
real interest rate variation.

The robustness tests support our core findings. The association between FX risk and
project failure is not driven by inactive countries, alternative failure definitions, hazard link-
function choices, or real interest rate confounding. Across both aggregate PPML and project-
level hazard specifications, the most stable result is that volatility and especially tail risks are

associated with higher project failure.
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Broader economic implications and applications

Our results point to three implications for how exchange rate risk shapes infrastructure
investment in emerging and developing economies.

First, exchange rate risk operates primarily through the survival margin rather than
project initiation. While entry does not respond systematically to FX risk, failure rates increase
markedly, particularly for volatility and tail risk. From a policy perspective, reducing FX risk
is unlikely to generate large increases in project origination, but can materially improve
completion rates and reduce capital loss. Second, the effects of exchange rate risk are nonlinear
and intuitively driven by tail events. Tail risk emerges as the most robust predictor of failure,
while variance-based measures are less informative. This indicates that exchange rate risk in
EMDE contexts reflect asymmetric, downside exposure rather than symmetric fluctuations.
From a policy perspective, interventions aimed at stabilising average volatility are likely to be
insufficient. More effective interventions are likely those that mitigate large downside sides —
through hedging facilities, contingent guarantees, or multilateral risk-sharing mechanisms —
targeted at extreme states rather than average conditions. Third, exchange rate risk operates
through a short-horizon financing channel. The dynamic evidence shows that the impact of FX
shocks is concentrated at short lags and is already present before projects become operational.
This suggests that risk becomes binding when it coincides with financing needs, such as
drawdowns or refinancing events, rather than through long-run accumulation. Policies aimed
solely at long-term macro stability may therefore be insufficient. What matters is the
availability of continuing short-term financial resilience, including liquidity provision and

refinancing support during periods of stress.

5. Conclusion
How does exchange rate risk affect renewable infrastructure investment in emerging
economies? This paper addresses this question by studying two project-level margins: entry
into the investment pipeline and failure after commitment. Using country—year—sector PPML
models and project-level hazard models, we find that exchange rate risk does not systematically

reduce project entry. Instead, it is strongly associated with project failure.

17



The evidence points to an asymmetric transmission mechanism. Average depreciation
has limited explanatory power for failure, while volatility and tail risk are strongly associated
with adverse project outcomes. Nonlinear estimates show that failure risk rises sharply in
adverse regions of the FX distribution. Project-level hazard models further show that the effect
is concentrated in recent realizations, with little additional explanatory power from longer lags.

These findings imply that exchange rate risk is not only priced at financial close. In
currency-mismatched project finance, FX risk remains on the balance sheet after commitment.
Large depreciations increase the domestic-currency value of foreign liabilities, weaken debt-
service capacity, and raise failure risk. The relevant margin is therefore not only whether
projects are originated, but whether committed projects remain viable through execution.

This distinction matters for climate finance. Investment-volume measures capture
project origination but miss losses that occur when projects fail after commitment. Reducing
FX risk may therefore have limited effects on the number of projects entering the pipeline, but
large effects on completion rates and capital preservation. Policies aimed at EMDE
infrastructure finance should therefore target downside currency exposure and short-horizon
refinancing risk, rather than average volatility alone.

The broader implication is that currency risk is a project-survival risk in EMDE
infrastructure finance. Scaling renewable infrastructure requires more than increasing capital
commitments. It requires financial structures that protect committed capital from tail exchange-
rate shocks and allow projects to reach operation. Without such structures, currency mismatch
can turn investment pipelines into failed assets. This is the central role of FX risk in the clean-

energy financing gap
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Figure 1. Renewable energy projects by country.

The data sample spans the period 2005 — 2025. The figure shows the number of unique projects per country in the final dataset. Projects must be from
developing countries and have commissioning, decommissioning and project pre-operation failure date information. China is excluded. The resulting
project data is matched against macro, project-specific and climate risk variable proxies on country and year-month.
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Table 1. Infrastructure Project Failures Data Construction.

Category Measure Value
Project dataset (raw) Project observations 46822
Unique projects 10970
Countries 142
i’;g;lc;)dataset (cleaned / entry Entry projects (deduplicated) 544
Countries 50
Solar projects 308
Wind projects 236
Panel construction Entry panel observations 2100
Entry panel countries 50
Status panel observations 2100
Status panel countries 50
Event distribution (panel level) Entry zero share 0.924
Total entry events 544
Positive entry country—years 159
Failure zero share 0.860
Total failure events 3275
Positive failure country—years 293
Model-ready samples E;lé[;};\/(iieo};rseciation / Volatility / Tail) 1584
Entry countries 46
Failure (Depreciation / Volatility / Tail) 1584
observations
Failure countries 46

Notes: Table 1 summarises the construction of the EMDE country—year—sector panel and underlying project-level
dataset for wind and solar investments. Project-level data are used to construct entry and failure outcomes, which are
deduplicated prior to aggregation. Macroeconomic and exchange rate variables are merged at the country—year level.
“Zero share” denotes the fraction of panel observations with zero events, and “positive country—years” the number of
observations with at least one event. Model-ready samples vary across specifications due to lag structure and data

availability.
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Table 2. Summary Statistics.

Variable N Mean SD P25 Median P75

Panel A: FX risk variables

FX Depreciation 1618 0.049 0.108 —0.011 0.014 0.083
FX Volatility 1618 0.022 0.021 0.007 0.019 0.032
FX Tail Risk 1618 0.016 0.018 0.001 0.012 0.026

Panel B: Macro controls

Inflation (t—1) 1990 2.313 1.089 1.809 2.409 2.948
Government Debt / GDP (t—1) 1938 47238  26.593  30.046  43.394 60.27
Current Account / GDP (t—1) 1972 —2.879 7.992 —6.336  —2.623 0.68

Political Risk (t—1) 2000 —0.634 0.819 -1.120  -0.562  —0.140
Real Int. Rate (t—1) 1378 1.527 1.992 0.788 2.162 2.764

Notes: Summary statistics are reported at the country—year—sector level for outcome variables and at the country—year
level for covariates. All explanatory variables are lagged by one year (t—1). FX depreciation is measured as the 12-
month percentage change in the exchange rate. FX volatility is computed as the rolling 12-month standard deviation
of monthly exchange rate returns. Tail risk is defined as the (negative) 10th percentile of monthly exchange rate returns
over a 12-month rolling window, averaged to the annual level. Macroeconomic controls include inflation, government
debt as a share of GDP, the current account balance, and real interest rates, all expressed in percentages. FX variables
are winsorized at the 1% level, macro controls at the 1% level and Real Int. Rates at 2% level.
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Table 3: Within-Country Variation and Cross-Correlations (FX Risk)

Panel A: Within country variation in FX risk metrics

Countries Mean within-  SD of within-

Variable with variation ~ country SD country SD Min P23 Median P75 Max

FX Depreciation 46 0.089 0.046 0.000 0.060 0.086 0.120 0.215

FX Volatility 46 0.014 0.010 0.000 0.008 0.012 0.021 0.038

FX Tail Risk 46 0.010 0.007 0.000 0.006 0.010 0.013 0.035
Panel B: Cross-correlations between FX risk metrics

Variable FX Depreciation FX Volatility FX Tail Risk

FX Depreciation 1 0.583 -0.140

FX Volatility 1 0.592

FX Tail Risk 1

Panel A reports within-country variation computed as the standard deviation of each variable within country over time. Summary statistics describe the distribution of these
within-country standard deviations across countries. Panel B reports pairwise correlations among FX variables based on available observations. Only the upper triangular

matrix is shown.
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Table 4. FX Risk and Infrastructure Project Failure (baseline PPML).

Variable (1) FX Depreciation (2) FX Volatility (3) FX Tail Risk
FX Risk 0.073 0.508** 0.560%**
(0.142) (0.215) (0.200)
Inflation (t—1) -0.734%** -0.582%* -0.761%%*
(0.182) (0.258) (0.180)
Debt / GDP (t-1) 0.789%** 0.998** 0.842%*
(0.390) (0.438) (0.410)
Current Account / GDP (t—1) -0.600%* -0.420 -0.660**
(0.325) (0.320) (0.295)
Political Stability (t—1) 1.111* 1.103 1.225*
(0.675) (0.727) (0.686)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
N 1584 1584 1584

Notes: The dependent variable is the country—year failure count. Estimation uses PPML with the log of lagged active
project stock as exposure. All FX and macro regressors are standardized; coefficients therefore reflect a one-
standard-deviation increase in the regressor. Standard errors clustered at the country level are reported in
parentheses. *** p<0.01, ** p<0.05, * p<0.10.
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Table 5. Entry (PPML Estimates).

(1) FX Depreciation (2) FX Volatility (3) FX Tail Risk
FX Depreciation (t—1) —0.256**
(0.120)
FX Volatility (t—1) 0.135
(0.171)
FX Tail Risk (t—1) 0.089
(0.108)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
Sector FE Yes Yes Yes
N 1584 1584 1584

Notes: Table 5 reports Poisson pseudo-maximum likelihood (PPML) estimates of project entry at the country—year level.
All specifications include country and year fixed effects. Standard errors are clustered at the country level. FX variables
and macro controls are standardised (z-scores), so coefficients represent the effect of a one standard deviation increase.
Standard errors are clustered at the country level. The 60-month volatility specification uses a reduced sample due to longer
rolling windows. *, ** *** denote significance at the 10%, 5%, and 1% levels.
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Table 6. Project Failure Timing and Dynamic FX Risk.

Variable (1) Depreciation (2) Volatility (3) Tail risk (4) Tailrisk lag 2 (5) Tailrisk joint lags
Depreciation, lag 1 -0.040
(0.180)
FXvolatility, lag 1 0.097
(0.074)
FX tailrisk, lag 1 0.161*** 0.246**
(0.056) (0.113)
FX tail risk, lag 2 -0.017 -0.178
(0.113) (0.175)
Observations 2,564 2,564 2,564 2,559 2,559
Country FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Sector FE Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes

Notes: This table reports discrete-time pre-operational failure hazard models estimated using a complementary log-log link. The dependent variable equals one in the
project-year of pre-operational failure and zero otherwise while the project remains at risk. All FX and macro regressors are standardized. Controls include lagged
inflation, government debt-to-GDP, current account-to-GDP, and political stability. All specifications include country, year, and sector fixed effects. Standard errors
clustered at the country level are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.10.
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Table 7. Nonlinear Effects of Exchange Rate Risk on Entry and Failure (Spline PPML)

Outcome FX Metric Low (25th pct) Medi;(r:lt)(SOth High (75th pct) % AHI;;:V -

Entry FX Depreciation 0.042 0.049 0.044 6.200
FX Volatility 0.034 0.049 0.052 53.000
FX Tail risk 0.015 0.025 0.031 111.100

Failure FX Depreciation 0.013 0.016 0.017 35.700
FX Volatility 0.007 0.016 0.025 243.600
FX Tail risk 0.017 0.030 0.047 178.700

Notes: This table reports predicted conditional means from Poisson pseudo-maximum likelihood (PPML) models in which
exchange rate variables are modeled using quadratic splines applied to standardized regressors. Reported values correspond
to predictions evaluated at the 25th, 50th, and 75th percentiles of each FX variable, holding all other covariates at reference
values (modal fixed effects and zero for standardized controls). The dependent variables are project entry and failure counts
at the country—year—sector level; failure models include an exposure offset equal to log(1 + lagged active project stock).
All specifications include country, year, and sector fixed effects, with standard errors clustered at the country level. The
final column reports the percentage change in the predicted outcome between the 25th and 75th percentiles of the FX
variable..
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Table 7. Robustness: FX Risk and Project Failure.

Variable (1) FX Depreciation (2) FX Volatility (3) FX Tail Risk
Panel A : Active-country restriction
FX Risk 0.058 0.524%%* 0.590%**
(0.144) (0.227) (0.206)
Inflation (t—1) -0.583** -0.745%** -0.788%***
(0.266) (0.191) (0.188)
Debt / GDP (t—1) 1.057** 0.822%%* 0.849%%*
(0.448) (0.399) (0.419)
Current Account / GDP (t—1) -0.440 -0.670* -0.757%*
(0.367) (0.375) (0.336)
Political Stability (t—1) 1.119 1.117 1.232%*
(0.758) (0.699) (0.709)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
Observations 1060 1060 1060
Variable (1) FX Depreciation (2) FX Volatility (3) FX Tail Risk
Panel B : Pre-operational failure
FX Risk 0.069 0.510%* 0.569%**
(0.141) (0.219) (0.203)
Inflation (t—1) -0.574** -0.727%** -0.759%**
(0.256) (0.181) (0.182)
Debt / GDP (t—1) 0.997%* 0.783%%* 0.834%**
(0.435) (0.381) (0.401)
Current Account / GDP (t—1) -0.422 -0.606* -0.672%*
(0.322) (0.327) (0.295)
Political Stability (t—1) 1.137 1.143* 1.256%*
(0.734) (0.681) {0.693)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
Observations 1584 1584 1584

Notes: Table 7 reports Poisson pseudo-maximum likelihood (PPML) estimates of the relationship between exchange
rate (FX) risk and project failure at the country—year—sector level. Panel A restricts the sample to country—years with
at least one active project (“active-country restriction”). Panel B focuses on pre-operational project failures. FX risk
measures include depreciation, volatility, and tail risk, each entered separately. All explanatory variables are lagged
by one year. Regressions include country and year fixed effects. Standard errors (in parentheses) are clustered at the

country level.
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Appendix
Figure Al. Currency Returns (vs USD) from 2010 — 2020 for Brazil and India.
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Notes: Figure Al shows monthly log returns for the Indian Rupee — USD and Brazilian Real — USD from 2010 — 2020.



Table A2. Project-level Hazard Model Robustness.

Notes: This table reports project-level discrete-time hazard models. Panels A, C, and D use the complementary
log-log link. Panel B compares complementary log-log and logit specifications. Duration FE are fixed effects for
capped project-spell duration. All specifications include country, time and sector fixed effects. Controls are lagged
inflation, government debt/GDP, current account/GDP, and political stability. Standard errors clustered by country
are in parentheses. *, **, and *** denote significance at the 10%, 5%, and 1% levels.

Panel A. Any-failure hazard

Variable (1) Depreciation (2) Volatility (3) Tail risk
Panel A : Any-failure hazard
Depreciation -0.062
(0.212)
Volatility 0.283
(0.183)
Tail risk 0.472%**
(0.150)
Observations 3,379 3,379 3,379
Country FE Yes Yes Yes
Year FE Yes Yes Yes
Sector FE Yes Yes Yes
Duration FE Yes Yes Yes
Controls Yes Yes Yes
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Panel B. Link-function robustness

ey 2 3) “) (5) (6)
Variable FX Depreciation ~ FX Depreciation ~ FX Volatility FX Volatility FX Tail Risk FX Tail Risk
(cloglog) (logit) (cloglog) (logit) (cloglog) (logit)
Depreciation -0.038 -0.046
(0.262) (0.302)
Volatility 0.422%%* 0.424%**
(0.158) (0.187)
Tail risk 0.537%** 0.584%**
0.177) (0.211)
Observations 2564 2564 2564 2564 2564 2564
Country FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Sector FE Yes Yes Yes Yes Yes Yes
Duration FE Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes
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Panel C. Same-sample real-rate robustness

2) FX 4) FX 6) FX Tail
Variable De;()ie):clja)éion DepEeZia‘[ion + V((fl)aglxity Volat(ili)ty + Real T(asi% llggk l(lizk + Real
Real Int. Rates Int. Rates Int. Rates
Panel C. Same-sample real-rate robustness
FX Depreciation -0.022 -0.064
(0.258) (0.268)
FX Volatility 0.447** 0.446**
(0.202) (0.208)
FX Tail Risk 0.468** 0.530**
(0.226) (0.242)
Real Int. Rates -0.268 -0.245 -0.411*
(0.191) (0.226) (0.217)
Observations 2405 2405 2405 2405 2405 2405
Country FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Sector FE Yes Yes Yes Yes Yes Yes
Duration FE Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes
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Panel D. Orthogonalized FX-risk robustness

Variable )) 2) 3)
FX Depreciation (orthog.) -0.046
(0.196)
FX Volatility (orthog.) 0.294%*
(0.138)
FX Tail Risk (orthog.) 0.382%*
(0.175)
Real Int. Rates -0.281 -0.085 -0.187
(0.204) (0.207) (0.234)
Observations 2405 2405 2405
Country FE Yes Yes Yes
Year FE Yes Yes Yes
Sector FE Yes Yes Yes
Duration FE Yes Yes Yes
Controls Yes Yes Yes
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