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: ABSTRACT

Climate change presents profound risks not only for the
environment but also for economic stability. These risks are infricately
linked to growth outcomes, and understanding their impact requires
a forward-Hooking analytical framework. This paper applies the
Growth-atRisk (GaR) approach, using Albanian macro-financial
and climate-related data alongside quantile regression, to assess
how climate vulnerabilities influence the likelihood and severity of
future episodes of weak or negative economic growth. The results
show that climate stress significantly amplifies downside tail risks
to GDP, with non-linear effects across the growth distribution, most
pronounced in low-growth scenarios. Physical risks have a stronger
impact on adverse outcomes than transitional risks, although their
influence diminishes at higher quantiles, where transitional risks
gain relevance. These findings highlight the critical role of climate
risk mifigation in preserving economic stability and reducing
vulnerability to future growth shocks.

Keywords: Growth-at-Risk (GaR), climate change risk, financial
stability, quantile regression, fail risk, macrofinancial vulnerability,
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: 1. INTRODUCTION

Economic growth remains a foundational pillar of social
progress, driving advancements in living standards, employment,
and economic opportunity. However, climate-telated risks are
increasingly recognized as systemic threats to macrofinancial
stability, with the potential to disrupt productivity, investment flows,
and financial markets (NGFS, 2022). The transition o a low-carbon
economy, while essential, infroduces financial risks that are sysfemic
in nature, affecting asset portfolios, institutional viability, and market
dynamics (Battiston et al., 2017). Once viewed primarily through
an environmental lens, climate change is now understood to pose
multifaceted macroeconomic risks through two principal channels:
physical and fransition risks (Agarwala et al., 2021). Physical
risks—including rising global temperatures, extreme weather events,
and sea-level rise—can severely damage infrastructure, reduce
agricultural yields, impair labour productivity, and destabilize supply
chains, particularly in climatesensitive regions. These disruptions
amplify shortferm economic volatility and erode long-term output
potential. Transition risks, often associated with decarbonization
efforts, encompass regulatory shifts, technological innovation, and
capital reallocation. While such changes may incur shortterm
economic costs, they also present critical opportunities for fostering
longterm resilience, driving innovation, and promoting both
environmental sustainability and economic stability.

From a theoretical standpoint, much of the existing literature continues
to emphasize longterm growth trajectories, offering limited guidance
on recession dynamics and the identfification of macrofinancial
vulnerabilities—particularly  regarding the limitations  of * standard
models in capturing GDP exposure to "tail risks”, understood as a
degeneration of the unconditional relative to conditional distribution
(PlagborgMaller et al., 2020; lvanova et al., 2021). O'Brien and
Wosser (2021) argue that a fundamental component of risk analysis
and policy design lies in understanding the directional path and
magnitude of potential growth under downside scenarios, especially
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those involving the gradual accumulation of vulnerabilities and external
market sfress. Consequently, macroprudential policy must extend
beyond crisis prevention to include the estimation of downside 'fail
risks' —those associated with endogenous macrofinancial imbalances
and exogenous shocks —prompting scholars to incorporate these risks
more systematically into forecasting frameworks. Notably, Adrian ef
al. (2019a] introduced the Growth-atRisk (GaR|] approach, a forward-
looking tool for assessing the probability of adverse growth outcomes,
particularly those located in the lower tail of the GDP distribution,
conditional on prevailing macrofinancial conditions. By emphasizing
downside vulnerabilities rather than average projections, GaR offers o
more nuanced understanding of economic fragility under climate sfress.
Complementing this framework, Quantile Regression (QR) enables the
esfimation of conditional quantiles, capturing nondinear relationships
and distributional asymmetries that traditional mean-based models
often overlook (Adrian et al., 2019b; O'Brien & Wosser, 2021).
Inspired by Value-atRisk (VaR) methodologies, the integration of climate
variables infto GaR models has gained traction among central banks
and international financial institutions, particularly following the IMF's
Clobal Financial Stability Report (2017). The combined use of GaR
and QR provides several analytical advantages: it accommodates
crisis episodes, links macrofinancial conditions to growth probabilities,
and facilitates the infegration of climaterelated risks (Prasad et al.,
2019; lIseringhausen, 2021). Unlike centralscenario projections,
CaR delivers a full distributional view, enabling risk-sensitive policy
choices. It also identifies key growth drivers across quantiles and
forecasting horizons and  supports the continuous monitoring  of
systemic vulnerabilities. Crucially, this framework provides a robust
mechanism for quantifying the macroeconomic implications of climate
change, thereby expanding the macroprudential policy toolkit and
informing climate-sensitive economic strategies.

This paper applies these methodologies o assess the impact of
climate change risks on the distribution of GDP growth in Albania,
guided by two core motivations. First, as illustrated in Figure 1
in the Appendix, stylized facts from Albania’s quarterly growth
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data (2004 Q1-2023 Q1) reveals a leftskewed distribution
and frequent fail events. Approximately 13% of annual growth
rates fall below the 10th percentile and 28% fall below the 2nd
percentile, indicating heightened vulnerability to adverse shocks.
Second, climate change—driven by unsustainable production and
consumption patterns—poses escalating risks to economic stability,
as both physical and transition risks affect productivity, infrastructure,
and sectoral performance. Despite growing interest in this areq,
empirical evidence on the macroeconomic implications of climate
risks remains limited. Drawing on the long-run risk literature (Bansal
et al., 2016; Pindyck, 2012), this study incorporates a synthetic
climate risk index constructed via the Entropy Weight method
(Shijoku, 2022), capturing acute, chronic, adaptation, exposure,
and mitigation dimensions. The index reflects both observable and
latent climate vulnerabilities. Using Quantile Regression, the paper
estimates the conditional distribution of GDP growth and evaluates
how climate risk dynamics influence medion and lowerail
outcomes. This approach allows for non-linear and quantile-specific
effects and highlights the differential roles of individual climate risk
components. The findings contribute to the macroprudential policy
literature by offering a framework for monitoring and mitigating
downside growth risks in climate-vulnerable economies.

This paper makes four key confributions. First, it infroduces a novel
synthetic climate change risk indicafor, constructed using the Entropy
Weight method, enhancing reaHime monitoring and  cross-country
comparability. Unlike existing indices, this data-driven mefric captures
both quantitative and qualitative dimensions of climate risk, enabling
timely supervision and informed policy decisions. Second, the indicator
infegrates acute, chronic, and fransition risks —specifically adaptation,
exposure, and mitigation dimensions—thereby addressing gaps
in conventional measurement approaches and supporting a more
comprehensive understanding of sustainable development. Third, the
study fills a notable empirical gap in the Growth-atRisk (GaR) literature
by examining both the predictive and causal effects of climate risks
on GDP growth, with a focus on an emerging small open economy,
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Albania. It highlights the endogenous, nonlinear, and distribution-
sensifive nature of climate dynamics, and the heferogeneity across
physical and fransition risk channels. Fourth, the paper contributes to
the macro-prudential policy discourse by demonstrating how climate
risks condition the entire distribution of GDP growth, thereby offering a
framework for risk-sensitive forecasting and preventive policy design.
These insights are particularly relevant for central banks and institutions
seeking fo infegrate climate risks into economic surveillance and
resilience strategies.

The empirical findings confirm that Albania has experienced
adverse growth episodes consistent with the Growth-atRisk (GaR)
framework, marked by elevated probabilities of severe downturns.
Climate change risks exert a significant and quantile-dependent
influence on GDP growth, with non-linear effects most pronounced in
the lower fail of the distribution—reflecting heightened vulnerability
during periods of weak economic conditions. Physical risks, such as
extreme weather events, have a stronger impact on lower quantiles,
while transition risks gain relevance in the upper fail, indicating
differentiated effects across the growth distribution. Additional
macrofinancial factors—such as consumer sentiment, real estate
dynamics, and interest rate burdens—contribute to downside risks,
while bank prudential behaviour plays a limited role. These results
suggest that climate-related vulnerabilities primarily operate through
broader macroeconomic channels. Overall, the findings underscore
the need to infegrate climate risk assessments into Albania’s macro-
financial surveillance and policy frameworks to strengthen resilience
and support fargeted, adaptive policy responses.

The paper is structured as follows. Section 2 provides a concise
review of the relevant literature. Section 3 outlines the theoretical
framework, details the empirical methodology, and describes
the data sources and variable construction. Section 4 reports the
estimation results. Finally, Section 5 concludes with a summary of
key insights and their policy implications.
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: 2. LITERATURE REVIEW

Traditional  neoclassical growth models, such as  Solow-
Swan (1956) and Cass-Koopmans (1965), historically treated
environmental degradation and climate change as exogenous
externalities, largely disconnected from the infernal mechanics
of economic growth. These foundational frameworks emphasize
technological progress and capital accumulation as the primary
drivers of longTun output, thereby underestimating the role of
environmental feedback effects and systemic vulnerabilities.

In confrast, Infegrated Assessment Models (IAMs) — notably
Nordhaus's DICE model (1991) — and more recent endogenous
growth frameworks have begun to use ad hoc or highly stylized
function, linking tfemperature rise or extreme climate events to GDP
loss, marking a conceptual shift foward embedding environmental
risks within macroeconomic modelling. These functions often lack
strong empirical grounding and may underestimate nonlinear
thresholds or tipping points.

However, a growing body of empirical evidence underscores the
complex and bidirectional relationship between climate dynamics
and economic performance, reinforcing the case for infegrating
climate risks into growth models. Confemporary approaches
— including panel regressions, structural vector autoregressions
(SVAR), and machine learning techniques—now increasingly treat
climate variables not as peripheral shocks but as endogenous forces
that both influence and respond to macroeconomic trajectories.
For instance, Dell et al. (2008, 2012, 2014} and Acevedo et
al. (2020) document that rising temperatures significantly depress
growth in low-income countries, while Burke et al. (2015) quantify
long-run output penalties associated with climate volatility. Bansal
et al. (2016) link climate risk to asset devaluation and long-run
growth fragility. Nath et al. (2023) suggest that global growth
remains interconnected, with temperature shocks reducing output
in warmer regions while modestly boosting it in colder ones.
Casey et al. (2023) find that temperature anomalies affect income

.



levels more than growth rafes, whereas Burke and Tanutama
(2019) report persistent output losses following climate shocks.
More recently, Gupta et al. (2024) develop a dynamic model in
which temperature anomalies — driven by emissions — emerge
as endogenous oufcomes of economic activity. Their findings
underscore that climate change is not merely a passive shock to the
economy, but a recursive force that both shapes and is shaped by
macroeconomic trajectories. This evolving climate-growth literature
remains emergent, structured around two dominant methodological
strands: the enumerative approach, which employs Computable
General Equilibrium (CGE) models to estimate sectoral losses, and
the dynamic econometric approach, which leverages econometric
techniques to capture adaptation effects over time. While CGE
models offer tractability, they often neglect price dynamics and
sectoral interdependencies (Tol, 2022). Conversely, dynamic
models provide richer insights into behavioural responses but rely
heavily on spatial substitution and cross-sectional data, which may

limit their generalizability (Akram, 2012).

Despite notable progress, conventional models continue to struggle
with quantifying tail risks and recession dynamics (Plagborg-Meller
et al., 2020). Recognizing the nonlinear nature of macrofinancial
conditions (Burke et al., 2015), recent research increasingly adopts
non-parametric techniques to trace the full predictive distribution
of GDP and identify systemic vulnerabilities (O'Brien & Wosser,
2021). Since the IMF's Global Financial Stability Report {2017,
the tailatrisk framework has gained prominence in macro-financial
surveillance, reflecting growing awareness of the limitations of
mean-based forecasting in capturing rare, high-impact events.
These approaches enable the idenfification of heterogeneous
climate effects across countries, sectors, and time horizons,
revealing how environmental stressors—such as temperature
volatility, precipitation anomalies, biodiversity loss, and carbon
emissions—affect productivity, labour supply, capital accumulation,
and longrun growth potential. To address climate-related risks,
Bansal and Yaron's (2004 recursive utility framework inform on the
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development of models that account for climate-induced disasters,
emphasizing the role of longrun risks and investor sensitivity to
persistent shocks. Building on this foundation, Bansal et al. {2016)
demonstrate that breaches of temperature thresholds significantly
depress asset valuations and exacerbate macroeconomic fragility,
underscoring the sysfemic nature of climate fail risks.

More recently, Byme and Vitenu-Sackey (2024) apply a factor
stochastic volafility model to more than a century of panel data
across 30 countries, finding that global climate risk shocks exert
a disproportionately negative impact on macroeconomic activity,
particularly in emerging economies. Extending this line of inquiry,
and building on the pioneering work of Adrian et al. (2019), recent
studies have integrated Quantile Regression (QR) into the Growth-
atRisk (GaR) framework fo better reflect the asymmetric and state-
dependent nature of climate-economic inferactions. Contributions by
Kiley (2024, Ferrara et al. (2021), and Prasad et al. (2019) show
that QR-based GaR models effectively capture nonlinearities and fail
risks in both GDP and climate dynamics, offering a more distribution-
sensitive lens for macrofinancial surveillance under rising climate
uncertainty. Some other climate-specific extensions further refine
this methodology. Bansal et al. (2016] introduce a femperature-
augmented longun risks model, showing that breaches of climate
thresholds depress asset valuations and infensify macroeconomic
fragility. Similarly, Suarez (2021) develops Climate-atRisk and
Carbon Price-atRisk metrics fo frace the fransmission of climate shocks
through financial markets and growth trajectories. These innovations
provide policymakers with forward-looking tools to assess systemic
vulnerabilities and design macro-prudential strategies that enhance
resilience in the face of climate-induced disruptions.

This literature increasingly differentiates between physical risks—
stemming from acute climate events such as floods, droughts, and
heatwaves, which disproportionately affect the lower tail of the
growth distribution (Busetti et al., 2020)—and transition risks—
arising from policy shifts, technological change, and structural
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adjustments toward de-carbonization, which tend to manifest in
upper quantiles during expansionary phases (Di Febo, 2025).
These asymmetric effects underscore the importance of distribution-
sensitive modelling approaches. As Battiston et al. (2017) argue,
both risk types pose systemic threats to financial stability, reinforcing
the need for forwardlooking macrofinancial frameworks  that
can capture the full spectrum of climate-related vulnerabilities—
particularly those concentrated in the tails of the growth distribution.

Despite nofable progress, important limitations persist in the
climate-macrofinancial literature.  First, data gaps concerning
extreme events constrain fail-isk precision, particularly in vulnerable
regions. Moreover, the reliance on narrow proxies like temperature
and precipitation  overlooks broader climate dynamics such as
greenhouse gas emissions, sealevel rise, and event frequency
(Mitra et al., 2025). While these variables offer consistency and
accessibility, they tend fo oversimplify the complex fransmission
mechanisms through which climate change affects macroeconomic
outcomes. Establishing robust empirical linkages remains particularly
challenging due fo latent effects and indirect pathways (Akram,
2012). Furthermore, conventional indicators frequently overlook
fransition risksarising from policy shifts, technological disruption,
and the economic costs of adaptation and mitigation (EIB, 2021).
Second, adaptation remains difficult to quantify and is frequently
freated as a residual rather than an endogenous component of
economic modelling, which underscores the need fo rethink growth
theory by embedding environmental dynamics at its core (Dietz
& Stern, 2015). Third, GaR's shortterm focus limits its ability to
capture deep uncertainty associated with longterm  climate
fipping points thatunfold nonlinearly over decades (Wunderling
et al., 2024), whereas climate-sensitive models (Bansal et al.,
2016; Suarez, 2021) provide forwardlooking approaches better
suited to assessing resilience under prolonged climate disruption.
Finally, while climate-sensitive tail risks remain weakly integrated
into Infegrated Assessment Models (IAMs), limiting comparability
and policy relevance, Drenkovska and Volgjak (2022) propose
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composite indicators fo capture both physical and  transition
risks, reinforcing the analytical value of QR-based GaR models
for assessing multidimensional vulnerabilities. Expanding on this
perspective, Phiri (2025) calls for interdisciplinary frameworks that
holistically align environmental, economic, and social objectives,
emphasizing the need to move beyond siloed approaches in
climate risk analysis.

To address these gaps, this study proposes three contributions: i)
generating new country-level GaR estimates that account for climate-
specific vulnerabilities; (i) applying subnational Quantile Regression
to capture localized tail risks and adaptation heterogeneity; and {iii)
integrate macrofinancial data into the GaR framework to better
reflect marketbased assessments of climate risk exposure. Together,
these innovations aim to enhance the empirical grounding and policy
utility of climate-informed macrofinancial surveillance. As Coelho
and Restoy (2023) emphasize, the evolving nature of climate-
related financial risks demands a rethinking of macroprudential
policy design—one that relies on multidimensional metfrics and
forward-ooking surveillance tools capable of capturing systemic
exposures across both physical and fransition risk dimensions.



: 3. METHODOLOGY AND DATA

3.1.A theoretical model of couE“ng the economic
growth and climate change ris

In the context of globalization and technological advancement,
climate change and environmental degradation—driven by
unsustainable  production  and  consumption  patterns—are
increasingly shaping macroeconomic policymaking. A growing
body of research emphasizes that these risks pose not only
ecological threats but also significant challenges to economic
growth and financial stability (Economides et al., 2018). As Akram
(2012) observes, contemporary macroeconomic theory supports an
integrated analysis of growth, business cycles, and policy, often
through stylized models that incorporate climate-related dynamics'.

At the core of this analytical framework lies the Real Business
Cycle (RBC) model, in which a representative household maximizes
interfemporal utility:

Y
Et;ﬁfvcm (1)

Where, Y denotes output at time t; B € (0,1) represents the discount
factor reflecting time preferences; and Ut-) denotes a concave utility
function. Under environmental consfraints and subject to budget
and resource limitations, the utility function is extended to include a
new factor D, representing climate-related damages:

¥

Fe Y BUY,D) 2

t=0

" Among others, see also Nordhaus (2014), Golosov et al. (2014), and the subsequent
extension by Hassler et al. (2016).
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The production function is extended to incorporate environmental
stock and flow variables, such as biodiversity and emissions,
thereby capturing the dual impact of physical and transition risks
on economic output. This modification reflects the growing need to
embed climate-related dynamics within macroeconomic modelling.
Formally, the augmented production function can be expressed as
follows:

Yo + Keyy + Lepy = aKe + (1 — @)Ly + f(Kot, Lot For Dot 3)

Or, in a more compact form:

Yepy = AKELE + eFilPef) “

Here, A, denotes total factor productivity (TPF); K, and L,
represent capital and labour inputs, respectively?; a and (1-a) are
the corresponding output elasticities; D, is a sfock variable (e.g.,
clean air or biodiversity) that captures accumulated climate-related
damages; and F, is a flow variable (e.g., fuel emissions)® reflecting
ongoing environmental pressures. The parametfer B captures the
sensitivity of output fo environmental degradatio n and climate-
related damages.

Technological progress, denoted by e, is driven by advancements
in infrastructure, education, health, and innovation, which collectively
enhance the efficiency of input utilization. Assuming a steady-state
growth rate g, the evolution of productivity is given by:

2 For simplicity among  several authors— including Economides et al., (2018) —labour

supply is assumed to be inelastic and fixed at unity. Consequently, the consumer-producer
derives utility solely from private consumption, a specification that Hassler and Krusell
(2018) declare to be inconsistent with longerrun dafa.

Golosov et al. (2014) refer to the negative externalities arising from such activities as
“damages, " which are embedded info the production function.

N
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AA;
a1 ~ gy + Bd; ()
t

Assuming an exponential form for productivity, 4; = Age”, the
logrlinear transformation yields:

log (A;) = log (Ay) + z; (6)

Here, z, “represents cyclical deviations from the long-run productivity
frend. Following Tol (2022), this framework allows for the derivation
of output growth rates that explicitly account for climate-related
shocks and their influence on economic performance is expressed
as:

ge = go+aKe+ (1 —a)L, — (1 +Dy) (7)

This formulation implies that climate damages reduce growth by
a factor of 1/(1+D,), with effects becoming more pronounced as
damages accumulate over time. As Golosov et al. (2014) and
Hassler et al. (2016) argue, environmental variables such as
emissions and biodiversity affect both utility and output, underscoring
the importance of infegrating climate considerations into longferm
macroeconomic modelling.

This dynamic mechanism is particularly salient in the confext
of physical climate risks—including heatwaves, droughts, and
floods —which can disrupt supply chains, reduce agricultural yields,
and depress productivity (Ripple et al., 2022; Frame et al., 2020).
These risks tend to materialize rapidly and exert immediate negative
effects. By contrast, transition risks—arising from climate mitigation

4 Regarding the cyclical structure, as Economides et al., (2018) explain, it follows a
stochastic process of order AR(1), expressed as z,= pz, -+ ¢,, with ¢, following i.i.d process
with normal distribution E, &,= 0 and constant variance 2. In this setup, the stochastic
productivity constitutes the sole source of uncertainty in the economy and serves as the
driving force of the RBC methodology.
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and adaptation policies—unfold more gradually. While they may
increase shortterm production costs due to regulatory compliance
or investment in cleaner fechnologies, they can enhance long-
term efficiency, solvency, and disposable income. Consequently,
the net effect of climate risks on economic growth is context-
dependent: physical risks offen suppress shortterm output, whereas
wellmanaged transition risks may foster longferm resilience and
sustainability.

3.2.Empirical Strategy: Growth-at-Risk and
climate change risks through Quantile Regression

Building on the theoretical model outlined in Equation (7], this
section presents the empirical strategy used to assess how climate
change risks influence the distribution of GDP growth in Albania.
Following the methodology of Drenkovska and Volgjak (2022,
the analysis adopts a backward-looking approach to estimate
the full conditional distribution of economic growth in response to
macrofinancial and climaterelated vulnerabilities. The baseline
specification is defined as follows:

ge = Po + Z Bi Xit—p + &
o ()

where g denotes GDP growth at time ¢; B, is the intercept; f,
captures the marginal contribution of explanatory variable ; X, ,
represents a set of lagged macrofinancial and climate-related
indicators, including the Economic Sentiment Indicator (ESI), House
Price Index (HPI), Thill rate, loan4o-GDP ratio, fiscal policy stance

(FP), Bank Prudential Indicator (BPI), and the Climate Change Risk

Index (CCRI); and ¢, denotes the error term.

.



Traditional linear regression estimates the condifional mean of
the dependent variable, offering limited insight info disfributional
asymmetries — particularly in the tails, where macrofinancial and
climate shocks exert disproportionate effects. To address this limitation,
the study applies the GrowthatRisk (GaR) framework alongside
Quantile Regression (QR), following O'Brien and Wosser (2021).

Inspired by the Value-atRisk (VaR|] concept in finance, GaR focuses
on the probability that GDP growth falls below lower quantiles
(e.g., 5th or 10th percentile), thereby emphasizing downside risks
[ Adrian et al.,2019a; Prasad et al., 2019). QR, introduced by
Koenker and Bassett (1978), complements the GaR framework by
estimating conditional quantiles rather than the means®, enabling
the analysis of tail risks and heterogeneous effects across the growth

distribution (Suarez, 2021).

Under the combined QR and GaR approach, Equation (8] is
reformulated as follows:

gf = )5’3 + ﬁfX1,t—1 + ﬁsz,t-l + ot ﬁini,t—h + Ef )
Or, in a more compact form:

G @Xien) = B+ ) Bl X +el  (10)

iel

where, 9/(qlX:t-n) = B3 denotes the conditional quantile funcfion
of the dependent variable g{ (e.g., GDP growth) at quantile level

In economics, this approach has been used to analyse income inequality, labour market
outcomes, and poverty rates. In finance, it has been employed to examine asset pricing
models, risk management, and portfolio optimization. In healthcare, it has been utilized
fo study the impact of predictors on different quantiles of health outcomes, allowing for
a more nuanced analysis of healthcare disparities. In environmental studies, it has been
applied fo investigate the relationship between pollution levels and health outcomes,
considering the differential effects across different parts of the distribution.
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g, given the covariates X, Here, Bs is the quantile-specific
infercept term, and B{ is a vector of quantiledependent slope
coefficients capturing the marginal effect on how each predictor
(variable) i affects the outcome at different points in the distribution,
or quantile ¢; The term & represents the quantilespecific error.
The analysis considers quantiles g € {0.1,0.2,...,0.9} °, allowing the
model to estimate how the predictors influence different points of the
GDP growth distribution, particularly in the tails, thereby capturing
asymmetric and nonlinear effects critical for macrofinancial and
climate risk analysis. Within this framework, Growth-atRisk (GaR)
is defined as the threshold below which GDP growth falls with

probability ¢, conditional on the information set ¢ :
(Probabiiity(gf < GARi,t(qlfpt)) <gq (11)

where, GAR, (q|¢,) denotes Growth-atRisk for country i at fime
t, conditional on the information set ¢ available at time -h. QR
estimates this relationship by solving the following optimization
problem”:

T—h

f, = argmin Z Pq (Geen — Xi_ph) (12)
b t=1

Pq (u) = u(q - 1{u<0}) (13)

where, B, is the estimated coefficient vector for the g-th quantile,
and p, (u) denotes the check function that asymmetrically weights
residuals. Once the optimization problem is solved, the conditional
quantile of GDP growth (g}}) is given by X;_,.8,.

¢ The confidence intervals, following Drenkovska and Volcjak (2022), are reported af

a 10% level using heteroskedasticity-robust standard errors for quantile regression, as

proposed byKoenker (2005).
7 See, among others, Drenkovska & Volcjak (2022),and Chicana & Nivin (2022).
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The combined use of GaR and QR offers two key advantages.
First, GaR accommodates crisis episodes and links macrofinancial
and climate conditions fo the full growth distribution, enabling
policymakers to assess risks beyond central projections and identify
key drivers across quantiles and horizons (Prasad et al., 2019;
O'Brien and Wosser, 2021). Second, QR is less sensitive to
outliers and enhances this framework by capturing distributional
asymmetries, tail behaviour, and robustness to outliers and non-
normality (Suarez, 2021). Together, GaR and QR provide o
rigorous and flexible empirical framework for analysing how climate
change risks and macrofinancial conditions shape the distribution
of economic growth—particularly in the confext of downside
vulnerabilities. This approach supports risk-sensitive policy design
and strengthens macroprudential surveillance in climate-vulnerable
economies such as Albania.

3.3.Data description

This study ufilizes quarterly data spanning from 2004 Q1 to
2023 Q1, comprising 77 observations. The dependent variable is
the real GDP growth rate, annualized using a four-quarter moving
average fo reflect Albania’s economic performance. The set of
explanatory variables, detailed in Table 1 (Appendix), are grouped
into three categories:

The first includes macroeconomic indicators: the Economic
Sentiment Indicator (ESI), the 12-month T-bill rate (adjusted for
inflation), the House Price Index (HPI), bank lending to the economy
(Loanto-GDP), and the fiscal policy stance (FP), measured as the
ratio of total public debt—both domestic and foreign—to GDP. ESI
and HPI are survey-based indicators. ESI aggregates five sectoral
confidence indices (industry, services, consumer, construction, and
refail frade) using seasonally adjusted balance scores ranging from
—-100 to +1008. HPI is derived from semi-annual surveys of 230

8 For further information, see Kristo (2010).
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real estate agencies, capturing both qualitative and quantitative
assessments of markef conditions®. For consistency, HPI data are
interpolated to quarterly frequency using a mean-based approach,
while pre-2013 values are extended using historical growth rates
derived from earlier methodologies. Lloanto-GDP reflects tofal bank
lending as a share of GDP, while the real T-bill rate is calculated by
subtracting annual CPl inflation from the nominal rate. FP captures
the fiscal stance through the public debtto-GDP ratio, encompassing
both domestic and foreign components. The second category of
explanatory variables captures bank-specific conditions through the
Bank Prudential Behaviour Index (BPI)'°, a composite measure of
banking sector soundness constructed using the Entropy Method.
BPI reflects the prudence of individual banks based on balance
sheet dynamics and is aggregated using market share weights.
Higher BPI values indicate increased prudential behaviour across
the banking system. The third category comprises the Climate and
Environmental Risk (CCR] Index. As presented in Table 4 (Appendix),
CCR is a synthetic indicafor derived from 51 annual climate and
environmental variables, grouped into five risk categories . These
include acute and chronic risks, which represent physical climate
threats; adaptation capacity, reflecting resilience to those threats;
and exposure and mitigation, which capture transition risks linked to
the shift foward a low-carbon economy. Together, these dimensions
provide a comprehensive view of a system's vulnerability and
readiness, enabling more informed decision-making in climate
policy, financial planning, and sustainability assessments. Following
Khalid et al. (2020), CCR is constructed using the Entropy Method,
involving standardization, entropy scoring, utility weighting, and
aggregation info a normalized index ranging from O to 1, where
lower values indicate better climate risk performance'!. Due to its
annual frequency, CCR is converted to quarterly data using the

°  For more details, see Bank of Albania (2020).

19 The indicator was previously employed by Shijaku (2019). However, in that paper, the
estimation fechnique included a Principal Component Analysis (PCA) approach.

This approach is used fo calculate the weight or the valve dispersion in decision-making
of each indicator in a composite indicators system, based on the idea of the entropy from
basic information theory for the dataset. For more defails see Erkhembaatar and Bataa

(2020); and Zhu et al., (2020)].
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Chow-lin interpolation method. All variables undergo a three-
step fransformation to ensure consistency and comparability: (1)
normalization fo zero mean and unit variance'?; (2] rescaling to
a [0, 1] range to prevent high-variance variables from dominating
the analysis'®; and (3) indexing to a 2010 base year (set to 100,
followed by log transformation to stabilize variance and enhance

interpretability (Kutner et al., 2005).

Data sources include quarterly GDP growth from the Albanian
Institute of Statistics (INSTAT); BPI and CCR, constructed by the
author following Shijaku (2019, 2022); fiscal policy data from the
Albanian Ministry of Finance and Economy; and macrofinancial
indicators (ESI, T-bill, HPI, Loanto-GDP) from the Bank of Albania.
Climate-related data are sourced from international institutions, such

as the IMF and the World Bank.

12 The formula used in this case is Z, = (Xt—:m, where X is the actual data from the BLS; X is

the mean and & is the standard deviation over the selected sample.

13 The formula is given as Z{ = (m .
s
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: 4. EMPIRICAL ANALYSIS OF THE MAIN
ESTIMATED RESULTS

This section presents the main findings derived from the Growth-
atRisk (GaR)framework using a linear Quantile Regression (QR)
approach. The analysis focuses on the relationship between climate-
related variables and GDP growth across the conditional distribution,
which as Galvao (2009) highlights offers robust inference across
conditional quantiles and captures heterogeneity in economic
dynamics. The analysis follows a threestep approach. First, the
stationarity of the model variables is assessed using Augmented
Dickey—Fuller (ADF) and Phillips—Perron (PP) tests. As shown in
Appendix Figure 3, apart from BPI and HPI, most variables exhibit
non-stationarity at conventional significance levels, with mixed
outcomes depending on the inclusion of frend or constant terms. For
this reason, fo avoid spurious regression, all non-stationary series
were different to achieve stationarity (I(0)), while the QR estimation
was conducted in levels. Second, based on Equation (10), the
core results are summarized in Appendix Figure 4. The figure plots
the estimated B coefficients and their 95% confidence intervals
across nine quantiles of GDP growth (from the 10th to the QOth
percentile), using quarterly data from 2004 Q1 to 2022 Q4. Each
coefficient reflects the marginal impact of a one-unit change in the
explanatory variable on GDP growth, conditional on the quantile
growth distribution level, while holding other variables constant.

The estimation results offer several important insights. First, results
reveal that the size of befa (B) coefficients vary across GDP growth
quantiles. This finding confirms that predictor effects are not uniform,
thereby validating the GaR framework’s emphasis on fail risks. In
some cases, coefficient signs even reverse, reflecting sensitivity fo
business cycle. Similar patterns are found in Ferrara et al. (2021)
and Clark et al. (2024), who show that quantilebased models
capture nonlinear and asymmetric relationships are essential for
macrofinancial forecasting. Second, the estimation results for the
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Climate Change Risk Indicator (CCRI) reveal a consistently positive
coefficient across all quantiles, as illustrated in Figure 4. This
indicafes a robust inverse relationship between climate-related risks
and GDP growth: lower levels of climate risk are associated with
higher economic performance, regardless of the position within
the growth distribution. Similar patterns are observed in the World
Bank's Global Economic Prospects [2025) report, which projects
GDP losses exceeding 10% in vulnerable countries by mid-century
due fo climate-related damages, particularly in regions with limited
adaptive capacity and high exposure o exireme weather events.
Notably, the size of the estimated B coefficients for CCRI are
among the largest across all explanatory variables, underscoring
the substantial macroeconomic impact of climate risk. The statistical
significance of these estimates— confirmed by narrow confidence
infervals and conventional pvalues across quantiles— reinforces
the reliability of the findings. These results highlight the critical
importance of infegrating climate risk considerations info economic
planning and policy frameworks, as addressing such risks is
essential for sustaining longferm growth and resilience. Importantly,
the impact of climate risk is most pronounced in the lower tail of
the GDP growth distribution, underscoring its asymmetric nature. At
the 10th percentile (g = O.1), the estimated B coefficient reaches
approximately 0.895, compared to 0.637 at the median (g = 0.5)
and 0.464 at the Q0th percentile (q = 0.9). This gradient suggests
that during periods of heightened climate stress, a one-unit increase
in climate risk corresponds to a nearly 0.9 percentage point
reduction in GDP growth, whereas in more stable or expansionary
conditions, the effect —though sfill significant — is comparatively
muted. These findings reinforce the relevance of tailsensitive
frameworks like Growth-atRisk (GaR), which are better equipped to
capturing the disproportionate burden that climate risk imposes on
downside growth scenarios.

The analysis provides a granular view of how different types of

climate-related risks— physical and transition— affect the distribution
of economic growth. Physical risks, which encompass acute climate
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shocks like floods, hurricanes, droughts, and heatwaves, exhibit a
disproportionately strong and statistically significant impact on the
lower fail of the GDP growth distribution. This means that during
periods of economic stress or fragility, the presence of physical
climate shocks fends to exacerbate downside risks, increasing
the likelihood of severe confractions in output. These effects are
particularly  pronounced in vulnerable economies with limited
adapfive capacity or infrastructure resilience. Interestingly, the
analysis finds that transition risks are more salientin the upper quantiles
of the growth distribution. This suggests that during periods of strong
economic performance, the economy becomes more exposed fo
reallocation effects and adjustment costs associated with climate
policy implementation and structural transformation. These empirical
findings carry significant implications for macroeconomic policy
design, particularly in the confext of climate-related vulnerabilities
and cyclical risk management. The strong and asymmetric effects
of climate change risk on GDP growth—most pronounced in the
lower fail of the disfribution—underscore the urgency of integrating
climate-sensitive indicators info  macro-prudential - frameworks.
Policymakers should therefore prioritize early warning systems and
stress-testing tools that account for both physical and transition risks,
particularly during periods of heightened climate stress.

Beyond climate-related factors, another set of results provides
important insights into the role of fiscal and financial variables
in shaping growth outcomes. Notably, fiscal policy burden
and credit provision fo the economy emerge as the second
most influential factors after climate risk. The estimated beta (B)
coefficients for fiscal burden are consistently negative across all
quantiles, indicating that reducing fiscal pressure is associated
with higher GDP growth. Likewise, the loanto-GDP ratio shows
a positive relationship throughout the distribution, suggesting that
increased credit availability supports economic expansion. Both
effects are statistically significant, reinforcing their relevance for
macroeconomic performance. Crucially, the magnitude of these
effects varies across the distribution. The impact of fiscal burden is
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strongest at the lower tail (g = 0.1), where economic vulnerability
is highest, and weakest at the upper tail (g = 0.9). This implies
that fiscal consolidation is particularly beneficial during periods of
economic stress. Conversely, the effect of credit provision intensifies
toward the upper quantiles, with the strongest impact observed af
q = 0.9, suggesting that credit growth plays o more prominent
role in supporting expansion during stable or high-growth periods.
Overall, these findings highlight the asymmetric influence of fiscal
and financial variables across the growth distribution and reinforce
the need for targeted policy inferventions that account for cyclical
conditions and distributional dynamics. Notably, the magnitude of
these effects varies across the growth distribution. The impact of
fiscal burden is strongest in the lower quantiles (g = O.1), where
economic vulnerability is highest, implying that fiscal consolidation
is particularly beneficial during downturns. In contrast, the effect
of credit provision intensifies toward the upper quantiles (g =
0.9), indicating that credit growth plays a more prominent role
in sustaining expansion during stable or high-growth periods.
These findings highlight the need for cyclically sensitive policy
interventions, including fiscal tightening during stress episodes and
credit facilitation during recovery phases.

The remaining results suggest that other indicators such as consumer
confidence, real estate dynamics, and inferest rate burden show
minimal and inconsistent impact within the GDP growth distribution.
Bank prudential behavior appears to exert even less influence in this
confext. Their estimated effects are small in magnitude, statistically
insignificant, and unstable across quantiles, suggesting limited utility
for macro-prudential policy fargefing. From a policy perspective,
this differentiation is critical. It implies that effective macro-financial
surveillance and risk mitigation should prioritize variables with
robust and quantifiable influence on growth outcomes, particularly
under adverse conditions. Climate-sensitive indicators, fiscal levers,
and credit dynamics should therefore be central to early warning
systems and stresstfesting frameworks. Meanwhile, indicators with
weak or unstable relationships to GDP growth may be better suited
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for sectoral monitoring or supplementary analysis rather than core
macro-prudential design. These findings reinforce the value of
the GaR-QR approach for informing targeted, data-driven policy
inferventions. By capturing distributional asymmetries and tail risks,
this framework enables policymakers to anticipate vulnerabilities
more precisely and allocate resources more effectively in response
fo evolving economic and environmental shocks.
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: 5. CONCLUSIONS

In an era marked by rapid technological advancement and
globalization, climate change and environmental degradation—
driven by unsustainable production and consumption patterns—are
fundamentally reshaping the landscape of economic policymaking.
Research increasingly confirms that both the current and projected
implications of these risks  render the “business as usual” approach
untenable. Climate change, deforestation, and pollution pose
systemic threafs not only to the planet but also to economic growth
and stability. Rising sea levels, temperature increases, extreme
weather events, and resource scarcity disrupt supply chains, elevate
production costs, reduce productivity, and damage infrastructure —
ultimately impeding growth if left unaddressed. The economic
cosfs of these risks are substantial, particularly for sectors such as
agriculture, energy, and infrastructure. While climate-related risks
may appear defrimental to growth, fransitioning to a low-carbon
economy and adopting sustainable practices—such as investing
in renewable energy and climateresilient infrastructure—can
mitigate these threats, foster innovation, and unlock new economic
opportunities. These challenges not only hinder economic progress
but also erode social cohesion and environmental sustainability.
Addressing them requires a multi-dimensional policy response,
including international cooperation, inclusive and progressive
faxation, sustainable development strategies,  climatedriendly
regulations, and investment in human capital. Above all, it is
imperative that policymakers recognize the urgency of these issues
and fake proactive, coordinated action.

To address the impact of climate change risks and vulnerabilities on
the dynamics of adverse GDP growth outcomes, this paper employs
the Growth-atRisk (GaR) framework, using Albanian macro-financial
data and a synthetic climate-related indicator, alongside quantile
regression, and the Quantile Regression method. The contribution
is threefold. First, to the best of our knowledge, this represents the
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first empirical application of this infegrated approach in the context
of a small open economy. Second, the GaR framework provides
a robust tool for monitoring macrofinancial risks by capturing
the relationship between climate change risks, macrofinancial
conditions, and the full distribution of GDP growth. lts flexibility
enables counterfactual scenario analysis, which is instrumental in
identifying risk sources and guiding policy responses. Third, the use
of Quantile Regression allows for a more granular understanding
of how climate risks affect different segments of the GDP growth
distribution. Unlike traditional mean-based models, this method
reveals asymmetries, tail behaviour, and heterogeneity across
quantiles, making it particularly valuable for analysing skewed or
heavy-ailed data and mitigating the influence of outliers. Together,
these fools provide a comprehensive framework for assessing and
communicating the economic implications of climate-related risks.

The empirical findings confirm that Albania has experienced
episodes of adverse economic performance consistent with the
Growth-atRisk (GaR) framework, where the probability of severely
negative growth outcomes—"tail risk”—is elevated. The analysis
further reveals that climate change risks exert a significant and quantile-
dependent influence on GDP growth, particularly given Albania’s
structural exposure as a small open economy. The effects are non-
linear and most pronounced in the lower quantiles, indicating that
climate-related shocks disproportionately affect periods of economic
vulnerability. This underscores the imporfance of analysing the full
distribution of growth outcomes and highlights the strategic role
of climate risk mitigation in enhancing economic resilience and
reducing downside risks. The analysis further distinguishes between
physical and transition risks. Physical risks, such as extreme weather
events, have a stronger and statistically significant impact on the
lower fail of the growth distribution, while their influence diminishes
at higher quantiles. In confrast, transition risks—linked to policy
and structural adjustments—become more prominent in the upper
quantiles, suggesting their relevance during periods of stronger
economic performance. Additionally, macrofinancial variables
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such as consumer confidence, real estate dynamics, and interest
rate burdens contribute to downside risks, whereas bank prudential
behaviour appears to play a limited role. This suggests that climate-
related vulnerabilities operate primarily through broader economic
channels rather than direct financial sector fragility. Taken together,
these results underscore the imperative of integrating climate risk
assessments into the national macrofinancial policy and surveillance
frameworks. Doing so would enhance the capacity of policymakers
fo identify emerging vulnerabilities, design targefed interventions, and
build resilience against future climate-induced economic disruptions.

Importantly, this study represents the first empirical application
of the Growth-atRisk (GaR) framework and synthetic climate risk
indicators to Albania’s economy, laying a robust foundation for future
research. Several promising avenues emerge from this work. First,
methodological extensions could include the application of dynamic
quantile regression with panel data techniques across Western
Balkan economies. This would enable the analysis of regional
spillovers, cross-country heferogeneity, and shared vulnerabilities in
climate-growth dynamics. Another valuable enhancement involves
the disaggregation of climate risk components—distinguishing
between chronic risks (e.g., gradual temperature rise) and acute
shocks (e.g., floods, droughts)—to assess their differential impacts
across the GDP growth distribution. Second, sectoral and structural
vulnerability analysis should investigate how climate risks affect key
sectors such as agriculture, tourism, and energy, and quantify their
contribution to aggregate downside risks. In parallel, developing
institutional resilience metrics would allow for the evaluation of
national capacity to manage climate risks and mitigate macro-
financial vulnerabilities. Finally, future research should extend the
analysis to explore how climate-related shocks interact with longterm
productivity trends, innovation capacity, and economic resilience.
Additionally, examining the interplay between climate risks and
macroeconomic policy instruments— particularly within the GaR
framework—could yield valuable insights into their implications for
financial stability and policy design.
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APPENDIX

Figure 1. Real GDP growth during the period 2000 Q1 - 2023 Q1.

GDP real
e GDP real (mesatare vjetorer)
= GDP real (mesatare 3 vjecare)

Source: Albanian Insfitute of Statistics (INSTAT).

Figure 2 Kemel Density Distribution of real GDP growth, 2004 Q1 — 2023 Q1




Table 1. Descriptive Statistics on real GDP annual growth rate.

2004Q1-2023 Q1

Mean 3.7
Median 4.1
Maximum 18.5
Minimum -11.2
Std. Dev. 3.8
Skewness 0.1
Kurtosis 7.7
Jarque-Bera 70.2
Probability 0.0
Sum 288.5
Sum Sq. Dev. 1078.7
5 -1.811
10 0.47
Quantile (Percentile)
50 4.27
75 6.05
IGQR 3.94
Observations 77

Source: Author's calculations.

2009Q1 - 2023Q1
2.9
3.2
18.5
-11.2
3.8
-0.05
9.4
98.3
0.0
164.4
809.5
2.32
0.15
4.06
52
4.99
57

Table 2. One way Tabulation of real GDP annual growth, 2004Q1 -

2023Q1 (77 observations.)

Value Non-cumulative
Count Percent Count
1. [-12,-10) 1 13
2, [4,-2) 4 5.19
3. [-2,0) 3 3.9
4. [0, 2) 14 18.18
5. 12, 4) 15 19.48
6. [4, 6) 24 31.17
7. [6, 8) 10 12.99
8. (8, 10) 4 5.19
9. [10, 12) 1 1.3
10. [18, 20) 1 1.3
Total 77 100

Source: Author’s calculations.
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Cumulative

Percent

1.3

S) 6.49
8 10.39
22 28.57
37 48.05

79.22
92.21

75 Q7.4
76 Q8.7
77 100
77 100



Table 3. One way Tabulation of real GDP annual growth, 2009Q1
-2023Q1 (57 observations)

Value Non-cumulative Cumulative

Count Percent Count Percent

1. [-12,-10) 1 1.75 1 1.75
2. [4,-2) 4 7.02 5 8.77
3, [2, 0) 3 5.26 8 14.04
4. [0, 2) 13 22.81 21 36.84
5. [2, 4) 14 24.56 35 61.40
6. [4, 6) 15 26.32 50 87.72
7. [6, 8) 5 8.77 55 96.49
8. [8, 10) 1 1.75 56 98.25
9. [18, 20 1 1.75 57 100.00
Tofal 57 100.00 57 100.00

Source: Author’s calculations.
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Table 4. Dataset of 51 indicators used to assess CCR at the country level based on
the EIB (2021) scoring model.

Category Indicator Sign
< Climaterelated disasters frequency, Number of Disasters: TOTAL [
& 5 5 years AV Change % of (Climate-related disasters frequency, Number of Disasters: TOTAL) [
83 GCR 3
_23 Total Damages, Adjusted (‘000 US$) [
& Land area where elevation is below 5 meters (% of ztotal Land Area) [

Temperature changes with respect to a baseline climatology,
__ corresponding fo the period 1951-1980 [l
92 5year average []
2 World Temperature changes with respect fo a baseline climatology, [+]
O corresponding to the period 1951-1980 / country level
% 5vyear average [+]
EU Crop production index (2014-2016 = 100) [+]
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Figure 3 Unit Root Test Analysis
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Note: The lightblue horizontal line denotes the size of each beta (B) coefficient estimated through the Quantile regression at different points of the quantile distribution and represents
the linkage between the explanatory variable and growth, at different points of distribution of GDP growth. The horizontal grey dash lines denote confidence intervals at 5%,
estimated using heteroskedasticityrobust standard errors for Quantile regression, and when they cross the x-axis, this signals the absence of stafistical significance of the predictor.
The horizonial x-axis represents the quantiles of disiribution, i.e. ai 0.1, 0.2, 0.3, ..., 0.9. The veriical y-axis denoes the impact of each explanatory variable af different

points of quantile distribution

Source: Author’s calculations.

Note: The light blue horizontal line denotes the size of each befa () coefficient estimated through the Quantile regression at different points of quantile distribution and represent the
linkage between the explanatory variable and growth, at different points of distribution of GDP growth. The horizontal grey dash lines denote confidence intervals at 10%, estimated
using heteroskedasticity-robust standard errors for Quantile regression, and when they cross the x-axis, this signals the absence of statistical significance of the predictor. The
horizontal x-axis represents the quantile of distribution, i.e. at 0.1, 0.2, 0.3, ..., 0.9. The vertical y-axis denotes the impact of each explanatory variable at different points of
quantile distribution

Source: Author's calculations.



! Note: The horizontal light blue line denotes the size of each beta (8] coefficient estimated through the Quantile regression at different points of quantile distribution and represent the |
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