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Abstract

Respiratory medicines are among the first lines of defence when weather and cli-
mate push vulnerable lungs past their limits. This study quantifies how atmospheric
conditions shape weekly prescription volumes and examines what continued global
warming implies for pharmaceutical planning in Greece. A national retail panel of
prescription respiratory sales for 20 regions (2016-2023) is combined with high-
resolution meteorological reanalysis to estimate two classes of models: a Spatial
Lag of X panel with region and week-of-year fixed effects, and a climate-augmented
fixed-effects distributed lag forecaster. The spatial specification shows that contem-
poraneous conditions in neighbouring regions, especially warmer temperatures and
stronger winds, exert more systematic effects on local demand than purely local
shocks—positive for temperature, negative for wind—with spillovers concentrated
within distance bands of a few hundred kilometres. The forecasting model cou-
ples short distributed lags of climatic variables with autoregressive dynamics and
attains one-year-ahead accuracy with mean absolute percentage errors around 11%.
A purely exogenous variant driven only by climatic regressors is then run on weekly
projections from global climate models under alternative forcing pathways, yield-
ing scenario-conditioned trajectories of national respiratory pharmaceutical needs.
By the late 2020s, these projections indicate peak-season demand roughly 25-35%
above recent (2022-2023) levels and about 45-55% above pre-pandemic volumes.
Taken together, the results support climate-aware, spatially resolved procurement
strategies and underscore the value of integrating routine pharmaceutical data into
health-system adaptation to a warming atmosphere.
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1 Introduction

Climate change is widely regarded as one of the defining challenges of recent dec-
ades, exerting deep and tightly interlinked effects on environmental systems, popu-
lation health, and economic activity worldwide (Barros et al. 2014; Carleton et al.
2022; Kotz et al. 2024). In addition to gradual shifts in mean temperature and pre-
cipitation, it modifies the frequency, intensity, and spatial distribution of extreme
events, thereby altering patterns of exposure and vulnerability across regions and
population groups.

Climate variability has long been recognised as a key determinant of human
health operating through multiple, interacting pathways (Haines et al. 2006). These
mechanisms include direct injuries and mortality associated with extreme weather
events, cardiovascular and respiratory strain during heatwaves, mental health conse-
quences arising from acute climate-related disasters and chronic climate-related dis-
tress, and changes in the transmission dynamics of vector- and water-borne diseases
(Rocklov and Dubrow 2020; Cianconi et al. 2020; Khraishah et al. 2022). Climate
change intensifies these mechanisms by shifting the distribution of environmental
conditions—rising near-surface temperatures, more frequent heatwaves, altered
humidity and precipitation regimes, and a higher occurrence of compound extremes.

These shifts modify the timing and intensity of demand for medicines, trans-
mitting environmental variability into healthcare utilisation and pharmaceutical
consumption (Redshaw et al. 2013). This paper focuses on Greece in the Eastern
Mediterranean, where recent decades have seen pronounced warming, more fre-
quent and persistent heatwaves, and shifts in precipitation that increase drought and
fire-weather risk (Zerefos et al. 2011; Tolika et al. 2012). The combination of these
climatic pressures with heterogeneous geography and population exposure provides
a highly volatile environment in which to identify and forecast climate-sensitive res-
piratory pharmaceutical demand.

Health shocks therefore transmit to the demand side of the healthcare system,
affecting public budgets, procurement planning, and private supply chains, where
decisions must be taken under uncertainty and with adjustment costs. At the same
time, pharmaceutical supply chains are themselves exposed to climate stressors:
from sourcing to manufacturing and distribution, each stage can be perturbed by
heatwaves, cold snaps, floods, or transport disruptions. Recent years have shown
how unexpected emergencies can impede access to essential goods, as starkly illus-
trated during the COVID-19 pandemic (Ranney et al. 2020; Tokovi¢ 2023). In such
settings, seasonal regularities justify medium-term planning, whereas episodic
surges require rapid responses that are feasible only if risk is anticipated and con-
veyed through calibrated predictive intervals.

These considerations are particularly salient in fiscally constrained healthcare
systems, especially where heterogeneous geography intersects with climate expo-
sure and amplifies risk; in Greece, health-system constraints and procurement insti-
tutions further raise the penalty for forecast error (Economou et al. 2017). In this
context, geographically resolved forecasts that integrate climate information and
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quantify uncertainty are valuable inputs for procurement, inventory management,
and spatially targeted preparedness.

A still limited but recently growing literature links climate variability and change
to respiratory pharmaceutical use and situates demand forecasting within fragile
medicine supply chains. Abir et al. (2025), for example, simulate future climate sce-
narios and estimate that demand for asthma medications such as albuterol could rise
by 1.5 to 3% by 2040, driven by higher asthma prevalence projected across nearly
all age groups. For Greece, Schisa and Farne (2025) provide one of the first com-
prehensive analyses combining frequency-domain inference, machine learning,
and panel designs to map climate—pharmaceutical relationships. The present study
builds on that framework by exploiting the full 20-region weekly panel in a spatially
explicit setting, embedding climate covariates in two-way fixed-effects forecasters,
and linking these models directly to CMIP6 climate projections to obtain scenario-
conditioned trajectories of pharmaceutical demand.

Thus, while a substantial literature links climate and environmental exposures to
morbidity and mortality, evidence that directly quantifies and rigorously forecasts
climate-driven variation in pharmaceutical demand remains limited, particularly at
weekly resolution and in a spatially explicit framework. From a statistical perspec-
tive, there is a need for spatio-temporal panel models that (i) exploit cross-sectional
and seasonal structure, (ii) accommodate spatial spillovers in climate exposures, and
(iii) can be embedded in a scenario-based forecasting pipeline driven by climate
projections.

Against this backdrop, the paper develops a spatio-temporal, weekly frequency
analysis of respiratory pharmaceutical demand in Greece and pursues three comple-
mentary objectives. First, it conducts an exploratory spatial econometric analysis to
characterise how contemporaneous and synoptic-scale climate conditions, together
with their spatial spillovers, are associated with regional respiratory pharmaceuti-
cal demand. This is achieved by estimating a Spatial Lag of X (SLX) panel model
with two-way fixed effects, which disentangles local from cross-regional climate
channels and provides an interpretable description of how climate variability propa-
gates into regional pharmaceutical sales. Second, it develops a two-way fixed-effects
panel model tailored for one-year-ahead forecasting of regional demand, combining
autoregressive dynamics with climate covariates summarised through parsimonious
distributed-lag polynomials. Third, it uses a purely exogenous variant of this panel
forecaster as a scenario engine for medium-term projections, linking weekly demand
to climate trajectories from the Coupled Model Intercomparison Project Phase 6
(CMIP6) under alternative Shared Socioeconomic Pathways.

All in all, this threefold approach allows historical data to be fully exploited to
identify and disentangle short-term impacts onto respiratory medicine demand in
Greece, so that we can model and forecast respiratory medicine consumptions in
Greek regions in the short-run, also incorporating spatial dependence patterns
beyond temporal and climatic ones. On top of that, by integrating CMIP6 climate
projections with our validated model, we also manage to extrapolate medium-run
plausible trajectories for respiratory medicine demand in Greece. By this approach,
we empirically prove that climate-informed forecasts can support procurement
and budgeting decisions by providing probabilistic, geographically resolved, and
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operationally credible signals of upcoming demand pressure. This is particularly
relevant for Greece, where health-system constraints and procurement institutions
further raise the penalty for forecast error, and spending adjustments in strategic
demand management have not always been grounded in a needs-based assessment
(Economou et al. 2017; Deloitte Business Solutions 2025).

The remainder of the paper is organised as follows. Section 2 describes the phar-
maceutical and climate data, as well as the construction of scenario-consistent cli-
mate drivers. Section 3 presents the econometric framework, introducing both the
climate-augmented two-way fixed-effects panel forecaster (FE-CLIM—AR and its
exogenous variant FE-CLIM-X) and the SLX panel model for spatial spillovers and
distance-band effects. Section 4 reports empirical results on spatial spillovers, fore-
casting performance, and scenario-based projections under alternative climate path-
ways. Finally, Sect. 5 discusses the main findings and their implications for climate-
sensitive pharmaceutical planning and outlines directions for future work.

2 Data

The empirical setting is a weekly panel for Greece spanning January 2016 to
June 2023 and covering 20 pharmaceutical regions. Weekly respiratory pharma-
ceutical sales and climate variables are used to develop econometric models that (i)
quantify spatial spillovers in demand and (ii) support forecasting and scenario-based
projections to inform climate-sensitive healthcare planning.

2.1 Pharmaceutical data

The pharmaceutical demand data (y), expressed in terms of packs (single dispensed
packages) independently of pack size, dosage strength, or route of administration,
were provided by Alira Health' and originate from a retail sell-out panel that the
company designs and maintains. The panel comprises approximately 1,200 pharma-
cies distributed across Greece, sampled to ensure geographic representativeness with
respect to the 20 pharmaceutical areas. Data are collected automatically via soft-
ware integration with pharmacy enterprise resource planning (ERP) systems, which
acquire de-identified transaction records (volumes, values, de-identified e-prescrip-
tion metadata, and product codes) on each business day. The process is fully auto-
mated and timestamped, enabling routine refreshes and auditable traceability while
enforcing GDPR-compliant anonymisation and standardised quality controls.

The geographical partition is fixed over the study period and broadly aligns with
major urban hubs, mainland macro-areas, and island groups (see Section S1 of the
Supplementary Material for regional centroids and mapping to the retail panel).
Consistent with Greece’s settlement pattern, population and pharmacy density are
highest in the Athens and Thessaloniki metropolitan areas, while the island and

' Alira Health, https://www.alirahealth.com/
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Weekly Respiratory Drug Demand by Region
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Fig. 1 Weekly respiratory pharmaceutical demand for 20 pharmaceutical regions (2016-2023)

peripheral territories are more sparsely populated but remain covered by the retail
panel.

Although transaction records are available down to ATC Level 5, the analysis is
conducted at Level 12 because the objective is to quantify the total climate-related
impact on respiratory demand, for which therapeutic substitution across subclasses
(e.g. between bronchodilators and anti-inflammatories) is part of the relevant behav-
ioural response. Moreover, only prescription medications are considered, as they are
subject to stricter regulatory control and monitoring, thus offering more reliable data
for analysis.

In Fig. 1, the weekly series for all twenty pharmaceutical regions display a clear
winter-dominant seasonal pattern: peaks recur in late autumn and winter, while
troughs fall in late spring and summer, in line with respiratory demand dynamics.
Within each panel, week-to-week movements are smooth rather than erratic, indicat-
ing strong short-run persistence and motivating autoregressive dynamics in subse-
quent models. The COVID-19 period leaves a visible imprint across most regions:

2 The Anatomical Therapeutic Chemical (ATC) system (https://www.whocc.no/atc_ddd_index/), widely
used in pharmacoepidemiology, provides a hierarchical therapeutic classification: Level 1 identifies the
anatomical main group, Level 2 the therapeutic main group, Levels 3—4 the pharmacological and chemi-
cal subgroups, and Level 5 the chemical substance. The focus here is ATC Level 1 = R (Respiratory sys-
tem), which aggregates respiratory agents regardless of specific mechanism or molecule.
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during 2020-2021, levels are systematically lower and seasonal peaks appear com-
pressed, followed by a rebound from late 2021 onward with sharper winter maxima.

At the same time, Fig. 1 reveals pronounced cross-regional heterogeneity in both
average levels and in the amplitude and sharpness of seasonality. Volumes are high-
est in the Athens and Thessaloniki metropolitan areas and in densely populated
mainland regions, whereas island and peripheral areas operate at markedly lower
levels. Some territories exhibit very sharp winter spikes, others smoother and lower-
amplitude cycles, and volatility is not uniform across space, with certain regions
showing more frequent extreme excursions than others. Such spatial non-homo-
geneity cautions against reliance on aggregates alone: meaningful within-region
dynamics may be masked, parameter estimates may be distorted by aggregation, and
climate—demand linkages may be confounded by unobserved, time-invariant dif-
ferences across areas. This motivates a regional panel design with two-way fixed
effects.

2.2 Climate data

Climate inputs are drawn primarily from ERAS, the global reanalysis produced by
the European Centre for Medium-Range Weather Forecasts (ECMWF) (Hersbach
et al. 2020). The analysis uses ERAS5 near-surface variables: 2 m air temperature
(), 10 m wind components used to derive wind speed, total precipitation (r), total
cloud cover (c), and specific humidity (g). The horizontal wind is represented by its
10 m components, with 1, denoting the eastward (zonal) flow and v, the northward
(meridional) flow, both in m s~!. Hourly wind speed is then obtained as

_ |2 2
Win = \[HUigin T Vioin- )

In addition, weekly temperature variability (7)) is defined as the standard deviation
of daily mean temperature within each week. For region i and week ¢,

1 _
Tipn = 7 Z (Ti,d - Ti,t)z’ @)

where 7, ; is the daily mean 2 m temperature on day d in region i, and 7, is the cor-
responding weekly mean.

All climate series are sampled at point locations corresponding to the most popu-
lous city within each of the twenty territories (see Table S1 in the Supplementary
Material). For each coordinate, the nearest ERAS land grid point is selected and a
land—sea mask is applied in coastal areas to avoid contamination from ocean cells.
This point-based sampling at population-dense urban locations emphasises condi-
tions where demand is concentrated and avoids diluting urban signals with sparsely
inhabited rural or mountainous areas, which would dominate an area-weighted poly-
gon mean despite contributing less to retail utilisation.

All variables are handled in units and with aggregation rules that preserve their
physical meaning—state variables are averaged in time, fluxes are summed—and
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are converted, where appropriate, to conventions common in the climate—health
literature. A compact reference with variable names, symbols, native ERAS units,
and analysis units after conversion is provided in Table S2 of the Supplementary
Material.

For projecting pharmaceutical demand, climate projections from the Coupled
Model Intercomparison Project Phase 6 (CMIP6), distributed via the Copernicus
Climate Change Service Climate Data Store (2021), are used to extend the forecast-
ing framework under future climate scenarios. Two Shared Socioeconomic Path-
ways (SSPs) are considered to bracket a plausible range of future forcing: SSP2-4.5
(intermediate) and SSP5-8.5 (very high). The variables ingested are near-surface air
temperature and precipitation at daily resolution.

To represent structural uncertainty across modelling systems, projections are
taken from four widely used CMIP6 models with complementary physics and res-
olutions. For each model and scenario, daily fields are extracted for the European
domain, then mapped to the twenty territories using the same point-sampling strat-
egy as for ERAS: for each territory, the nearest land grid cell to the most populous
city is selected, and temporal aggregation mirrors the historical pipeline to obtain
weekly covariates. For each week, region, variable, and scenario, the multi-model
ensemble mean is computed to obtain a single scenario-consistent driver. To pre-
serve transparency, projections are driven by CMIP6 weekly covariates processed
with the same temporal aggregation as ERAS. Results are interpreted as scenario-
conditioned trajectories; absolute levels may be affected by model mean-state differ-
ences. The focus is on relative changes with respect to recent baselines, and report
uncertainty bands. Further details on the CMIP6 models, domains, and pre-process-
ing steps are reported in Section S1 of the Supplementary Material.

3 Methods

The empirical strategy combines a spatial econometric component with a climate-
augmented panel forecasting framework. The first part uses a Spatial Lag of X
(SLX) specification with two-way fixed effects to characterise how contemporane-
ous local and neighbouring climate conditions co-move with regional respiratory
pharmaceutical demand, and to quantify distance-dependent spillovers. The sec-
ond part introduces two-way fixed-effects distributed-lag models that embed short
climate histories in autoregressive panels designed for one-year-ahead prediction
and for scenario-based projections under alternative climate pathways. The two
components are designed for different purposes and therefore need not use identi-
cal climate covariate sets: the SLX is intended to characterise contemporaneous
local and neighbouring co-movements and spatial spillover channels, whereas the
forecasting specification is deliberately parsimonious and retains only the climate
drivers that proved most robust and operationally coherent for out-of-sample predic-
tion and scenario-based projection. In all cases, inference is based on wild cluster
bootstrap procedures that are robust to serial correlation and cross-sectional depend-
ence. Throughout, regions are indexed by i = 1,...,N and weeks by t=1,...,T;
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s) € {1,...,52} denotes the week-of-year corresponding to week ¢, and 55(,) are
week-of-year fixed effects.

3.1 SLX model for spatial spillovers

We capture these linkages with a Spatial Lag of X (SLX) specification adapted to a
panel setting with two-way fixed effects’ (Halleck Vega and Elhorst 2015; Baltagi
2005). Let y;, denote weekly pharmaceutical demand in region i at week ¢, and let
Copat = {7, T)» g, W, 1, c} collect 2 m temperature, intra-week temperature variabil-
ity, specific humidity, 10 m wind speed, total precipitation, and cloud cover. The
SLX panel with two-way fixed effects fori = 1,...,N, t=1,...,Tis

SL
Yie = & + 64 + Z bcCiy+ Z Oc C,‘,z + U 3)
CeC; ceC

spat spat

where @; and 6, are region and week-of-year fixed effects, respectively, and , , is an
idiosyncratic error term. The spatial lag of covariate C is

SL _
Ci,, = 2 Win Cops )
m#i

with W = {w,,} a nonnegative row-standardised weight matrix, w; =0 and
>, Wim = 1for all i. Here and throughout, spillover effects refer to the partial asso-
ciation between y;, and contemporaneous climate exposures in other regions, opera-
tionalised through spatially lagged covariates CIS;“ Accordingly, 6. captures how
variation in the W-weighted-average exposure of neighbouring regions is associated
with demand in region i, conditional on own-region exposures, region fixed effects,
and week-of-year fixed effects. The local component ) cec,, Bc C;, is included
alongside the spatial lags to isolate spillover channels and mitigate omitted-variable
bias, since C;, and CISZL are typically correlated under spatial persistence. Coefficients
po measure within-region associations, net of fixed effects. Positive (negative)
entries of @ = (GC)Cecspm indicate that higher neighbouring exposures are associated
with higher (lower) local demand, consistent with cross-regional mobility, inte-
grated supply chains, or supra-regional policy coordination. A spatially homogene-
ous one-unit increase in C (i.e. C;, and CISZL both rise by one due to row-standardisa-
tion) yields a “total effect” equal to - + 0. In this linear-in-levels specification, 8
can be read as the marginal change in weekly demand (packs) associated with a one-
unit increase in the weighted-average exposure of neighbouring regions, holding
own-region exposures and fixed effects constant.

3 Two-way fixed effects are preferred to random effects since unobserved, time-invariant regional fac-
tors are plausibly correlated with the regressors. Random-effects consistency requires E[q; | X;.] = 0, an
assumption unlikely in this setting; by conditioning on «; and week-of-year fixed effects, Fixed-Effects
Ordinary Least Squares (FE-OLS, Bergé (2018)) remains consistent.
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The main analysis uses an inverse-distance-squared kernel for W, built from
great-circle (Haversine) distances between regional centroids, so that nearby regions
exert stronger influence and weights taper rapidly with distance. Alternative weight
constructions, including inverse-distance and k-nearest neighbours, are reported in
Section S2.1 of the Supplementary Material, while distance-band decompositions of
spillovers are discussed in Section S2.2.

Parameters are estimated by OLS with two-way fixed effects under a strict exog-
eneity assumption on u; . Inference relies on a two-way wild cluster bootstrap (Cam-
eron et al. 2008; Roodman et al. 2019; MacKinnon et al. 2023), clustering by region
and calendar week to accommodate serial correlation within regions and cross-
sectional dependence within weeks; further implementation details are provided in
Section S2.

3.2 Two-way fixed-effects distributed lag models for forecasting and future
projections

Figure 1 reveals pronounced cross-regional heterogeneity in both levels and in the
amplitude and sharpness of seasonality, cautioning against reliance on aggregates
alone: meaningful within-region dynamics may be masked, parameter estimates
distorted by aggregation, and climate—demand linkages confounded by unobserved,
time-invariant differences across areas. A regional panel design with two-way fixed
effects is therefore warranted.

Let y;, denote weekly pharmaceutical demand in region i =1, ..., N and week
t=1,...,T. The baseline specification is a two-way fixed-effects distributed lag
model,

Py Le
Yiy=+ 06, + 2 PrYis—r T Z Z Beyr Ciimp + iy, 5)
/=1 CEC,, =1

where ¢; and 6, are region and week-of-year fixed effects, respectively, p, denotes
the number of autoregressive lags of the outcome, and Creg = {7, T,, p} collects
temperature, intra-week temperature variability, and precipitation. The use of this
restricted climate set reflects the specific forecasting objective of the panel model. In
particular, we retain a parsimonious subset of climate drivers—temperature, intra-
week temperature variability, and precipitation—that emerged as the most robust
predictors in the forecasting pipeline while remaining consistent with the CMIP6-
based scenario projections. Variables such as specific humidity and wind speed are
instead retained in the SLX, where the objective is to characterise contemporaneous
spatial co-movements and spillover channels and to disentangle physically distinct
pathways of neighbouring climate exposure. The coefficients ., capture within-
region, week-to-week associations net of time-invariant regional heterogeneity and
of the common seasonal profile (Baltagi 2005). Conditioning on (;, o) forces
identification to come from deviations around region-specific levels and the national
annual cycle. Accordingly, climate covariates are reported in physical units rather
than standardised units. In this panel setting, standardization is not unique, since it
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may be defined globally, region-wise, or over different time windows; the variables
are therefore retained in levels so as to preserve the direct interpretability of coeffi-
cients in degrees Celsius, millimetres, metres per second, and related physical units.

Panel unit-root tests of Im—Pesaran—Shin and Maddala—Wu reject the null of a
unit root in regional respiratory pharmaceutical demand, indicating that the panel
is stationary in levels. This supports estimating the models in levels rather than dif-
ferences, thereby preserving the low-frequency climatic signal that is relevant for
climate-change—driven shifts in demand.

Two concrete implementations of (5) are used. The first, denoted FE-CLIM-AR,
includes four autoregressive lags of the outcome and short distributed lags of cli-
matic covariates. It is estimated by FE-OLS and evaluated under expanding-win-
dow protocols for one-year-ahead prediction, with the lag structure for each climate
variable selected on a fixed grid that balances persistence, climatic information, and
parsimony. The candidate grid allowed each climate variable either to be excluded,
to enter through unrestricted lag blocks, or to enter through Almon polynomial dis-
tributed-lag blocks with lag spans up to six weeks and polynomial degrees from 0 to
3. The preferred specification was then selected by minimising average out-of-sam-
ple RMSE across expanding-window forecast origins over a 52-week horizon. This
choice was intended to make the lag structure data-driven rather than discretionary,
while aligning model selection with the operational one-year forecasting objective.
Details on the model grid and expanding-window validation protocol are reported in
Section S3.1 of the Supplementary Material, while the polynomial distributed-lag
representation is discussed in Section S3.2.

The Almon representation was adopted because, at weekly frequency, adjacent
lags of the same climate variable are typically highly autocorrelated, so unrestricted
distributed-lag specifications are prone to multicollinearity and unstable lag coef-
ficients. Restricting the lag profile to low-order polynomials provides a parsimoni-
ous and interpretable approximation, consistent with standard distributed-lag prac-
tice in which only smooth low-degree lag shapes are usually entertained unless the
data provide strong evidence in favour of more complex profiles. At the same time,
the search space was anchored to short lag horizons. This is consistent with the cli-
mate—health literature, where short-term environmental effects are typically studied
over the first days or weeks after exposure. Because our outcome is weekly pharma-
ceutical demand rather than same-day morbidity or mortality, we allowed lag spans
up to six weeks so as to cover not only short-run physiological responses, but also
the delay between symptom onset, care-seeking, prescribing, and dispensing.

For scenario-conditioned projections, a second specification drops the autore-
gressive terms and relies solely on exogenous climatic regressors entering through
the same short lag blocks, while retaining regional and week-of-year fixed effects.
This purely exogenous climate-driven panel is referred to as FE-CLIM-X. Remov-
ing lagged outcomes prevents error propagation across horizons and makes the link
between climate scenarios and projected demand more transparent. Inference for
both panel models is based on a two-way wild cluster bootstrap with clustering by
region and calendar week (see Section S3 for implementation details).
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4 Results

The empirical results unfold in three steps. First, SLX estimates are used to quan-
tify how contemporaneous local and neighbouring climate conditions co-move with
regional respiratory pharmaceutical demand, and how these spillovers decay with
distance. Next, the out-of-sample performance of the climate-augmented fixed-
effects forecaster (FE-CLIM-AR) is assessed on a one-year evaluation window,
focussing on national-level accuracy and error profiles. Finally, the purely exoge-
nous variant (FE-CLIM-X) is evaluated as a scenario engine and used to gener-
ate medium-term projections of national respiratory pharmaceutical demand under
alternative CMIP6 climate pathways.

4.1 Spatial spillovers

Spillover coefficients . measure the association between y;, and a one-unit
change in the spatially lagged covariate Cisj‘, i.e. the W-weighted-average exposure
in other regions; 95% confidence intervals and p-values are from a two-way wild
cluster bootstrap (Rademacher, B = 9,999, finite-sample correction), clustered by
region and calendar week. Significance codes: ***p < 0.001, **p < 0.01, *p < 0.05,
‘p <0.10

In SLX, specific humidity is retained alongside temperature to decompose local
and spillover channels of moisture independently of thermal conditions. This choice
helps attribute contemporaneous effects to physically distinct pathways. Wind speed
is likewise retained because, although it is not part of the final forecasting specifica-
tion, it is informative for contemporaneous spatial transmission, especially through
dispersion and atmospheric-mixing mechanisms that may operate across neighbour-
ing regions within the same week.

Estimates from the SLX in Table 1 indicate that neighbouring climatic condi-
tions exert economically and statistically meaningful spillovers on local pharmaceu-
tical demand. Goodness-of-fit is high in levels (R?> = 0.822), driven by region and
week-of-year fixed effects (namely, the common annual seasonal profile) that absorb
persistent cross-sectional heterogeneity and common seasonal shocks; by contrast,
the within R? is modest (0.046), indicating that contemporaneous climatic covari-
ates explain a limited share of within-region weekly fluctuations. Inference is based
on a two-way wild cluster bootstrap with B = 9,999 resamples, clustering by region
and calendar week. This procedure is robust to arbitrary serial correlation within
regions and cross-sectional dependence within weeks and therefore provides size-
robust p-values and confidence intervals in panels with a limited number of clusters.

Table 1 reports that most local coefficients are small and not statistically distin-
guishable from zero at conventional levels, when considering the traditional sig-
nificance level @ = 0.05. In particular, the local effects of temperature, wind speed,
specific humidity and cloud cover are imprecise; the only patterns approaching sig-
nificance are a weakly negative local coefficient for temperature variability and a
borderline negative coefficient for precipitation. This indicates that, once region and
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Table 1 SLX panel estimates
with two-way fixed effects (3):
local, spillover, and total effects
on weekly pharmaceutical

Variable Estimate  95% CI P

Local effects

demand Temperature —103.1 [—232.4; 33.6] 0.118
Temperature variability ——167.1 [—347.0; 15.2] 0.065
Wind speed 444 [ =33.2; 123.8] 0.209
Specific humidity —41.0 [—227.6; 144.8] 0.619
Precipitation =35 [ =7.1; 0.0] 0.051°
Cloud cover 2334 [—641.2; 1124.8] 0.568

Spillover effects
Temperature 264.0 [ 57.2;464.1] 0.021*
Temperature variability ——131.2 [—452.7; 194.8] 0.390
Wind speed —-419.6 [—824.9; — 18.6] 0.042*
Specific humidity -208.9 [-531.5;115.2] 0.170
Precipitation -0.7 [ —-14.9; 13.5] 0.916
Cloud cover 401.1 [—1084.7; 1883.4] 0.567

Total effects
Temperature 160.9 [ 45.5;277.5] 0.013*
Temperature variability = —298.3 [-585.2; —17.4] 0.046*
Wind speed -375.2 [-739.6; —12.2] 0.042*
Specific humidity —-249.9 [-493.2; —2.2] 0.048*
Precipitation —4.2 [-17.1; 8.6] 0.504
Cloud cover 634.5 [—452.2; 1710.6] 0.234

Temperature is measured in °C; wind speed in m s~'; precipitation

in mm/week; specific humidity in kg/kg; cloud cover is dimension-
less in [0, 1]. Spillover regressors are spatially lagged covariates
Cl =3 i wimC

im~m,t

week-of-year fixed effects are absorbed, contemporaneous within-region climatic
fluctuations explain only a modest share of the week-to-week variation in demand.

By contrast, spillover coefficients isolate substantively meaningful cross-regional
transmission. Temperature exhibits a positive and significant spillover, indicating
that contemporaneous warming in neighbouring regions is associated with higher
local demand—consistent with spatial interdependencies operating through patient
mobility, shared supply chains, and synchronous meteorological forcing typical of
regional weather systems. Wind speed displays a negative and significant spillover,
consistent with enhanced dispersion and atmospheric mixing that lower pollutant
and allergen concentrations and, in turn, reduce respiratory symptoms locally. Spill-
overs for temperature variability, specific humidity, precipitation and cloud cover are
not significant in this specification.

Aggregating local and spillover components yields several statistically meaning-
ful totals. Temperature has a positive, significant and spillover-driven total effect, in
line with the idea that widespread warming raises symptomatic load and care-seek-
ing in a spatially coordinated manner. Temperature variability shows a negative and
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significant total effect, consistent with transitional periods (e.g. shoulder seasons)
in which fluctuations around milder averages attenuate respiratory stress relative to
persistently cold conditions. Wind speed yields a negative, significant and spillover-
driven total effect, aligning with the epidemiological mechanism whereby stronger
winds dilute irritants and pathogens and shorten exposure durations. Specific humid-
ity also delivers a negative and significant total effect, consistent with clinical and
aerosol evidence that moister air improves mucosal hydration and reduces airborne
persistence of respiratory pathogens. By contrast, total effects for precipitation and
cloud cover remain not statistically different from zero. These patterns—spillovers
dominating local effects for temperature (positive) and wind (negative)—are robust
in sign and interpretation and remain qualitatively stable under alternative distance-
weighting schemes (see Section S2 in Supplementary Material), reinforcing the
conclusion that climate-driven spatial interdependencies are a systematic feature of
pharmaceutical demand.

Spatial-lag coefficients quantify how climate conditions in adjacent areas co-
move with local demand after controlling for own-area drivers and fixed effects.
Positive spillovers indicate that warmer conditions in neighbouring territories are
associated with higher local demand, while negative spillovers linked to wind speed
suggest dispersion effects. In this linear-level specification, coefficients can be read
as the marginal change in local demand (in packs per week) associated with a one-
unit change in neighbouring climate exposures, conditional on fixed effects and
local covariates. Throughout, coefficients are reported in levels, so estimates can be
read as changes in weekly demand (packs) associated with a one-unit increase in the
corresponding climate variable (in its physical unit), holding fixed effects and the
remaining covariates constant. The dominance of the spillover over the direct com-
ponent for several covariates supports a spatial view of demand formation in which
mobility, logistics, and shared atmospheric forcing transmit shocks across adminis-
trative boundaries.

The single-neighbourhood SLX is reparameterized into the five distance bands
defined in Sect. 3.1 by replacing W with { W® }le to characterise the spatial reach of
spillovers. Band-specific SLX estimates appear in Table 2, and the corresponding
cumulative marginal effects are shown in Fig. 2. For improved readability, a version
with panel-specific y-axis scaling is provided in Figure S2 reported in Section S2.3
of the Supplementary Material. Cloud cover shows isolated band-specific spillovers
(bands 1, 3, and 5), with alternating signs and large uncertainty; the pattern is patchy
rather than monotonic and does not yield a clear cumulative effect. Precipitation
remains close to zero across bands, with confidence regions including zero through-
out, indicating no detectable cumulative spillover. Specific humidity is negative at
short ranges and moves towards zero as farther neighbours are added; intervals nar-
row around the origin, yielding at most borderline evidence at intermediate bands.
Temperature shifts from near-zero or negative values at short range to positive once
mid-distance neighbours are included; upper bands deliver a positive cumulative
effect with confidence regions that approach or exclude zero. Temperature variabil-
ity declines monotonically with distance: the cumulative effect becomes increas-
ingly negative and is statistically distinct from zero for the largest bands, suggesting
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Cumulative marginal effects by distance bands
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Fig.2 Cumulative marginal effects on weekly pharmaceutical demand by distance bands for the SLX

specification. Points are cumulative estimates éCC“,‘:‘ = ZLI éC‘/. Cumulative spillovers aggregate the esti-

mated 6’s across distance bands, so values below (above) zero indicate that higher exposures in surround-
ing regions are associated with lower (higher) demand in region i. Shaded areas are 95% confidence
intervals obtained with a two-way wild cluster bootstrap (Rademacher weights, B = 9,999, finite—sample
correction), clustered by region and calendar week. The horizontal dashed line marks zero. All panels are
displayed on a common y-axis scale to facilitate cross-variable comparison

adverse spillovers that build with spatial reach. Wind speed shows negative spillo-
vers concentrated at shorter ranges (the cumulative effect dips below zero by k = 2),
partial attenuation at intermediate bands, and a still-negative cumulative impact at
the outer band, with intervals that are borderline to significant depending on k. Over-
all, the evidence in Fig. 2 complements Table 2: negligible cumulative spillovers for
precipitation and cloud cover, short-to-midrange propagation for temperature and
wind, and a robust, distance-amplified negative spillover for temperature variability.

The SLX and the climate-augmented panel forecaster speak to different compo-
nents of the data-generating process and therefore need not deliver identical signs
for temperature. Three elements help reconcile the findings. First, the SLX identifies
contemporaneous, cross-sectional co-movements: the positive, spillover-driven total
effect suggests that warmer-than-usual conditions occurring simultaneously across
neighbouring areas are associated with higher same-week demand, plausibly reflect-
ing short-horizon channels (heat stress, ozone, pollen bursts, and correlated smoke
risk in warm spells) that do not require propagation through infections. Second, the
SLX explicitly decomposes local and neighbourhood exposures, and results indicate
that the temperature signal is primarily spillover-driven. This aligns with spatially
synchronous weather regimes and mobility/logistics links: when several adjacent
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Table 2 Distance-band SLX panel with two-way fixed effects

Local SL, SL, SL, SL, SL,

f ~11.10 68.02"* —85.45%%* 91.10"* 4157 ~13.86
(37.83) (33.45) (25.83) (39.10) (65.79) (45.19)

T, ~79.06 5257 —56.47 —42.13 —60.24 —180.32%
(60.03) (66.17) (63.65) (114.48) (81.97) (155.30)

q —136.56**  —266.82"**  87.39* —98.76"  307.62%*  —43.67
(69.12) (84.17) (53.98) (86.61) (84.94) (84.46)

w 322 —74.53 —22452%*  167.83* 28.88 ~118.56**
(27.32) (89.11) (97.31) (170.63) (98.64) (68.62)

r —4.06" -1.22 -2.50 2.01 -332 3.73
(1.55) (4.45) (2.82) (5.08) @.17) (5.76)

¢ 19.76 730.10* —348.22 810.81* —433.77 —601.16*
(321.19) (540.89) (361.32) (691.40) (523.39) (749.85)

For any regressor C € {7,T,,q,w, r,c}, where 7 denotes 2 m air temperature, 7, intra-week temperature
variability, ¢ specific humidity, w wind speed, r total precipitation, and c total cloud cover, CS% denotes
the j-th distance—band spillover. Standard errors are reported in parentheses. Significance codes are based
on a two-way wild cluster bootstrap (Rademacher weights, B = 9,999, finite-sample correction), clus-
tered by region and calendar week: ***p < 0.001, **p < 0.01, *p < 0.05, p < 0.10

regions warm together, the regional healthcare system faces coordinated shocks
even if each region’s own contemporaneous temperature has a small net effect after
fixed effects. Finally, week-of-year fixed effects remove the mean seasonal cycle, so
coefficients load on deviations from the intra-annual norm. In winter, positive tem-
perature deviations tend to lower infection pressure and hence subsequent demand,
whereas in the shoulder and summer periods positive deviations often co-occur
with heat/ozone/pollen episodes that raise same-week demand in a spatially coor-
dinated way. Pooling across weeks can therefore yield negative delayed responses
in climate-augmented distributed-lag panels and positive contemporaneous spillo-
vers in SLX without contradiction. These pieces are best viewed as complementary:
the distributed-lag panel quantifies delayed, infection-mediated responses, while the
SLX quantifies immediate, spatially propagating weather impacts.

4.2 Forecasting model performance

Model choice over the training grid yields a stable specification across expanding
origins, with region fixed effects ; absorbing persistent cross-sectional differences
and week-of-year effects 6, capturing the common seasonal profile. The resulting
dynamic climate-augmented panel forecaster, henceforth denoted FE-CLIM—-AR, is
given by

4
- Q) (T,) o )
Yie =0+ by + Z by Vis—p + 020 ZO,Ti,r +0702Zy;, + 002y, + 01 Z;, +uyy

it
p=1
(6)
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Climate terms enter parsimoniously through short Almon polynomial distrib-
uted—lag blocks: the lag spans are K. = 6, K; = 6, K, = 4. These lag spans emerged
from the expanding-window selection procedure described in Section S3.1, which
favoured smooth low-order lag structures as the best compromise between predic-
tive accuracy and parsimony. For temperature and temperature variability, degree—0
Almon blocks were used, meaning equal-weight sums of the first six lags:

K’[
®
A (7)
=1
Ky,
1)
ZOzr Z v, it=0" (8)

For precipitation, a degree—1 Almon block was selected, i.e. level and slope over the
first four lags on an orthogonal polynomial basis:

Kl’

(r)

7 = Pire ©)
=1

irzt Zb @O Pis-r» (10)

where the degree—1 orthogonal polynomial is the centred and normalised lag index

_7 _ K +1
bl(f)zf—f, f = L

VIE G-y 2 (b

By construction Z?:l b, () = 0, which ensures orthogonality to the constant and
implies that 6, , governs the four-week cumulative effect, whereas 6,  tilts the profile
across lags without changing the total.

The selected FE-CLIM—AR specification in (6) and reported in Table 3 com-
bines region fixed effects (a;), week-of-year fixed effects (6,)), an AR(4) outcome
block, and short distributed-lag climate terms summarised via Almon polynomials.
Identification therefore comes from within—region, week—to—week deviations after
removing time-invariant heterogeneity and the common national seasonal profile.
Weekly demand exhibits strong short-horizon inertia: all four autoregressive terms
are positive and precisely estimated, confirming the material propagation of shocks
over roughly one month.

The term Z(()Tl) ,enters negatively and significantly. Because Z(Tl) . 1s a sum, the coef-
ficient scales linearly with exposure: a +1°C anomaly for one week is associated
with an effect of about —15 units (holding other lags fixed), whereas a sustained
+1°C for six consecutive weeks maps to a cumulative effect near —91.8 units. The

term Z(() ”) is negative with borderline evidence. Point estimates suggest that more
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Table3 Two-way FE-OLS

coefficients with 95% Cls. Regressor Estimate [95% CI] p-value
Wild cluster bootstrap Y 0.242[0.113;0.374] 0.0088"*
p-values. Significance codes:
*p <0.05,p<0.10 Vi3 0.152[0.068;0.236] 0.0076"™
Vo4 0.204[0.087;0.322] 0.0078"*
Z((f.), —15.305[-27.971; —2.757] 0.0240"
ZST.“) —53.874[-120.520; 11.908] 0.0998
L1,
Z(<)r)'t —0.436[—2.364;1.496] 0.6248
7® 5.698[0.339;11.465] 0.0386"

1it

Two-way fixed effects for region and week-of-year. CIs and p-val-
ues use a two-way wild cluster bootstrap (Rademacher weights,
B=9,999; clustering by region and by calendar week)

stable thermal conditions are associated with slightly lower demand, though statisti-
cal support is weaker than for mean temperature. Precipitation enters through a level
and a slope synthesised on an orthogonal polynomial basis. Empirically, the level
term is small and not significant, while the slope is positive and significant. Two
implications follow: (i) the near-zero level indicates a small net four-week cumu-
lative effect; (ii) the positive slope tilts the lag profile—early lags contribute less
and later lags more—yielding a back-loaded association that is modest at very short
delays and larger a few weeks out. Because Zir? . is orthogonal to Zg; ,» the slope real-
locates weight across lags without altering the total. B

In conclusion, after absorbing regional heterogeneity and the common seasonal
cycle, weekly demand is dominated by short-run persistence; higher recent tempera-
tures are associated with lower near-term demand; thermal variability points in the
same direction with weaker evidence; and precipitation displays timing rather than
bulk effects, with a back-loaded lag profile and near-zero cumulative impact over
four weeks. All coefficients are within—region, week—to—week associations rather
than causal effects, and inference is robust to serial correlation and common shocks
under the two-way wild cluster bootstrap.

Aggregating dynamic predictions to the national level yields MAPE = 11.16%,
RMSE = 37,351, RSR = 0.748, and WAPE = 12.24%. The error profile combines
frequent under-prediction (UR = 0.75) with a negative mean error (ME < 0), i.e.
many small under-predictions punctuated by fewer, larger over-predictions that dom-
inate the average. Formal Clark—West tests of the incremental predictive value of
climate covariates relative to a purely autoregressive benchmark are reported in Sec-
tion S3.3 of the Supplementary Material.

See Section S4 in Supplementary Material for residual diagnostics—serial and
cross—sectional dependence and heteroskedasticity—and for coefficient stability
based on a leave—one—region—out analysis.
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4.3 Future projections

Climatic regressors enter as exogenous trajectories aligned with scenarios: the
weekly dynamics are anchored by the estimated seasonal structure, and the accu-
mulation of forecast error is limited to deviations of the exogenous paths from the
scenario.
Projections are based on the FE-CLIM—X specification, a two—way fixed-effects
model with short Almon blocks that summarise delayed climatic effects:
— ()
Vi = 0+ Sy + 0,02,

it

O 24 07 0,20, 4 (1D
On the 52-week hold-out the CLIM-—X model attains MAPE=11.14%,
RMSE=37,825, and RSR=0.757, in line with the panel that includes autoregression.
The absence of output lags eliminates feedback of errors across horizons, preserves
coherent aggregation from regional to national series, and maintains a transparent
link between climatic scenarios and predicted demand. With comparable accu-
racy and reduced channels for error accumulation, the FE-OLS specification with-
out autoregression offers a robust platform for medium-term projections. Figure 3
reports observed and model-based forecasts at the national level from FE-CLIM-X

Observed vs Forecast national pharmaceutical demand
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Fig.3 Observed vs. one-year-ahead forecasts at the national level from the FE-CLIM-AR specification
under an expanding-window out-of-sample protocol. The initial training sample covers two years and
is then expanded by one year at each fold; at every re-estimation, the model produces a 52-week-ahead
forecast path for the subsequent year, conditioning on realised weekly climate covariates. The static fore-
casts treat each week in the evaluation year as a separate one-step-ahead problem and are obtained by
plugging the observed variables in all lagged terms. The dynamic forecasts instead generate a genuine
52-step path: starting from the last observed lags at the forecast origin, the model is iterated forward and,
for all subsequent weeks, the lagged y terms are filled with past predictions, so forecast errors propagate
recursively through the autoregressive structure
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under an expanding-window evaluation. Additional expanding-window performance
metrics under alternative re-estimation cadences (weekly and annual retraining)
are summarised in Section S3.4 of the Supplementary Material. The initial training
sample covers two years; at each step, the model is re-estimated on all data avail-
able so far and asked to predict the following 52 weeks. The fit is tight overall, with
only marginal deviations; the largest gaps occur during the pandemic phase, when
non-pharmaceutical interventions flattened demand and dampened the seasonal
amplitude.

Forecasts are then generated by re-feeding the model with CMIP6 weekly driv-
ers aligned to ISO weeks under SSP2-4.5 (intermediate forcing) and SSP5-8.5 (very
high forcing), building the same short Almon polynomials on the future covariates
using the historical tail to initialise lags. Predictive uncertainty is quantified via a
moving-block bootstrap of national residuals, which preserves temporal depend-
ence in shocks. The bootstrap procedure and quantitative summaries of scenario-
conditioned prediction intervals are reported in Section S3.5 of the Supplementary
Material. Point forecasts are reported as medians across draws and 95% predictive
intervals are given by the empirical 2.5th and 97.5th percentiles at each horizon.

Figure 4 shows that seasonality is sustained by the week-of-year fixed effects,
yielding the familiar annual oscillation and uncertainty widens around seasonal
peaks. Both scenarios imply a higher mean level relative to the historical tail, reflect-
ing the combination of the estimated seasonal structure and the projected climate
covariates. SSP5-8.5 tends to sit modestly above SSP2-4.5 at demand peaks, while
troughs are often similar, reflecting warmer/wetter trajectories under the higher-forc-
ing pathway. The segment for the last semester of observed 2023 lies largely within
the predictive bands, indicating well-calibrated uncertainty at the one-year horizon,
and intervals widen gradually with lead time as shocks accumulate. Overall, the

National projections — SSP2 vs SSP5

95% predictive intervals via block innovation bootstrap
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Fig.4 National projections from the CLIM-X model in (12) driven by CMIP6 weekly covariates under
SSP2-4.5 and SSP5-8.5. Grey shows the historical national series, while black shows the June-Decem-
ber 2023 representing the last observed period for the time series; the dashed line marks the end of the
estimation sample. Coloured lines are median scenario—conditioned forecasts; shaded envelopes are 95%
predictive intervals obtained via a moving—block bootstrap of national innovations
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pipeline delivers scenario-conditioned national projections from FE-CLIM-X with
time-dependent, serial-correlation—aware uncertainty that is consistent with the
model’s out-of-sample accuracy profile. By the mid-2028 horizon, national demand
is projected to lie roughly 45-55% above pre-pandemic levels under SSP2-4.5 and
SSP5-8.5, respectively, with somewhat smaller yet still substantial uplifts (around
25-35%) when using a post-pandemic 2022-2023 baseline. SSP5-8.5 consistently
exceeds SSP2-4.5, and the uplift is driven primarily by higher seasonal peaks rather
than uniformly elevated troughs (full numeric summaries and predictive intervals
are reported in Table S6 in Section S3.5 of the Supplementary Material).

Taken together, these results are robust to the baseline choice: SSP5-8.5 consist-
ently exceeds SSP2-4.5, and the uplift is driven primarily by higher seasonal peaks
rather than uniformly elevated troughs. Operationally, this points to earlier procure-
ment, scenario-aware capacity planning, and tighter peak-season buffers; even under
the milder pathway, mid-2028 volumes materially exceed historical norms.

These projections should be interpreted as climate-conditioned extensions of the
recent demand regime, rather than point predictions of future utilisation. They are
intended to inform stress-testing and planning under plausible climate futures, not
to replace context-specific judgement by health authorities. More specifically, the
projection framework is based on a validated panel-data specification designed to
recover short-run associations from historical data. Accordingly, the medium-run
extrapolations reported here should not be interpreted causally, but rather as sce-
nario-conditioned tools to support informed health-policy planning.

A supplementary robustness exercise augments the historical forecasting specifi-
cation with common pandemic-regime dummies identified from the main structural
breaks in the national aggregate. Although these controls improve historical fit, they
are not retained in the main projection framework because they encode exceptional
non-climatic shocks whose future path is not part of the climate-scenario exercise
(see Section S5 of the Supplementary Material).

5 Conclusions

Climate change acts as a pervasive stressor on health systems, with respiratory
conditions particularly exposed because the airways constitute the primary inter-
face with ambient conditions. In Greece, recent warming, more frequent heat-
waves, altered precipitation regimes, and a higher incidence of fire-weather days
combine with heterogeneous geography and health-system constraints, generating
a demanding environment for planning respiratory pharmaceutical supply. Using a
weekly panel for 20 pharmaceutical regions over 2016-2023, this study quantifies
how climate variability and its spatial propagation shape respiratory pharmaceutical
demand and develops a panel-based forecasting framework for medium-term projec-
tions under alternative climate scenarios.

Relative to previous work for Greece—in particular Schisa and Farne (2025),
which analysed climate-sensitive respiratory demand using a national aggregate
series and compared alternative forecasting algorithms—the present study advances
the evidence base in three directions. First, it adopts a fully spatially explicit panel
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design, leveraging the 20-region structure of the retail data and quantifying dis-
tance-dependent spillovers through SLX specifications with two-way fixed effects.
Second, it recasts climate-sensitive forecasting in a parsimonious panel framework
(FE-CLIM-AR and FE-CLIM-X) that pools information across regions, summa-
rises delayed climatic effects via short distributed-lag polynomials, and remains
transparent enough to support structural interpretation. Third, by embedding the
exogenous climate-driven panel forecaster into a CMIP6-based scenario pipeline,
it moves from “forecast comparison under historical climate” to explicit scenario-
conditioned projections of pharmaceutical demand under alternative warming path-
ways. Taken together, the two studies are complementary: Schisa and Farne (2025)
map the climatic signal in national-level demand and compare flexible forecasting
tools, whereas the present work embeds that signal in a spatially resolved panel
structure and projects it forward under explicit climate scenarios.

The analysis highlights a demand process characterised by pronounced winter-
dominant seasonality, strong short-run persistence, and non-negligible structural
breaks around the COVID-19 period. Within this backdrop, the spatial economet-
ric results show that contemporaneous climate signals do carry predictive content,
but mostly through spatially propagated channels rather than purely local shocks.
Two-way fixed-effects SLX specifications indicate that once regional heterogene-
ity and the common seasonal profile are absorbed, contemporaneous within-region
fluctuations in climate explain only a modest share of week-to-week variation. By
contrast, neighbouring conditions—especially temperature and wind speed, with
additional contributions from specific humidity and temperature variability—exert
economically meaningful spillovers. Distance-band decompositions reveal that these
spillovers have a finite geographical reach, with temperature and wind effects con-
centrated at short to mid ranges and negligible cumulative impacts for precipitation
and cloud cover. These results support a view of respiratory pharmaceutical demand
as shaped by synoptic-scale regimes, mobility patterns, and integrated supply chains
rather than isolated local exposures.

On the temporal side, the two-way fixed-effects forecaster with short Almon
blocks on temperature, temperature variability, and precipitation parsimoniously
summarises delayed climate effects while exploiting cross-sectional and week-of-
year structure. In its predictive version (FE-CLIM-AR), which combines autore-
gressive dynamics with climate polynomials, the model attains out-of-sample accu-
racy on the annual hold-out that is comparable to more flexible benchmarks when
aggregated to the national level. A climate-only variant without autoregressive terms
(FE-CLIM-X) delivers similar one-year-ahead performance while eliminating
mechanical error propagation across horizons and maintaining a transparent map-
ping between exogenous climate trajectories and predicted demand, making it well
suited as a scenario engine.

Embedding FE-CLIM-X in a CMIP6-driven projection pipeline yields medium-
term projections of national respiratory pharmaceutical demand under SSP2-4.5
and SSP5-8.5. Scenario-conditioned covariates preserve the familiar seasonal oscil-
lation through the week-of-year effects, while warming and associated changes in
variability translate into higher seasonal peaks and elevated annual means. Although
uncertainty bands widen with lead time and remain wider than the gap between the
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two scenarios over much of the horizon, both pathways imply substantial increases
in average demand by the mid-2020s relative to historical baselines, with SSP5-8.5
consistently sitting above SSP2-4.5 and differences most pronounced around peak
weeks. These findings suggest that climate-driven pressure on respiratory pharma-
ceutical demand is not a marginal adjustment but a structural shift, and that neglect-
ing climate information risks systematic under-provision of respiratory pharma-
ceuticals during high-risk seasons. These scenario-conditioned trajectories are not
intended as exact point predictions of future utilisation, but as climate-informed
extensions of the recent demand regime that can support stress-testing and medium-
term planning by health authorities.

From an operational perspective, the results argue for forecasting pipelines that
are both spatially explicit and climate-aware. National aggregates can mask pockets
of vulnerability, and procurement rules based on historical averages risk being sys-
tematically too low in regions that face both higher baseline demand and stronger
climatic amplification. Scenario-conditioned projections can be used as stress tests
for the pharmaceutical supply chain, helping ministries of health, national insur-
ance funds, and regional procurement agencies to size seasonal buffers, prioritise
cold-season capacity in high-risk regions, and evaluate how robust existing procure-
ment contracts are to warmer and more variable winters. Because the underlying
tools rely on routinely collected retail data and publicly available climate informa-
tion, the approach is transferable to other therapeutic classes and to other Mediterra-
nean or climate-vulnerable health systems, offering a practical template for climate-
informed pharmaceutical planning.

These findings have direct implications for health and economic policy. The spa-
tial evidence indicates that respiratory pharmaceutical demand is shaped not only
by local climate conditions, but also by coordinated signals across neighbouring
regions. Accordingly, procurement should reflect the regional mosaic of climate
signals rather than single-area indicators or national aggregates alone. This is espe-
cially relevant in fiscally constrained health systems, where geographically uneven
shocks can translate into local shortages, inefficient stock allocation, and avoidable
pressure on procurement budgets (Ranney et al. 2020; Tokovi¢ 2023).

Our scenario-based projections further reinforce this message. Although uncer-
tainty bands widen with the forecast horizon, the differences between scenarios
become economically meaningful around seasonal peaks, where the upper tail
under SSP5-8.5 implies higher capacity and inventory needs. In practical terms, the
higher-forcing pathway implies more pronounced peak-season surges in respiratory
pharmaceutical demand, so that the scenario gap becomes most consequential pre-
cisely in the weeks when health systems and supply chains are already under the
greatest seasonal strain. This, in turn, places greater pressure on procurement tim-
ing, inventory requirements, and the short-run logistical capacity needed to prevent
shortages during peak periods. Operationally, these magnitudes argue for earlier
procurement, scenario-aware capacity planning, and tighter peak-season buffers to
maintain service levels in a warming climate. Taken together, these considerations
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indicate that integrating climate information into pharmaceutical-demand forecast-
ing can improve preparedness not only by strengthening predictive performance, but
also by supporting more timely procurement, more efficient stock allocation, and
more resilient supply-chain management under growing climatic stress.

Several limitations suggest avenues for further work. The analysis relies on seven
and a half years of weekly data, which are well suited to characterising seasonal
dynamics and medium-term variability but too short to extract trends on decadal cli-
mate scales. Extending the historical window, where data permit, would strengthen
the attribution of slow-moving changes to climate rather than to policy, demo-
graphic, or reimbursement shocks. The focus on aggregated respiratory prescription
demand at ATC Level 1 trades therapeutic detail for robustness; future studies could
complement this perspective with molecule- or class-specific analyses to distinguish
climate-sensitive segments from those driven primarily by other factors. At the cli-
mate side, incorporating additional indicators (e.g. air quality, pollen indices, or
fire activity) and examining alternative downscaling and bias-adjustment schemes
for CMIP6 would refine the link between large-scale forcing and local exposures.
Furthermore, a full bias-adjustment or delta-method downscaling is left for future
work. This would refine absolute levels; the scenario comparisons should therefore
be interpreted primarily in terms of relative changes and timing rather than precise
levels. Importantly, our scenario-conditioned projections cannot be interpreted as
long-run impacts, as they mainly come from a validated identification and disentan-
glement of short-run associations from historical data. Nevertheless, they can still be
useful for catching potential shift from current seasonal patterns, able to help design
future health policies in effective and informed way.

Overall, the evidence assembled here indicates that climate—and its ongoing
change—is a material and spatially structured driver of respiratory pharmaceutical
demand in Greece. Two-way fixed-effects panel models, equipped with climate-sen-
sitive distributed lags and spatial spillovers, offer an interpretable and operationally
credible framework for quantifying these links and for generating scenario-condi-
tioned projections. Embedding such tools in routine forecasting practice can support
earlier warnings, better targeted stocks, and more resilient pharmaceutical supply in
a warming climate.

6 Supplementary Information

Supplementary Material provides additional technical details and robustness analy-
ses that complement the main text. Section S1 documents the construction of the
weekly spatio-temporal panel, including the definition of the twenty pharmaceutical
regions, the choice of reference coordinates, and the processing of ERAS reanalysis
variables and CMIP6 climate projections. Section S2 describes the spatial weight-
ing schemes used in the SLX panel model and reports robustness checks based
on alternative distance kernels, k-nearest-neighbour matrices, and distance-band
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decompositions of climatic spillover effects. Section S3 presents the specification
grid and expanding-window validation strategy for the two-way fixed-effects fore-
casting panels, together with the polynomial distributed-lag representation of cli-
mate covariates, formal Clark—West tests for the incremental predictive value of
climate information, and additional expanding-window forecast metrics. Section S4
reports diagnostic checks for the FE-CLIM-AR model, including serial correla-
tion and cross-sectional dependence. Section S5 reports a robustness check for pan-
demic-related regime shifts in the forecasting model, based on common COVID-
period dummies and their effects on predictive performance and coefficient stability.
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