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Abstract

This study investigates the short- and long-run relationships between renewable energy
generation, electricity demand, and wholesale electricity prices in Poland. Despite the rapid
expansion of renewable energy in Central and Eastern Europe, country-specific evidence on
how wind and photovoltaic generation are associated with electricity prices across different
time horizons remains limited. Using monthly time-series data from the Polish electricity
market, the study employs an Autoregressive Distributed Lag (ARDL) bounds testing
approach combined with an Error Correction Model (ECM) to examine short-run dynamics
and long-run equilibrium relationships. The results provide evidence of a long-run cointe-
grating relationship among the variables (Bounds Test F-statistic = 626.54). In the short
run, wind generation is negatively and statistically significantly associated with wholesale
electricity prices (p < 0.001), a finding that is consistent with the merit-order effect, while
electricity demand is positively associated with prices (p = 0.011). Photovoltaic generation
does not exhibit a statistically significant short-run relationship with prices. In the long
run, the estimated relationships differ from the short-run dynamics, while the statistically
significant error-correction coefficient (ADJ = —0.0701, p = 0.033) indicates that approxi-
mately 7.01% of the previous period’s disequilibrium is corrected each month. Overall, the
findings indicate that the relationships between renewable generation, electricity demand,
and wholesale electricity prices vary across time horizons, highlighting the importance of
distinguishing short-run price dynamics from long-run equilibrium relationships in the
Polish electricity market.
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1. Introduction

Fluctuations in electricity prices and the associated uncertainty faced by individual
market participants represent not only a microeconomic issue but also a significant challenge
for entire economies. The consumption of fossil fuel resources currently remains very high
compared to renewable energy sources (RESs). Furthermore, rising demand exerts strong
pressure on depleting fossil fuel reserves. Therefore, to meet the growing energy demand
and mitigate the adverse effects of fossil fuel consumption, economies are transitioning
toward energy generation from renewable sources, such as solar and wind energy [1].
Empirical research on non-renewable and renewable energy consumption indicates that
non-renewable energy negatively impacts the environment, whereas renewable energy does
not increase environmental pressure while exerting a positive effect on economic growth [2].
Nevertheless, fossil fuels continue to be the dominant energy source, outpacing renewables
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despite the rapid growth of the latter [3]. Wind turbines and commercial solar farms
represent two primary sources of renewable energy [4]. Studies examining the impact of
wind and solar energy have been conducted across various economic dimensions while
also focusing on the favorable conditions required to foster investor confidence and social
acceptance of wind and solar electricity generation [5].

An additional asset of RESs lies in their relatively low sensitivity to crude oil price
fluctuations. This phenomenon is primarily attributable to the increasing economic ef-
ficiency and competitiveness of renewable technologies—which progressively decouple
the cost of power generation from fossil fuel prices—as well as the growing significance
of environmental benefits derived from mitigating greenhouse gas emissions and other
negative externalities [6]. Moreover, the structural cohesion of energy systems and the
availability of a broad RES portfolio, supported by robust regulatory frameworks, can play a
pivotal role in curbing adverse climate impacts and the greenhouse effect [7]. Additionally,
RESs can deliver electricity to off-grid populations in rural or geographically isolated areas,
thereby enhancing energy security in specific regions [8,9].

However, the large-scale deployment of wind and photovoltaic power is constrained
by uncertainty arising from their intermittency and reliance on seasonal weather conditions.
Owing to this volatility, conventional generation is still required to mitigate power supply
fluctuations [10]. Due to the high susceptibility of RESs to weather dynamics, power
generation exhibits variable patterns across daily and seasonal cycles. This induces shifts in
electricity demand, thereby necessitating greater flexibility within the power system [11].
Consequently, adopting hybrid solutions is often essential in this context [12,13]. Such
approaches enable the deployment of renewable technologies—particularly solar power—in
arid, off-grid regions [14].

The Polish economy plays a strategically important role in regional energy security and
industrial supply chains. Historically, the country’s economy has been heavily dependent
on fossil fuels, with coal accounting for the vast majority of primary energy consumption.
As a result, Poland remains a leading greenhouse gas emitter in the EU, facing significant
regulatory and economic pressures under the EU Emissions Trading System and the Euro-
pean Green Deal. However, it is important to note that Poland has embarked on an energy
transition, characterized by the rapid development of variable renewable energy sources, par-
ticularly solar photovoltaics and wind power. Analyzing how the accelerated expansion of
renewable capacity affects wholesale electricity prices in a coal-dominated, carbon-intensive
market provides key policy and market lessons for other transition economies. The Polish
wholesale electricity market operates within a rapidly evolving power system character-
ized by substantial capacity transformations and dynamic demand fundamentals. Gross
national electricity consumption reached 175.2 TWh, reflecting sustained baseline demand
across the economy. On the supply side, the generation mix has undergone a structural
shift: while coal units still account for 52.2% of total generation, renewable energy sources
have expanded to generate 31.4% of electricity and represent 51.3% (39.1 GW) of total
achievable system capacity. This transformation is primarily driven by solar photovoltaics,
which recorded an unprecedented 52.0% year-on-year growth rate. This acceleration of
variable solar production led to an amplification of the merit-order effect and a reduction
in system flexibility, directly contributing to an estimated reduction in annual renewable
energy production of 1.4 TWh. Market equilibrium is further shaped by cross-border trade,
with net electricity imports standing at 0.95 TWh, and internal system losses, where power
plant self-consumption (7.7%) and grid transmission losses (5.0%) absorb 12.4% of total
generated power. These demand dynamics and solar PV integration, and structural supply-
side shifts establish the requisite empirical setting for econometric modeling of wholesale
price formation in the domestic electricity sector [15]. Recent research emphasizes that
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the Polish power system is struggling with an adjustment problem between demand and
supply, resulting from the historical dominance of inflexible coal assets and serious physical
limitations of the grid, including aging infrastructure and limited energy storage capacity.
Furthermore, there is high market concentration and the dominance of state-controlled
entities, which limits competition, leads to arbitrary investment decisions, lowers residual
demand indices (RSIs), and leads to rising margins, as measured by the high Lerner Index
for coal-fired units. As a consequence, the influx of variable renewable energy sources
increasingly interferes with the traditional generation system, causing bottlenecks and con-
straints during peak production hours [16,17]. This has necessitated forecasting changes in
energy demand and prices over the long term [18]. However, although existing research
primarily focuses on the qualitative, institutional, or regulatory aspects of this structural
transformation, there remains a clear empirical gap regarding quantitative modeling of
the dynamic interaction of these system rigidities and increases in renewable generation in
shaping wholesale electricity prices.

In the context of the Polish electricity market, a notable research gap persists regarding
a comprehensive empirical analysis of the impact of wind and solar power generation
on electricity prices, accounting for both short-run dynamics and long-run equilibrium
relationships. Extant literature focusing on Poland has largely concentrated on cross-country
comparative studies across European economies or panel data models in which Poland was
analyzed merely as one of several sample economies. For instance, empirical evidence [19]
indicates that the relationship between hourly RES generation and electricity prices is
negative in both Germany and Poland. Specifically, their findings revealed that in years
characterized by a high RES share, the correlation coefficients between wind generation
and electricity prices reached —0.57 and —0.47, respectively.

Thus, a key gap remains the insufficient identification of the dynamic relation-
ship among RES generation, electricity demand, and wholesale prices in the Polish
market—specifically with regard to distinguishing short-run effects from the long-run
equilibrium relationship, as well as determining the price adjustment mechanism following
exogenous shocks. Previous studies of this type have failed to explicitly capture short- and
long-run relationships or direction of causality. This paper fills this empirical gap. The au-
thors isolate the post-shock error correction mechanism and examine price responsiveness
to variations in renewable power output.

The following research hypotheses were formulated:

H1. The relationship between renewable energy production (wind and solar) and electricity demand
and wholesale electricity prices differs in the short and long term.

H2. The relationship between wind energy production and wholesale electricity prices is different
from the relationship between photovoltaic energy production and wholesale electricity prices.

To empirically evaluate these hypotheses, we specify an Autoregressive Distributed
Lag (ARDL) model alongside its Error Correction (ECM) representation. This ap-
proach effectively disentangles short-term price reactions to shifts in demand and renew-
able generation from the long-term process of structural equilibrium recovery following
external shocks.

2. The Impact of Renewable Energy on Electricity Prices

In the macroeconomic literature, renewable energy is typically examined alongside
a broad array of socio-economic and structural variables, including industrialization and
electrification levels [20], gross domestic product (GDP), CO, emissions [21], technological
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innovations [22], natural resource abundance, globalization [23], non-renewable energy
consumption, livestock production [24], education, and female employment rates [25], with
studies frequently considering reciprocal, unidirectional, or bidirectional causality [26]. A
detailed synthesis of the core variables, econometric specifications, and empirical results
from key studies is summarized in Appendix A.

Price dynamics analysis constitutes a fundamental component in evaluating power
system efficiency. Wind and solar power are classified as variable renewable energy (VRE)
sources, given that their generation profiles are intrinsically bound to ambient resource
availability. This supply variability directly affects social welfare through its transmission
into wholesale power prices. Owing to the non-storable nature of electrical energy at
scale, price formation is critically governed by real-time supply—demand fundamentals.
Consequently, spot market clearing prices fluctuate continuously, and treating electricity as a
homogeneous commodity holds strictly at a specific point in time and node location [27]. As
noted in [28], wholesale price, system demand, and renewable energy generation represent
three closely interconnected structural pillars of the market, exhibiting complex dynamic
interactions across intraday and multi-year horizons.

The supply side of the power market is increasingly shaped by the expansion of wind
and solar capacity—technologies characterized by zero or near-zero marginal operational
costs. In accordance with the merit order effect, lower-marginal-cost RES units displace
more expensive conventional dispatchable generators from the merit order stack, exerting
downward pressure on market clearing prices [29]. Concurrently, the rising penetration of
intermittent renewables poses structural challenges, necessitating spatial diversification of
generation assets to mitigate severe price cannibalization [30], as well as minimizing day-
ahead and intraday forecasting errors in short-term markets [31]. Furthermore, institutional
and regulatory framework conditions exert a substantial influence; empirical evidence [32]
demonstrates that carbon emission allowance price volatility is driven by power sector
fundamentals (crude oil prices, coal prices, and RES deployment) combined with climate
policy uncertainty. While the merit order effect is widely documented in the empirical
literature, its magnitude exhibits substantial heterogeneity across geographical regions and
empirical methodologies [33].

The existing empirical literature demonstrates that the magnitude and direction of
the RES impact on power prices are non-uniform, depending on market-specific structural
attributes and applied econometric methodologies. Empirical findings for Germany indicate
that price dynamics are predominantly driven by price persistence, expected load, and day-
ahead wind generation forecasts, with short-term fuel price shocks exhibiting a secondary
impact [34]. Conversely, evidence from the Netherlands shows only a marginal effect of
wind power on clearing prices and an unstable relationship regarding solar generation [35].
Market analyses for Japan confirm a non-linear demand response to price spikes alongside
a statistically significant solar merit order effect, whereas wind power yields no discernable
impact [36]. As evidenced by Colombia, renewable integration reduces power sector
emissions and wholesale electricity tariffs while enhancing security of supply [37]. In
contrast, aggregated cross-country analyses for 27 EU member states indicate a marginal
or negligible impact of wind and solar output on end-user tariffs [38], which in certain
regional markets is driven by the displacement of renewables as fossil fuel availability
increases [39]. Thus, the strength of the merit order effect is endogenous to the stage of
RES market integration.

Market dependencies also propagate to interrelated commodity markets and asset val-
uations. Utilizing a Nonlinear ARDL (NARDL) approach, empirical research demonstrates
structural asymmetries and significant transmission of RES generation shocks into green
equity valuations [40], with inter-market links between the RES sector and commodity
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markets being strongly conditioned by systemic exogenous shocks such as the COVID-
19 pandemic [41]. In addition, long-term power infrastructure capital expenditures are
modulated by global commodity super-cycles [42]. Another critical phenomenon is the can-
nibalization effect: rapid capacity expansion of VRE can paradoxically erode the economic
return and investment viability of subsequent renewable projects [43,44]. Comprehensive
evidence across 30 European power markets reveals cross-border cannibalization effects
driven by regional capacity imbalances and interconnector bottlenecks [45].

The divergence and contradictory conclusions observed in the literature stem largely
from the fact that most empirical designs rely on static dependence measures (e.g., sim-
ple correlations), high-frequency daily/hourly data models, or aggregated panel data
frameworks. Existing studies rarely disentangle short-run market shocks from long-run
equilibrium adjustment mechanisms within a unified structural model for a single bidding
zone. To address this limitation, this study employs an Autoregressive Distributed Lag
(ARDL) model combined with an Error Correction Model (ECM) specification. This frame-
work enables the separation of the long-run equilibrium adjustment mechanism following
exogenous shocks from short-run price responses to fluctuations in renewable generation
and system demand.

3. Materials and Methods

The empirical study focuses on four variables reflecting selected aspects of the Polish
electricity market: wholesale energy prices, wind and solar energy production (supply
side), and total system load (demand side). This approach allows for the analysis of short-
term dynamics and long-term equilibrium relationships between energy prices, renewable
energy production, and energy demand. The model does not account for other determinants
of wholesale energy prices, such as fossil fuel prices, CO, emission allowance prices, cross-
border energy flows, and the generation structure of conventional energy. As a result, the
estimated relationships may partially reflect the influence of omitted market factors, limiting
the possibility of causal interpretation.

All time-series data utilized in this study were retrieved from the Ember database (Em-
ber Monthly Electricity Data—https://ember-energy.org/data/) (accessed on 25 August
2026), which aggregates and verifies official statistics provided by European transmission
system operators (TSOs). The empirical analysis relies on monthly time-series data for
Poland, spanning the period from January 2015 to December 2025. A complete description
of the variables is presented in Table 1.

Table 1. Description of variables.

Variable Code  Variable Name Description and Unit Transformation Method
Monthly average wholesale electricity
Price Wholesale electricity price  price in Poland, EUR/MWh (Ember HIS (Price)
Monthly Electricity Data)
. Total monthly electricity generation from
Solar Solar PV generation solar photovoltaic sources, TWh HIS (Solar x 100)
Wind Wind Generation Tgtal monthly electricity generation from HIS (Wind x 100)
wind power sources, TWh
Demand Electricity Demand Total monthly electricity demand, TWh  HIS (Demand)

Note: The inverse hyperbolic sine (IHS) transformation was applied to reduce the influence of
scale differences and accommodate zero or near-zero observations. For Solar and Wind, the original
generation series were multiplied by 100 before applying the IHS transformation to improve numerical
scaling. The multiplication by 100 does not change the underlying information contained in the series
but affects the scale of the transformed variable. Source: own elaboration.
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All analyzed variables were subjected to the Inverse Hyperbolic Sine (IHS) transfor-
mation. This transformation consists of adding a positive, observation-specific value to
the variable prior to applying the logarithmic function [46]. The rationale for employing
this approach stems from the presence of seasonal zero values in certain series. In such
instances, calculating the standard natural logarithm to enable elasticity interpretations is
impossible. The IHS transformation approximates the natural logarithm for sufficiently
large positive values while remaining defined at zero. It is therefore useful when the data
contain zero-valued observations for which a standard logarithmic transformation cannot
be applied. However, the logarithmic approximation becomes less accurate for small values
and observations equal to zero. The renewable generation variables (Solar and Wind)
were multiplied by 100 before applying the IHS transformation. This rescaling changes
the numerical scale of the transformed variables and does not, in general, affect only the
intercept of the estimated regression. As discussed by Bellemare and Wichman [47], the
interpretation of IHS-transformed regression coefficients depends on the scale of the vari-
ables and on the range of observed values. Although the average values of the scaled series
may indicate that the logarithmic approximation is reasonable for typical observations,
they do not establish that the approximation is equally accurate throughout the sample.
Accordingly, the coefficients in the IHS-IHS specification are interpreted as approximate
elasticities where the large-value approximation is applicable, rather than as exact standard
percentage elasticities for all observations.

Additionally, the variables representing renewable energy generation (Solar and Wind)
were rescaled by multiplying them by 100 prior to applying the IHS transformation. This
scaling procedure was implemented to ensure numerical stability in the ARDL estima-
tion algorithm. As noted by [48], the application of the IHS function—much like natural
logarithmic or categorical transformations—represents a robust alternative to standard
data transformation techniques commonly used in empirical research. The IHS function is
expressed as follows:

ihs(x) = ln( X241+ x), (1)

where x denotes the original variable, and ihs(x) represents its transformed counterpart.
The inverse hyperbolic sine transformation closely approximates the log—log specification.
Unlike the logarithmic transformation, the inverse hyperbolic sine (IHS) transformation
does not yield coefficients that can be interpreted as exact elasticities across the entire range
of observations. An interpretation in terms of elasticities is only approximate, and it becomes
more accurate as the transformed variables take on sufficiently large positive values. Scaling
the variables prior to applying the IHS transformation can affect the interpretation of the
estimated coefficients; its effects are therefore not limited to changes in the intercept term.
Although the mean values of the scaled series, for renewable energy production, might
suggest that a logarithmic approximation is appropriate for typical observations, this does
not imply that it holds true for every individual observation. Consequently, the estimated
coefficients should be interpreted as approximate elasticities only where the large-value
approximation is sufficiently accurate. To examine the relationship among electricity prices,
RES generation, and system demand, this study employs the Autoregressive Distributed
Lag (ARDL) modeling framework pioneeringly developed by Pesaran. A distinct advantage
of the ARDL framework is its flexibility regarding the order of integration of the underlying
time series, as it remains valid whether variables are purely 1(0), purely I(1), or mutually
cointegrated. However, the ARDL limit testing approach requires that none of the variables
be integrated to degree two, I(2).

Modeling within the ARDL approach allows for the consideration of dynamic relation-
ships by incorporating time-varying (lagged) values of variables and allows for the use of
different lag structures for individual regressors. However, the selection of an appropriate
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lag structure alone does not eliminate potential endogeneity or the occurrence of feedback
loops between variables. Although wind and solar energy production depends on weather
conditions, the observed monthly production may also be influenced by installed capacity,
technical availability, grid constraints, generation curtailment, and other power system
conditions. Similarly, the assumed relationship between electricity demand and prices does
not exclude the occurrence of potential feedback loops. These considerations warrant a
cautious interpretation of the estimated coefficients and are considered limitations of the
single-equation model. It should be noted, however, that this model demonstrates excellent
properties in small samples and simultaneously assesses both short- and long-term dynamic
interactions [49]. The ARDL approach incorporates an error correction mechanism that
clarifies how short-run dynamics adjust toward long-run equilibrium states [50]. Additional
advantages offered by the ARDL model include its suitability for limited sample sizes and
the flexibility to assign differential lag structures to individual regressors [51]. The Bounds
Testing procedure is used to assess whether a statistically significant long-run relationship
exists among the variables. When cointegration is supported, the error-correction represen-
tation allows the adjustment toward the estimated long-run equilibrium to be examined
alongside short-run dynamics. Claims regarding directional Granger causality, however,
require appropriate additional testing and cannot be established solely by the Bounds Test
or the statistical significance of the error-correction term. In this study, the lag structure
was selected using the Bayesian information criterion (BIC), assuming a maximum lag
length of 12 months. This approach allowed the model selection procedure to incorporate
dynamic dependencies spanning a one-year horizon [52]. However, it should be noted that
the maximum lag length itself does not provide a direct control mechanism for seasonality.
The extent to which the chosen model specification incorporates seasonal patterns depends
on the actual lag structure and any seasonal control variables. Therefore, the interpretation
of the results takes into account the possibility that some seasonal effects were not suffi-
ciently captured. To verify the existence of a long-run equilibrium relationship, the Bounds
Test for cointegration was conducted. Upon confirming cointegration, the ARDL model is
reparameterized into its Error Correction Model (ARDL-ECM) representation:

APrice, = oy + Y./~ 7;APrice,_; + ;7;51 By ASolar,_; + 2
O Bk AWind, i+ Y771 By ADemand,_,, + @ » ECT,_; + e,

where:

ag—constant term; p, qy, 4,, Gz—optimal lag orders selected for each variable; v;, B, ;,
Bo ks B3, m—short-run dynamic parameters; ECT,_;—lagged Error Correction Term derived
from the long-run cointegrating vector; d—speed-of-adjustment parameter, measuring how
quickly electricity price reverts to its long-run equilibrium following a short-run market
shock; and et—white noise error term. The research procedure is presented graphically in
Appendix B.

4. Results and Discussion

A widely adopted procedure for evaluating unit root properties is the Augmented
Dickey—Fuller (ADF) test, which was applied, inter alia, in [53] alongside the Kwiatkowski-
Phillips—Schmidt-Shin (KPSS) test, as well as the Phillips-Perron (PP) test.

The tests indicate that Solar and Price are non-stationary in levels but become stationary
after first differencing, whereas Wind and Demand are stationary in levels (Table 2). Impor-
tantly, none of the variables is integrated of order two, I(2), satisfying the integration-order
requirement for the ARDL approach (Table 3).
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Table 2. Unit root test results.

Phillips—Perron  Dickey-Fuller Phillips—Perron Dickey-Fuller

Variable Test 1(0) Test 1(0) Test I(1) Test I(1)
Wind 0.0000 0.0001 - -
Solar 0.0946 0.1124 0.0000 0.0000
Price 0.6215 0.5547 0.0000 0.0000

Demand 0.0000 0.0000 - -

Source: own calculations using Stata 19 software.

Table 3. ARDL (1, 0, 1, 1) model estimation results for Poland.

Variable Coefficient Std. Error t p >t
Price L1 0.9252747 0.0330198 28.02 0.000
Solar 0.0183107 0.0068569 2.67 0.009
Wind —0.2194806 0.0346288 —6.34 0.000
Wind L1 0.151861 0.0339495 4.47 0.000
Demand 1.029322 0.2198646 4.68 0.000
Demand L1 —0.6053176 0.2224284 -2.72 0.007
Cons. —3.502756 2.516612 -1.39 0.167

Prob > F = 0.0000; R? = 0.9619; Adj R? = 0.9600; Root MSE = 0.1046. Source: own calculations using
Stata 19 software.

The overall goodness-of-fit of the model is highly satisfactory. The coefficient of deter-
mination R? of approximately 0.96 indicates that roughly 96% of the variance in wholesale
electricity prices is explained by the explanatory variables specified in the model, including
weather-dependent renewable power generation, electricity demand, and lagged price
terms. The remaining portion of the variance is attributable to omitted exogenous factors
and the stochastic error term. The empirical results clearly indicate that the current price
level directly depends on its lagged values and is statistically significant. This highlights
a prominent intertemporal transmission mechanism in electricity prices, confirming high
persistence and memory within the price series. Regarding solar photovoltaic generation,
only the concurrent term proved to be statistically significant, being positively associated
with the wholesale electricity price in the estimated short-run specification. This result
indicates a positive conditional statistical association between solar generation and the
wholesale electricity price in the short-run specification. However, the estimated coefficient
should not be interpreted as an independent or causal effect of photovoltaic generation
on wholesale electricity prices. The positive sign should be interpreted with particular
caution because solar generation is simultaneously related to a number of other market
conditions that may affect electricity prices, including electricity demand, fossil-fuel prices,
CO, allowance prices, regulatory conditions, and the overall generation mix. Some of these
factors are not explicitly included in the present model, partly because sufficiently consistent
monthly data were not available for the entire study period. Consequently, the estimated
Solar coefficient may partly reflect the combined influence of solar generation and other
market determinants that are not separately identified in the model.

The positive coefficient also does not provide, by itself, direct evidence of the solar
value cannibalization mechanism. The cannibalization effect generally refers to a decline in
the market value or capture price of solar generation as photovoltaic penetration increases,
particularly when solar production is concentrated in the same hours. Such a mechanism
does not necessarily imply a positive relationship between aggregate solar generation and the
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average wholesale electricity price. Therefore, the present result should not be interpreted
as evidence that increasing solar generation directly raises wholesale electricity prices
through cannibalization. Although value cannibalization is a recognized phenomenon in
electricity markets with increasing shares of variable renewable generation, the present
monthly ARDL-ECM model does not directly measure solar capture prices or identify
the cannibalization mechanism. Therefore, this mechanism may provide broader market
context but cannot be used to explain the positive estimated long-run Solar coefficient as
an established causal relationship. Furthermore, attention should be drawn to the high
and statistically significant coefficient on the lagged price term. By contrast, wind power
generation exhibits a fundamentally different dynamic. For the concurrent period, the
estimated coefficient is negative: strong wind output in the current period depresses market
clearing prices, which is fully consistent with the merit order effect. However, the one-period
lagged coefficient is positive and likewise statistically significant, representing a post-shock
correction mechanism. In light of these findings, part of the initial merit order effect is
progressively offset in the subsequent period, illustrating the dynamic nature of wind
power transmission into wholesale prices. In line with theoretical expectations, concurrent
system demand emerged as the most influential variable. Current electricity demand exerts
the strongest positive impact on current price levels, whereas lagged demand displays a
negative impact. An expansion in energy demand drives prices upward primarily in the
period of the initial shock, whereas in the subsequent period, a portion of this increase is
reversed as the supply side and broader market conditions adjust. An essential underlying
dimension of this adjustment process is the aforementioned price inertia. This interpretation
is particularly crucial when considering the co-occurring negative impact of concurrent
wind generation, as it demonstrates that system demand and renewable output influence
prices via opposing structural mechanisms linked to the formation of residual load. To
evaluate the robustness of the model against serial correlation, the Breusch-Godfrey LM
test was performed, the results of which are presented in Table 4.

Table 4. Breusch-Godfrey LM test for autocorrelation.

Lags (p) Chi? df Prob > Chi?
1 0.679 1 0.4099
2 1.178 2 0.5548
3 2.801 3 0.4233
4 3.002 4 0.5575

Source: own calculations using Stata 19 software.

For the Breusch-Godfrey test, the null hypothesis (HO) states that there is no se-
rial correlation in the residuals. Since all calculated p-values exceed the 0.05 threshold
(p > 0.05), we fail to reject the null hypothesis. Thus, the test results provide no statistically
significant evidence of residual serial correlation at the tested lag orders.

Furthermore, the Ramsey RESET test was conducted to verify the appropriate func-
tional form of the model, yielding F(3, 110) = 1.76 (p = 0.1599), which confirms that
the model is correctly specified. To test for potential heteroskedasticity, the Breusch-
Pagan/Cook-Weisberg test was applied. The resulting test statistic of chi* (1) = 0.25
(p = 0.6186) indicates that we fail to reject the null hypothesis of constant variance. Ad-
ditionally, to verify the absence of dynamic volatility clustering, Engle’s ARCH-LM test
for autoregressive conditional heteroskedasticity was applied to the model residuals. The
test yielded a p-value of 0.1088 (chi? = 2.572), failing to reject the null hypothesis of no
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ARCH effects at the 5% significance level. This confirms that the error variance remains
dynamically stable over time.

To ensure that the estimated relationships were not confounded by structural breaks
during the analyzed period of 2015-2025, parameter stability was assessed using the re-
cursive CUSUM (Cumulative Sum) test. The null hypothesis (HO) assumes parameter
stability throughout the sample period, while the alternative hypothesis (H1) assumes
structural failure or parameter instability. The calculated test statistic (0.7360) is below
the 5% critical value (0.9479), falling within the 95% confidence interval. Therefore, the
null hypothesis (H,) cannot be rejected, indicating no statistically significant evidence of
parameter instability over the period under study (CUSUM test; Figure 1).

4

-2

-4
T T T
2015m1 2020m1 2025m1

Figure 1. Recursive CUSUM plot of variable Price. The x-axis represents the time horizon (monthly
sequence from 2015 to 2025), while the y-axis shows the cumulative sum of recursive residuals.

Consequently, assessing the existence of a stable long-run equilibrium relationship
becomes appropriate. To this end, an ARDL model reparameterized in Error Correction
(EC) form was estimated. The results are structured into three primary components: the
adjustment dynamics (ADJ), the long-run equilibrium relationships (LR), and the short-run
dynamics (SR) (Table 5).

Table 5. ARDL Error Correction Model estimation results.

Variable Coefficient Std. Error t p >t
ADJ
Price L1 —0.0700612 0.0325525 -2.15 0.033
LR
Solar 0.2323725 0.067912 3.42 0.001
Wind —0.8974119 0.6787683 -1.32 0.189
Demand 5.287764 3.65111 1.45 0.150
SR
Wind D1 —0.1536997 0.0334408 —4.60 0.000
Demand D1 0.5671329 0.2204067 2.57 0.011
Cons. —3.006703 2.47186 -1.22 0.226

Source: own calculations using Stata 19 software.

The ADJ coefficient is negative and statistically significant (ADJ = —0.0701; p = 0.033),
indicating an adjustment to the estimated long-run equilibrium relationship. Its value
suggests that in each subsequent month, approximately 7.0% of the disequilibrium from
the previous period is corrected (under the assumptions of the adopted model). This
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result confirms the existence of an adjustment mechanism to the long-run equilibrium
relationship, but does not in itself determine the direction of the causal impact of individual
explanatory variables on electricity prices. The LR (long-run) section indicates the impact
of the explanatory variables on prices in the long horizon—that is, after all short-run shocks
have dissipated. The estimated long-run coefficient for Solar is positive and statistically
significant. Under the large-value approximation of the IHS transformation, it may be
interpreted as an approximate positive long-run association between solar generation and
wholesale electricity prices. However, this relationship should not be interpreted as evidence
that solar photovoltaic deployment causes higher electricity prices, particularly given the
potential influence of omitted market factors and the limitations of the monthly data. For
wind power, a negative impact on the price level was recorded, implying that a 1% increase
in wind generation reduces prices by roughly 0.9%; however, this coefficient lacks statistical
significance. An interesting divergence emerges between the short-run impact of wind
generation and the long-run relationship for solar power. While concurrent increases in
wind generation exert downward pressure on prices, consistent with the merit order effect,
the positive long-run coefficient for solar PV should not be interpreted as a contradictory
causal effect. Instead, it reflects interdependencies among variables within the long-run
equilibrium framework. The positive long-run Solar coefficient may reflect the combined
influence of solar generation and other factors that are not separately identified in the model.
Potential explanations include seasonal patterns, changes in installed generation capacity,
demand fluctuations, and other market developments. However, the present specification
does not allow the individual contribution of these factors to be identified. Similarly to the
previous model specification, system demand proved to be the most responsive variable,
having the largest estimated long-run coefficient among the explanatory variables, although
it likewise lacked statistical significance over the analyzed sample period. The final SR
(short-run) section illustrates how monthly changes in the variables affect prices on a month-
to-month basis. Wind generation exhibits a highly significant, negative short-run impact:
if monthly wind output increases by 1%, electricity prices immediately fall by an average
of approximately 0.15% within the same month. This captures the pure short-run merit
order effect, whereby zero-marginal-cost wind generation displaces more expensive thermal
power plants. System demand also plays a crucial role in the short run: a 1-percentage-point
monthly increase in electricity demand positively impacts prices by roughly 0.56%. The
obtained results allow us to distinguish short-term dynamics from the adjustment process
to the estimated long-run equilibrium relationship. In the short term, changes in wind
energy production are negatively correlated with electricity prices (coefficient = —0.1537;
p < 0.001), while changes in electricity demand show a positive correlation with prices
(coefficient = 0.5671; p = 0.011). In the estimated error-corrected model specification, there
was no significant short-run coefficient for solar energy. These results indicate the existence
of statistically significant short-run relationships between wind energy and demand, but
they do not, by themselves, confirm the existence of directed causality. The negative
and statistically significant correction coefficient (ADJ = —0.0701; p = 0.033) indicates an
ongoing adjustment process to the estimated long-term equilibrium relationship, with each
subsequent month correcting approximately 7% of the imbalance from the previous period.
However, the significance of the correction coefficient alone does not determine the direction
of the long-term causal relationship between individual explanatory variables and price.
To formally confirm the presence of cointegration, the bounds testing procedure developed
by Pesaran, Shin, and Smith was implemented (Table 6).

Since the computed test statistic substantially exceeds the upper critical bound I(1) at
the 1% significance level, the null hypothesis of no cointegration is rejected. This confirms
the existence of a statistically significant long-run equilibrium relationship among wholesale
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electricity prices, solar and wind power generation, and system load within the ARDL-
ECM framework.

Table 6. Pesaran, Shin, and Smith cointegration bounds test.

F-Test

1(0) I(1)
10% critical value 2.720 3.770
5% critical value 3.230 4.350
1% critical value 4.290 5.610

F-stat. = 626.540. Source: own calculations using Stata 19 software.

5. Conclusions

An empirical econometric analysis using the ARDL-ECM model made it possible to
examine short- and long-term relationships regarding wind and photovoltaic (PV) energy
generation in Poland.

1. The results indicate that the estimated relationships between renewable electricity
generation, energy demand, and wholesale energy prices differ depending on whether
short-term dynamics or the long-term equilibrium relationship is analyzed. In the short
term, wind power generation shows a negative correlation with wholesale prices, whereas
energy demand is positively correlated with them. In the long term, the coefficient for
photovoltaic generation is positive and statistically significant, while the coefficients for
wind generation and energy demand prove to be statistically insignificant. These findings
align with the distinction between short- and long-term relationships proposed in H1.
However, differences in statistical significance across time horizons do not in themselves
demonstrate that the actual magnitude of the impact of these factors differs significantly.

2. The estimated relationships also differ between wind and photovoltaic (PV) energy
generation. Wind power generation exhibits a statistically significant negative short-term
relationship with wholesale electricity prices, whereas for photovoltaics, the long-term
coefficient is positive and statistically significant. The negative short-term relationship for
wind power is consistent with the merit-order effect, widely discussed in the electricity
market literature. However, the positive long-term coefficient for photovoltaics should be
interpreted as a conditional relationship within the estimated model, rather than as evidence
that an increase in solar power generation causes an increase in wholesale electricity prices.
These results are consistent with H2, in that the estimated relationships differ for the
two technologies.

3. The results indicate substantial persistence in wholesale electricity prices, as reflected
by the statistically significant coefficient on the lagged price variable (0.9253, p < 0.001).
The short-run estimates show a negative association between current wind generation and
electricity prices, whereas changes in electricity demand are positively associated with price
changes. These findings are consistent with the expected merit-order mechanism for wind
generation and the upward price pressure associated with higher demand. However, the
estimated relationships should be interpreted as conditional statistical associations rather
than definitive structural causal effects.

4. The Bounds Test provides evidence of a long-run relationship among wholesale
electricity prices, wind generation, photovoltaic generation, and electricity demand within
the estimated ARDL framework. The negative and statistically significant error-correction
coefficient (AD] = —0.0701, p = 0.033) indicates adjustment toward the estimated long-run
equilibrium relationship. The positive long-run coefficient for solar generation is statisti-
cally significant, but it should not be interpreted as evidence that increasing photovoltaic
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generation causes wholesale electricity prices to rise. The estimated long-run coefficients
for wind generation and electricity demand are not statistically significant at the 5% level.

5. The existence of a long-run equilibrium relationship and a statistically significant
error correction coefficient indicates that deviations from the estimated equilibrium are grad-
ually corrected. At the same time, the distinct patterns observed for wind and photovoltaic
generation suggest that the relationship between renewable generation and wholesale
electricity prices should not be treated as uniform across all technologies.

The findings should be interpreted in light of the study’s limitations. The use of
monthly observations may obscure intraday price dynamics, while the omission of certain
market fundamentals and the potential for endogeneity, feedback relationships, and in-
completely captured seasonal patterns limit causal interpretation. Future research using
higher-frequency data and a broader set of market variables could provide a more detailed
assessment of the mechanisms underlying wholesale electricity price formation.

The identified limitations point to several avenues for future research. Future studies
could utilize higher-frequency data—such as hourly or sub-hourly observations—to more
precisely examine the timing and magnitude of price responses to changes in wind and
photovoltaic power generation. Furthermore, future research could expand the empirical
framework by incorporating additional market fundamentals, including coal and natural
gas prices, CO, emission allowance prices, cross-border electricity flows, conventional
generation, and significant regulatory or design-related variables.
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Appendix A

Table A1l. Renewable energy sources in macroeconomic research—a literature review.

Authors Region/Sample Time Horizon Variables Methods Main Results
GDP, CO,, share of
renewable sources in total ~ Structural Vector .
Denmark, electricity generation Autoregressive ;l"l}; i ;Iigre Oirﬁ{eh;i tlir;rthtal
[54] Portugal, Spain 1960-2004 (hydro power, wind (SVAR), Impulse reduce dt}l; §th GDP and
and USA power, geothermal power, Response CO. emissions
photovoltaic, biomass, Functions (IRFs) 2 ’
tidal and wave power)
Dynamics of renewable A positive shock to
energy consumption renewable energy
[55] India 1960-2009 econ%)}r]nic rowfh an’ d SVAR, IRF consumption increases
e emissfi;ons ! GDP and decreases CO,
? emissions.
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Table A1. Cont.
Authors Region/Sample  Time Horizon Variables Methods Main Results
The response of RE is
positive to GF and
negative to FDI, IEPP, and
GDPG. The share of RE
Green finance (GF), in total energy output
investment in energy Bayesian VAR increases with the
with private participation =~ Approach, Impulse  expansion of GF and
[56] China 2001-2020 (IEPP), gross domestic Responses (IRs), decreases with the
product growth rate Granger causality ~ amplification of FDI,
GDPG), and foreign tests IEPP, and GDPG.
&
direct investment (FDI) Unidirectional causal
relationships were found
running between RE and
GDPG, RE and FDI, and
GF and RE.
Climate policy
. . Time-Varying uncertainty positively
Chmate.p OhC},’ ) Parameter Vector affects crude oil prices in
uncertainty, oil prices, ) .
from January and renewable ener Autoregressive the short and medium
[57] USA 2005 to April . 8Y model with run, and exerts a positive
consumption (hydro, . .
2021 solar. wind. seothermal Stochastic impact on total renewable
biom,ass) '8 " Volatility energy consumption in
(TVP-SV-VAR) both the short and
long run.
Three types of renewable
energy generation: total
renewable energy Kalman filter and Only a shock.to money
generation; solid biomass Vector supply significantly
[58] Iran 19842016 and biogas generation; ) affects all three types of
Autoregressions
hydropower, solar, and (VARS) renewable energy
wind generation (+ GDP, generation.
CPI, and oil prices in
Kalman filter)
' VAR model, Umdlr.ectlonal'Granger
[59] Australia January 2006 to Spot, options, solar, and Granger causality, causality running from
March 2018 wind electricity prices IRF ” solar and wind electricity
prices to spot prices.
Granger causality tests
indicate that changes in
oil prices, GDP, and
interest rates exhibit
substantial explanatory
power for RES dynamics
(except in the UK).
RE mV'estmeI'lt, real ' Unrestricted VAR Renewable energy
[60] Norway, UK, 1960-2015 (inflation-adjusted) oil model. IRF investments show
USA prices, real GDP, interest s significant cross-country

rate

Granger causality

heterogeneity. In the USA
and Norway, oil prices
and macroeconomic
fundamentals (GDP,
interest rates) strongly
drive RES deployment,
whereas in the UK, this
relationship is weak.

Source: own study based on literature review.
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