The Relationship between Renewable Energy Use in Agriculture and Sustainable Development: A Panel Data Analysis

ABSTRACT
Background: The use of renewable energy sources in agriculture can offer benefits by reducing greenhouse gas emissions, improving energy efficiency and supporting economic sustainability. 
Aims: This study examines whether there is a statistically significant relationship between renewable energy use in agriculture and sustainable development.
Study design: The analysis uses data for 17 countries, including Türkiye, over the period 2003–2022, with a balanced panel of 340 observations. The Sustainable Development Goals (SDG) Index is the dependent variable, while the share of renewable energy in agriculture, agricultural raw material exports, and the value added of agriculture, forestry and fishing are included in the model as explanatory variables.
Place and Duration of Study: The study was conducted at the Department of Agricultural Economics, Faculty of Agriculture, Ege University, between September 2024 and September 2025.
Methodology: Cross-sectional dependence, unit root and model selection tests were applied to assess the properties of the data and the model. To assess the reliability of the results, Driscoll–Kraay and country-clustered standard errors were used alongside the wild bootstrap method.
Results: When only country fixed effects are considered, a strong positive relationship is observed between the share of renewable energy in agriculture and the SDG index (coefficient 1.306). When common year effects are included, the coefficient falls to 0.008 and becomes statistically insignificant. When country-specific responses to the common factors are allowed through the common correlated effects (CCE) estimator, the coefficient is 0.26 and statistically significant, with slope homogeneity tests supporting the use of this estimator.
Conclusion: The findings suggest that the disappearance of the relationship after controlling for year effects may reflect heterogeneous responses to a common trend, and that there is a small but consistent positive association between the share of renewable energy in agriculture and SDG performance.
Keywords: Renewable energy; sustainable development goals; agricultural energy consumption; sustainable agriculture; panel data; fixed effects; common correlated effects; SDG index.


1. INTRODUCTION
Climate change, energy security and food supply are three interconnected areas of contemporary policy. Although the agricultural sector plays a strategic role in feeding the world’s population, it is also a significant consumer of energy due to processes such as mechanisation, irrigation, greenhouse cultivation and fertiliser production. The sector’s dependence on fossil fuels increases both greenhouse gas emissions and the sensitivity of production costs to fluctuations in energy prices. Consequently, the use of renewable energy sources in agriculture—such as solar, wind, geothermal, small-scale hydroelectric and biomass—is gaining prominence for both environmental and economic reasons (Bolyssov et al., 2019; Chel & Kaushik, 2011).
The increasing share of renewable energy in agriculture is also linked to the Sustainable Development Goals (SDGs) under the United Nations 2030 Agenda. Targets such as access to clean energy (SDG 7), climate action (SDG 13), life on land (SDG 15) and zero hunger (SDG 2) intersect directly or indirectly with agricultural production and energy use (Fuso Nerini et al., 2018, 2019; Gielen et al., 2019). However, whether this overlap is reflected in countries’ overall SDG performance—that is, whether countries with a high share of renewable energy in agriculture, or those that have increased this share over time, exhibit higher SDG scores—is a question that requires further research.
Studies examining the relationship between renewable energy, economic growth, emissions and sustainability have increased in number. However, the majority of these studies focus either on the economy as a whole or on the relationship between agriculture and CO₂ emissions; panel data studies that examine the share of renewable energy in agriculture alongside countries’ multidimensional development performance, as measured by the SDG index, remain limited. This study aims to address this gap using a balanced panel of 17 countries covering the period 2003–2022.
1.1 Conceptual framework and literature
1.1.1 Sustainable development, the SDGs and agriculture
Sustainable development is most commonly defined as development that meets the needs of the present without threatening the ability of future generations to meet their own needs (World Commission on Environment and Development [WCED], 1987). The concept requires the simultaneous consideration of economic, social and environmental dimensions (Altunbaş, 2003; Gedik, 2020; Harris, 2000), although achieving a balance between these three dimensions of sustainability remains a subject of debate in the literature (Holden et al., 2017). The 17-goal SDG framework adopted by the United Nations in 2015 has translated this multidimensional structure into measurable indicators; the SDG Index published by the Sustainable Development Solutions Network (SDSN) has also summarised countries’ progress across the goals in a single composite score (SDSN, 2015).
Agriculture presents both challenges and opportunities for sustainable development. Although the agricultural sector plays a central role in food security, rural poverty reduction and employment (Food and Agriculture Organization of the United Nations [FAO], 2015; Kayişoğlu & Türksoy, 2023), it also places pressure on the environment through the use of natural resources, land-use change and energy consumption. It is emphasised that sustainable agricultural policies must simultaneously safeguard food security and the conservation of resources (Kıymaz & Şahinöz, 2010). Within this framework, the nature of agriculture’s energy use—that is, whether it relies on fossil fuels or renewable sources—can be regarded as one of the factors determining the sector’s sustainability performance.
1.1.2 Renewable energy and sustainable development
The relationship between renewable energy and sustainable development has long been addressed in the literature. Dinçer (2000) discussed how renewable energy technologies can contribute to sustainable development by ensuring the continuity of energy supply and limiting environmental impacts. The Intergovernmental Panel on Climate Change (IPCC, 2011) report also highlighted the potential of renewable sources in mitigating climate change and how this potential depends on technical, economic and institutional conditions. In empirical studies, however, the relationship has mostly been examined in terms of economic growth and emissions. For example, Apergis and Payne (2010) examined a two-way relationship between renewable energy consumption and economic growth in a panel of OECD countries.
When considering the SDG framework, it becomes apparent that renewable energy interacts not only with SDG 7 but also with multiple targets. Fuso Nerini et al. (2018) found that there are numerous interactions between energy and the SDG targets, whereas Gielen et al. (2019) highlighted the links between the renewable energy transition and climate, health and development targets. These studies indicate that the expected relationship between renewable energy and SDG performance may be neither unidirectional nor homogeneous. Tian et al. (2024) identified both enabling and inhibiting relationships between renewable energy systems and SDG targets, indicating that sustainability assessments need to consider possible trade-offs.
1.1.3 Renewable energy in agriculture
A significant portion of the literature on renewable energy in agriculture focuses on technology and applications. Chel and Kaushik (2011) reviewed the potential of solar, wind and biomass technologies for sustainable agriculture; Acosta-Silva et al. (2019) reviewed solar and wind applications in agriculture. Studies concerning Türkiye have also addressed the potential for using solar and wind systems in irrigation (Polat et al., 2023) and the use of various renewable sources in agricultural production (Taşkın & Vardar, 2016). Bolyssov et al. (2019), meanwhile, discussed the characteristics of the use of renewable energy sources in agriculture.
Panda et al. (2024) reviewed solar energy applications in agricultural irrigation, crop drying and greenhouse heating, linking these uses to several SDGs. Richa et al. (2025) considered agrivoltaic systems that combine solar energy generation with agricultural production and discussed their potential implications for land use and biodiversity. Kiehbadroudinezhad et al. (2025) emphasised the importance of a life-cycle perspective when assessing environmental outcomes of renewable agricultural systems.
In panel data studies, agriculture and renewable energy have generally been examined in the context of emissions. Liu et al. (2017) examined the relationship between renewable energy, agriculture and CO₂ emissions for four ASEAN countries within the framework of the Environmental Kuznets Curve; Waheed et al. (2018) investigated the relationship between forestry, agriculture and renewable energy and emissions in Pakistan, whereas Qiao et al. (2019) examined the greenhouse gas impact of the relationship between agriculture, economic growth and renewable energy in G20 countries. Regarding Türkiye, Okumuş (2019) examined the relationship between renewable energy consumption, agriculture and CO₂ emissions.
1.1.4 Renewable energy, agriculture and SDG performance
The literature most relevant to this study comprises research examining the relationship between renewable energy and SDG indicators. Bali Swain and Karimu (2020) investigated the relationship between renewable electricity and progress towards the SDGs in European Union countries. Aziz et al. (2024) considered the role of renewable energy, globalisation and agriculture in sustainable economic growth and the green environment, whereas Addai et al. (2024) examined the dynamic relationship between renewable energy, institutional quality and the ecological footprint for the N-11 countries. Although these studies highlight the relationship between renewable energy and sustainability, they differ in terms of the metrics and samples used. Cuppari et al. (2024) examined how agrivoltaic systems may create both synergies and trade-offs across SDGs, suggesting that the implications of renewable energy technologies depend on their agricultural context.
1.1.5 Evaluation
Three points emerge from the studies reviewed. First, the theoretical expectation concerning the relationship between renewable energy and sustainability is positive. Second, most studies specific to agriculture focus on individual outcome variables such as emissions or growth. Finally, a substantial proportion of these studies do not systematically address common-period effects and cross-sectional dependence beyond country-specific effects. Nevertheless, the reviewed studies do not establish whether the association between agriculture-specific renewable energy use and aggregate SDG performance remains after accounting for common time effects and differences in countries’ responses to shared factors.
1.2 Research objective and hypotheses
The study addresses the following research question: “Is there a statistically significant relationship between the use of renewable energy in agriculture and sustainable development performance?” The hypotheses corresponding to this question have been formulated as follows, with β1 denoting the coefficient for the share of renewable energy in agriculture in the SDG index model:
H₀: β₁ = 0 (There is no statistically significant relationship between the share of renewable energy in agriculture and SDG performance.)
H₁: β₁ ≠ 0 (There is a statistically significant relationship between the share of renewable energy in agriculture and SDG performance.)
The hypotheses were formulated as two-tailed. In this study, the relationship between the share of renewable energy in agriculture and the SDG index was examined using a balanced panel comprising 17 countries. Cross-sectional dependence, within-group heteroscedasticity and autocorrelation were taken into account at every stage of the estimation process, and inferences were drawn using the Driscoll–Kraay method with country-level clustered standard errors and the wild cluster bootstrap method (resampling with random weights at the cluster level). The analysis systematically demonstrated how the strong relationship observed in the model containing only country fixed effects changed when common time effects were examined, and the source of this sensitivity was discussed. The source of this difference was further tested using the CCE estimator and slope homogeneity tests, which allow countries to respond differently to common factors.
2. MATERIAL AND METHODS
2.1 Material
The study uses annual data from 17 countries (Austria, Belgium, Czechia, Denmark, Finland, France, Germany, Greece, Hungary, Italy, Luxembourg, the Netherlands, Norway, Portugal, Spain, Sweden and Türkiye) over the period 2003–2022 (N = 17, T = 20; balanced panel, 340 observations). The dependent variable is the SDG index (SDG); the independent variables are the share of renewable energy in agriculture (REN), the share of agricultural raw material exports (EXP), and the value added of agriculture, forestry and fishing (VAL). Because VAL is measured in constant local currency units, its levels are not directly comparable across countries; country fixed effects control for level differences, whereas within-country change can be interpreted as a percentage change when VAL is entered in logarithmic form (ln VAL). The coefficient of VAL is therefore not interpreted as a cross-country magnitude, and the sensitivity of the REN coefficient to the use of ln(VAL) is tested in Section 3.7. Variable definitions are given in Table 1. The corresponding data sources are cited as Eurostat (n.d.), SDSN (n.d.) and World Bank (n.d.). For the readability of the coefficients, VAL is scaled in the estimations in units of 1012 constant local currency units.

Table 1.	Variables and data sources
	Variable
	Definition
	Unit
	Source

	SDG
	Sustainable Development Goals (SDG) index; a composite score between 0 and 100 summarizing countries’ progress across the 17 goals
	Score (0–100)
	Sustainable Development Report (SDSN)

	REN
	Share of renewable energy used in the agricultural sector in the sector’s total energy consumption
	%
	Eurostat

	EXP
	Share of agricultural raw material exports in total merchandise exports
	%
	World Bank, WDI

	VAL
	Value added of agriculture, forestry and fishing (constant local currency)
	Constant LCU
	World Bank, WDI


Note: The SDG index is a composite measure; by construction it may include indicators directly related to REN, such as SDG 7 (clean energy), SDG 13 and SDG 15 (see Section 4).
Descriptive statistics are presented in Table 2. The mean SDG score is 78.50 (standard deviation 4.32), and the mean share of renewable energy in agriculture is 7.83% (range: 2.83%–18.02%). Based on annual cross-country means, REN rose from 6.57% to 9.84% and SDG from 75.82 to 81.02.
Table 2.	Descriptive statistics (N = 340)
	Variable
	Mean
	Std. dev.
	Minimum
	Maximum

	SDG (score)
	78.50
	4.32
	65.75
	86.42

	REN (%)
	7.83
	2.65
	2.83
	18.02

	EXP (%)
	1.96
	1.54
	0.38
	8.43

	VAL (constant LCU)
	1.03×1011
	3.03×1011
	1.04×108
	1.61×1012


Note: See Table 1 for units and scale.
2.2 Model and hypotheses
The baseline model is a two-way fixed-effects model that includes both country and year fixed effects:
SDGit = β1RENit + β2EXPit + β3VALit + μi + λt + εit
Here, i denotes the country and t the year; μi captures unobserved country-specific, time-invariant characteristics, λt captures common year effects that affect all countries simultaneously, and εit is the error term. The coefficient on the share of renewable energy, β1, is the main coefficient, and the hypotheses are tested as ℋ0: β1 = 0 and ℋ1: β1 ≠ 0. The model with country fixed effects only is the comparison model obtained under the restriction λt = 0.
2.3 Estimation strategy
The analysis was conducted in six stages.
(i) Cross-sectional dependence was tested with the Pesaran (2004) CD, Friedman (1937) and Frees (1995) tests; the critical values for the Frees statistic were derived by simulation that accounted for residual autocorrelation. (ii) The stationarity of the variables was examined with the Pesaran (2007) CIPS test, which is robust to cross-sectional dependence.
(iii) For model selection among pooled, fixed-effects and random-effects specifications (Baltagi, 2005), the Breusch and Pagan (1980) LM, F, Hausman (1978) and Mundlak (1978) tests were applied, together with an F test for year effects.
(iv) Groupwise heteroskedasticity and serial correlation were tested with the modified Wald test (Greene, 2003) and the Wooldridge (2002) test (see also Drukker, 2003), respectively.
(v) Inference was based on Driscoll and Kraay (1998) standard errors, which are robust to cross-sectional dependence and autocorrelation, country-clustered standard errors, and the Webb (2014) weighted wild cluster bootstrap-t (B = 4999; Cameron et al., 2008).
Because the number of clusters is 17, clustered and bootstrap results are reported together. (vi) The sensitivity of the relationship was tested using models with ln(VAL), a sample excluding Türkiye, country-specific linear trends, lagged REN and first differences, and was additionally examined with the common correlated effects (CCE; Pesaran, 2006) estimator, which allows countries to respond differently to common factors. Estimations were carried out in Python (linearmodels and statsmodels) and Stata.
The two-way fixed-effects model assumes that common shocks affect all countries to the same extent. To relax this assumption, the CCE estimator was used; it controls for the effect of common factors by adding the annual cross-sectional averages of the dependent and explanatory variables to the model, and it allows factor loadings to differ across countries. The two-way fixed-effects model was retained as the baseline model, and CCE was treated as the main alternative to it. CCE was used in two forms. Pooled CCE (CCEP) estimates a single slope for all countries. The CCE mean group (CCE-MG) estimator fits a separate regression for each country and averages the country coefficients (Pesaran and Smith, 1995; Pesaran, 2006). The choice between the two estimators was based on the Pesaran and Yamagata (2008) slope homogeneity test, in the version corrected for serial correlation by Blomquist and Westerlund (2013). The test was applied separately with and without the cross-sectional averages added to the model. Cross-sectional dependence in the variables was examined with the Pesaran (2015) CD, Juodis and Reese (2022) CDw and Pesaran and Xie (2021) CD* tests. When assessing residual dependence after CCE estimation, the CDw test, which is robust to the bias arising from the removal of cross-sectional averages, was taken as the reference. These estimations were carried out in Stata using the xtdcce2 (Ditzen, 2018), xthst and xtcd2 commands.
3. RESULTS
3.1 Cross-sectional dependence test
Table 3 reports the cross-sectional dependence tests. In the model with country fixed effects only, the Pesaran CD (15.547; P < .001) and Friedman (102.02; P < .001) tests indicate cross-sectional dependence. The Frees statistic (6.868) is far above the critical values under independence in Frees (1995) (0.2468 at 1%); however, because the first-order autocorrelation of the residuals is high (about 0.86), these critical values cannot be used on their own. The critical values simulated with the same level of autocorrelation and cross-sectionally independent series are much higher (2.36, 2.60 and 3.17 at 10%, 5% and 1%, respectively); the Frees statistic also exceeds the simulated critical values (simulated P < .001). When common year effects are added to the model, the Pesaran CD (−2.481; P = .013) and Friedman (P = .99) statistics become smaller; however, because year effects set the cross-sectional mean of the residuals to zero in every year, the power of these two tests, which rely on average correlation, is structurally reduced in this specification. The Frees statistic (4.996) also exceeds the simulated critical values in this specification (3.04 at 1%). Therefore, common time effects remove a large part of the dependence, while the remaining dependence does not disappear entirely according to the Frees test; since approximate critical values based on simulation are used, however, this result should be interpreted with caution. For this reason, standard errors that are robust to cross-sectional dependence were used for inference.
Table 3.	Cross-sectional dependence tests
	Test
	Country fixed effects only
	Country and year fixed effects

	Pesaran CD
	15.547***
	−2.481**

	  P-value
	<.001
	.013

	Friedman
	102.02***
	7.82

	  P-value
	<.001
	.99

	Frees
	6.868
	4.996

	Frees simulated critical value (10%)
	2.36
	2.25

	Frees simulated critical value (5%)
	2.60
	2.50

	Frees simulated critical value (1%)
	3.17
	3.04

	Mean |ρ| (between residuals)
	0.64
	0.55


Note: ***, ** and * denote significance at the 1%, 5% and 10% levels, respectively. The Frees statistic is computed as n[R²_ave − 1/(T − 1)] (the average of the squared Spearman rank correlations). The critical values under independence in Frees (1995) (0.1294, 0.1695 and 0.2468 at 10%, 5% and 1%) are valid when the residuals are not autocorrelated. The critical values reported in the table were simulated with 10,000 replications from cross-sectionally independent normal AR(1) series under the estimated first-order autocorrelation coefficient (country FE only: 0.857; country and year FE: 0.839) (N = 17, T = 20); they are approximate values.
3.2 Unit root test
Table 4 presents the Pesaran (2007) CIPS unit root test results. In levels, in the model with a constant only, SDG, REN and VAL are stationary at the 1% level and EXP at the 10% level. In the model with a constant and trend, only VAL is stationary at the 1% level and REN at the 10% level; for SDG and EXP, the unit root hypothesis cannot be rejected. In first differences, all variables are stationary at the 1% level in both models. Because the results are sensitive to model specification, it cannot be said with certainty that the series are stationary in levels; for this reason, the level estimates are supported by a first-difference model as a robustness check (Section 3.7).
Table 4.	Pesaran (2007) CIPS unit root test
	Variable
	Level: constant
	Level: constant + trend
	First difference: constant
	First difference: constant + trend

	SDG
	−2.598***
	−2.617
	−4.867***
	−4.894***

	REN
	−2.424***
	−2.658*
	−4.276***
	−4.274***

	EXP
	−2.117*
	−2.532
	−4.051***
	−4.168***

	VAL
	−2.642***
	−3.265***
	−4.776***
	−4.769***

	Critical values (10%)
	−2.11 
	−2.63
	−2.10 
	−2.63 

	Critical values (5%)
	 −2.20
	−2.72
	−2.21
	−2.73

	Critical values (1%)
	−2.38
	−2.88
	−2.40
	−2.92


Note: ***, ** and * denote significance at the 1%, 5% and 10% levels, respectively (Stata).
3.3 Fixed- and random-effects estimates and model selection
Table 5 presents the estimates based on country fixed effects. The REN coefficient is 1.306 and significant at the 1% level; that is, within a country, when the share of renewable energy in agriculture is one point higher, the SDG score is observed to be 1.31 points higher on average. The EXP coefficient is negative and significant at the 10% level (−0.104; P = .052), whereas the VAL coefficient is insignificant (P = .26). The within R² of the model is 0.623; 95% of the total variance (ρ = 0.95) stems from differences between countries. The random-effects estimates yielded similar coefficients (REN: 1.289).





Table 5.	Country fixed-effects and random-effects estimates (dependent variable: SDG)
	Variable
	Estimator
	Coefficient
	Std. error
	P-value

	REN
	Fixed effects
	1.3062***
	0.0571
	<.001

	
	Random effects
	1.2891***
	0.0569
	<.001

	EXP
	Fixed effects
	−0.1045*
	0.0535
	.052

	
	Random effects
	−0.0998*
	0.0537
	.06

	VAL (per 1012 LCU)
	Fixed effects
	1.4800
	1.3159
	.26

	
	Random effects
	1.8161
	1.2358
	.14

	Within R²
	FE / RE
	0.6230 / 0.6228
	
	

	σu 
	
	4.704 
	
	

	σe
	
	1.079 
	
	

	ρ (FE)
	
	0.95
	
	


Note: Standard errors are conventional (non-clustered) estimates; ***, ** and * denote significance at the 1%, 5% and 10% levels, respectively. Robust inference is presented in Section 3.5.
The model selection tests are reported in Table 6. The Breusch–Pagan and F tests show that unit effects are necessary. The Hausman test rejects the consistency assumption of the random-effects model (χ²(3) = 12.38; P = .006) and points to the fixed-effects estimator. The cluster-robust Mundlak test remains borderline (P = .08); this result does not reject the random-effects assumption at the 5% level but rejects it at the 10% level. The F test for the necessity of two-way fixed effects (F(19, 301) = 40.85; P < .001) shows that the common year effects are jointly significant. Considering the findings together, fixed effects were preferred and common year effects were also included in the model.








Table 6.	Model selection tests
	Test
	Statistic
	P-value
	Result

	Breusch–Pagan LM (OLS vs. RE)
	χ̄²(1) = 2428.95
	<.001
	Unit effects are necessary

	F test (OLS vs. FE)
	F(16, 320) = 282.15
	<.001
	Country effects are necessary

	Hausman (FE vs. RE)
	χ²(3) = 12.38
	.006
	FE is preferred

	Mundlak (cluster-robust)
	χ²(3) = 6.80
	.08
	Borderline; RE is rejected at 10%

	Year effects (two-way FE vs. one-way FE)
	F(19, 301) = 40.85
	<.001
	Common year effects are necessary


Note: The Mundlak test was computed with a country-clustered covariance matrix.
3.4 Diagnostic tests
According to Table 7, both the country-only and the country-and-year fixed-effects models exhibit strong groupwise heteroskedasticity and first-order autocorrelation. This indicates that conventional standard errors are unreliable and, at the next stage, requires the use of standard errors that are robust to dependence, heteroskedasticity and autocorrelation.
Table 7.	Diagnostic tests
	Test
	Country FE only
	Country and year FE

	Modified Wald, χ²(17) (groupwise heteroskedasticity)
	432.93 (P < .001)
	652.43 (P < .001)

	Wooldridge, F(1, 16) (first-order autocorrelation)
	99.70 (P < .001)
	95.51 (P < .001)


Note: The values in the two-way FE column were obtained with Stata.
3.5 Robust inference and hypothesis decision
The Driscoll–Kraay standard errors are reported in Table 8. In the model with country fixed effects only, the REN coefficient is 1.306 and significant at the 1% level (Driscoll–Kraay standard error 0.110; 95% confidence interval [1.075, 1.537]). The country-clustered confidence interval is [0.815, 1.798], and the wild cluster bootstrap P < .001. In this model, ℋ0 is rejected.
When common year effects are added, the picture changes: the REN coefficient falls to 0.008 (Driscoll–Kraay standard error 0.060; P = .90; 95% confidence interval [−0.117, 0.133]), the country-clustered confidence interval is [−0.325, 0.341] and the wild bootstrap P-value is .96. The within R² falls from 0.623 to 0.006. In the baseline model, ℋ0 cannot be rejected. Because the confidence interval includes zero, the result is expressed as “no distinguishable relationship was observed after common year effects.” Since the upper bound of the country-clustered confidence interval is 0.34, it does not appear possible that the relationship remaining after common year effects is as large as the coefficient of 1.31 found with country fixed effects only.
Table 8.	Driscoll–Kraay estimates (dependent variable: SDG)
	Variable
	Country FE only
	Country and year FE

	REN
	1.3062*** (0.1105)
	0.0080 (0.0597)

	EXP
	−0.1045*** (0.0332)
	−0.0352 (0.0288)

	VAL (per 1012 LCU)
	1.4800** (0.6858)
	0.4535 (0.7352)

	95% confidence interval (REN)
	[1.075, 1.537]
	[−0.117, 0.133]

	Within R²
	0.6230
	0.0061

	Observations / countries
	340 / 17
	340 / 17


Note: Values in parentheses are Driscoll–Kraay standard errors (Bartlett kernel, bandwidth 2; degrees of freedom T − 1 = 19). ***, ** and * denote significance at the 1%, 5% and 10% levels, respectively.
3.6 Common trend: why do REN and SDG rise together?
The collapse of the REN coefficient once common year effects are included indicates that the two series share a common time trajectory. The correlation between the annual means is 0.97. According to Table 9, 89.4% of the within-country variance of SDG and 73.7% of that of REN are explained by year dummies. Once year effects are removed, the remaining two-way within standard deviation falls to 0.53 for REN and 0.56 points for SDG. In other words, the strong coefficient obtained with country fixed effects alone largely reflects the common upward trend of the two series.

Table 9.	Variance explained by common year effects
	Variable
	Overall SD
	Within-country SD
	Two-way within SD
	Share of within-country variance explained by year effects

	REN
	2.65
	1.03
	0.53
	73.7%

	SDG
	4.32
	1.71
	0.56
	89.4%


Note: SD denotes standard deviation. Within-country SD refers to deviations from country means; two-way within SD refers to deviations from both country and year means.
3.7 Robustness analyses
Table 10 shows the sensitivity of the relationship to the model. Three findings are noteworthy.
First, in models that include common year effects and are methodologically comparable, the REN coefficient cannot be distinguished from zero: when ln(VAL) is used (M3: −0.027; wild bootstrap P = .85) and when Türkiye is excluded (M4: −0.040; P = .78; M5: −0.023; P = .89). Excluding Türkiye does not change the result. The logarithmic form of VAL, in turn, yields a negative and significant coefficient (M3: −1.622; P = .004).
Second, in the model that also includes lagged REN (M7), the current-period coefficient is 0.147 and the lagged coefficient is −0.168. With the Driscoll–Kraay standard error (0.039), the current-period coefficient appears significant (P = .002; P = .101 for the lagged coefficient). However, with the country-clustered standard error (0.150) the P-value is .34, and with the wild bootstrap it is .42 (Table 10). The result therefore depends on the type of standard error; because the number of clusters is small, the clustered and bootstrap results are the more cautious reference.
Third, in models that account for country-specific trends in addition to common time effects, a small positive relationship emerges: country-specific linear trends and year effects (M6: 0.253; wild bootstrap P = .012) and first differences and year effects (M8: 0.178; P = .03). The coefficients range from 0.18 to 0.25; this indicates that the SDG score difference associated with a one-point change in REN is around a quarter of a point, which is only about one-fifth of the 1.31 found with country fixed effects alone.
The findings should therefore be evaluated across the range of model specifications rather than at two extremes: the fixed-effects approach shows a strong relationship, common year effects show no relationship, and the country-specific trend, first-difference and CCE approaches show a low positive relationship. The low positive relationships are sensitive to the different ways in which the first-difference and CCE models treat common factors and country-specific trends, and should be read together with the baseline model. Because CCE estimates allow countries to respond differently to common factors, they are discussed separately in Section 3.8.
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Table 10.	Sensitivity of the REN coefficient across models (dependent variable: SDG)
	Model
	Obs.
	Countries
	REN coefficient
	Std. error (cluster)
	95% CI (cluster)
	P (cluster-t)
	P (wild bootstrap)
	R² (within)
	Note

	M1 Country FE
	340
	17
	1.306
	0.232
	[0.815, 1.798]
	<.001
	<.001
	0.623
	

	M2 Country + year FE
	340
	17
	0.008
	0.157
	[−0.325, 0.341]
	.96
	.96
	0.006
	

	M3 Country + year FE, ln(VAL)
	340
	17
	−0.027
	0.136
	[−0.314, 0.261]
	.85
	.85
	0.074
	ln(VAL)

	M4 M3, excluding Türkiye
	320
	16
	−0.040
	0.143
	[−0.344, 0.265]
	.79
	.78
	0.077
	ln(VAL)

	M5 M2, excluding Türkiye
	320
	16
	−0.023
	0.167
	[−0.378, 0.332]
	.89
	.89
	0.014
	

	M6 Country-specific trend + year FE
	340
	17
	0.253
	0.091
	[0.059, 0.447]
	.014
	.012
	0.746
	ln(VAL)

	M7 REN and REN(t−1), country + year FE (REN)
	323
	17
	0.147
	0.150
	[−0.172, 0.465]
	.34
	.42
	0.066
	ln(VAL)

	M8 First difference + year FE (ΔREN)
	323
	17
	0.178
	0.082
	[0.005, 0.351]
	.04
	.03
	0.063
	ln(VAL)


Note: M1 includes country FE only; M2–M5 and M7–M8 include country and year FE (M6 country-specific linear trend, M8 first difference and year FE). In M3, M4 and M6–M8, VAL enters as ln(VAL); in M1, M2 and M5 it enters in levels. M4–M5 exclude Türkiye (16 countries). The number of observations in M7 is 323 because of the lag. Confidence intervals and cluster-t P-values are based on country-clustered standard errors, and wild bootstrap P-values are based on the Webb-weighted wild cluster bootstrap-t (B = 4999).
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3.8 Heterogeneous factor loadings and CCE estimates
Table 11 reports tests of cross-sectional dependence in the variables themselves. The CD statistics for SDG and REN are very high (49.35 and 47.53, respectively). This result shows that the two variables share a strong common factor and confirms the common trend observed in Section 3.6. In the CD* test computed after removing four common components, the dependence in SDG disappears (P = .38), whereas in REN it persists, albeit to a limited extent (P = .004). There is no appreciable dependence in EXP.
Table 11.	Cross-sectional dependence in the variables
	Variable
	CD
	CDw
	CD*

	SDG
	49.35***
	1.30
	−0.88

	REN
	47.53***
	−1.90*
	−2.86***

	EXP
	−1.66*
	1.56
	0.18

	ln(VAL)
	7.63***
	0.78
	0.80


Note: H0 is weak cross-sectional dependence. CD is the Pesaran (2015) test, CDw is the Juodis and Reese (2022) test and CD* is the Pesaran and Xie (2021) test; CD* is computed with four principal components. ***, ** and * denote significance at the 1%, 5% and 10% levels, respectively.
The slope homogeneity test results are reported in Table 12. When cross-sectional averages are not added to the model, the hypothesis that slopes are homogeneous is strongly rejected (adjusted Δ = 12.18; P < .001). When the common factor is controlled for with cross-sectional averages, the hypothesis is not rejected (adjusted Δ = 0.46; P = .64). The same result holds when only the slope of REN is tested (P = .89). This finding suggests that the differences between countries may stem not from the relationship of REN with SDG but from countries responding differently to common shocks. Because the homogeneity of slopes is not rejected once cross-sectional averages are added, pooled CCE (CCEP) estimates are presented as the primary CCE result, together with CCE-MG estimates as a close check.
Table 12.	Slope homogeneity tests
	Specification
	Δ
	Adjusted Δ
	P (adjusted)

	All slopes, no cross-sectional averages
	10.549
	12.181
	<.001

	All slopes, with cross-sectional averages
	0.384
	0.463
	.64

	REN only, no cross-sectional averages
	10.028
	10.985
	<.001

	REN only, with cross-sectional averages
	0.122
	0.138
	.89


Note: The HAC-corrected version of the Pesaran and Yamagata (2008) test by Blomquist and Westerlund (2013) was used (Bartlett kernel, bandwidth 2). H0 is that slopes are homogeneous. In the REN-only tests, EXP and ln(VAL) are controlled for. Cross-sectional averages are taken for SDG, REN, EXP and ln(VAL). Because T = 20, the power of the test is limited.
According to Table 13, in the pooled CCE model the REN coefficient is 0.259 and significant at the 5% level (standard error 0.109; 95% confidence interval based on the t(16) distribution [0.028, 0.490]). The CCE-MG estimate (0.266) is almost identical to the pooled estimate. In the more parsimonious specification in which cross-sectional averages are taken only for SDG and REN, the coefficient is virtually unchanged (0.265). When Portugal, which has the highest coefficient, is excluded from the sample, the mean falls to 0.209 but the coefficient remains significant at the 10% level (P = .052). In the country-level estimates, the coefficient is positive in 14 of the 17 countries. Because there are only 20 observations for each country, the country coefficients have wide confidence intervals and should not be interpreted individually.
After CCE estimation, the CDw test on the residuals is insignificant in all specifications. The CD and CD* statistics, in contrast, are negative and significant. This is an expected result, because removing the cross-sectional averages creates a mechanical negative correlation among the residuals. For N = 17, the expected CD value arising from this effect is approximately −3.3, and the observed values (between −2.52 and −3.03) are consistent with it. Therefore, no strong common factor remains in the residuals after CCE estimation.
These results suggest that the two-way fixed effects finding in Section 3.5 should be interpreted with caution. Year dummies assume that a common shock affects every country to the same extent. In a structure where countries respond differently to the common factor, this assumption may render the model misspecified, and variation related to REN may be absorbed into the year effects together with the common trend. The CCE estimator, which allows factor loadings to be heterogeneous, is better suited to this structure and points to a small but consistent positive relationship between REN and the SDG index. However, because T = 20 and N = 17, the CCE results should be interpreted not as a definitive replacement for the two-way fixed-effects finding but as complementary evidence and the main alternative to it.
Table 13.	CCE estimates (dependent variable: SDG)
	
	(1) Two-way FE
	(2) Pooled CCE
	(3) CCE-MG
	(4) CCE-MG, two cross-sectional averages
	(5) CCE-MG, excluding Portugal

	REN
	−0.027
	0.259**
	0.266**
	0.265**
	0.209*

	
	(0.136)
	(0.109)
	(0.117)
	(0.106)
	(0.099)

	EXP
	
	0.013
	0.029
	0.015
	0.016

	
	
	(0.036)
	(0.096)
	(0.094)
	(0.107)

	ln(VAL)
	
	0.094
	−1.586*
	−1.294
	−0.828

	
	
	(0.700)
	(0.939)
	(0.813)
	(0.795)

	Observations / countries
	340 / 17
	340 / 17
	340 / 17
	340 / 17
	320 / 16

	Residual CD
	
	−3.03***
	−2.71***
	−2.52**
	−2.63***

	Residual CDw
	
	0.59
	−1.34
	1.00
	−1.29

	Residual CD*
	
	−3.11***
	−2.53**
	−2.69***
	−2.28**


Note: Values in parentheses are standard errors. (1) is model M3 in Table 10 (country and year fixed effects, ln(VAL), country-clustered standard errors); only the REN coefficient is reported in this column. (2)–(5) were obtained with the Pesaran (2006) CCE estimator using xtdcce2 (Ditzen, 2018). In (2), (3) and (5), cross-sectional averages are taken for SDG, REN, EXP and ln(VAL); in (4), only for SDG and REN. In (5), the country with the highest REN coefficient is excluded. After CCE, the CD and CD* tests on the residuals are mechanically biased downward (the expected value is approximately −3.3 for N = 17); for this reason, CDw is taken as the reference for residual dependence. Significance levels and confidence intervals are computed from the t(G − 1) distribution (G is the number of countries). ***, ** and * denote significance at the 1%, 5% and 10% levels, respectively.
4. DISCUSSION
The findings indicate that the relationship between the use of renewable energy in agriculture and sustainable development may vary depending on the model chosen. In the model in which only country-specific fixed effects were considered, a strong and positive relationship was found between the share of renewable energy in agriculture and the SDG index (coefficient: 1.306). However, when common-year effects were added to the model, this coefficient fell to 0.008 and lost its statistical significance. This finding is consistent with the two time series following a common trend throughout the 2003–2022 period: it suggests that energy transition policies, technological progress, the adoption of the SDGs and the global economic climate in the EU and neighbouring countries have influenced both indicators in the same direction. In this context, the concurrent increases in REN and the SDG index are not, on their own, sufficient to demonstrate a causal relationship. The concurrent increase in the use of renewable energy and in sustainable development indicators during the period 2003–2022 necessitates an assessment of the relationship between these two variables within the broader context of energy transition and policy. In the case of Türkiye, the Renewable Energy Resource Areas (YEKA) model, one of the mechanisms designed to encourage renewable energy investment, was given a regulatory framework through the Renewable Energy Resource Areas Regulation, published in the Official Gazette No. 29852 dated 9 October 2016 (Ministry of Energy and Natural Resources of the Republic of Türkiye, n.d.). The IPARD and Rural Development Investment Support Programmes are policy instruments that can support the development of renewable energy capacity and access to energy technologies in agricultural holdings. However, the increase in large-scale electricity generation investments and the rise in the use of renewable energy in agricultural production are distinct processes. Therefore, the effects of these policies on the use of renewable energy in agriculture and on sustainable development indicators must be examined separately, taking into account the dates of policy implementation and sectoral data. The simultaneous rise of both variables is not, in itself, sufficient to establish a direct causal relationship.

The direction of the relationship cannot be established directly. An inverse relationship is possible: countries with high SDG performance may have a greater capacity to invest in renewable energy in agriculture. Furthermore, the SDG index itself may include indicators relating to the share of renewable energy under SDG 7; as SDG 13 and SDG 15 are also linked to energy and land use, a relationship may exist between REN and the SDGs. The extent of this relationship cannot be determined without examining the index components, and analyses using target-based sub-indices may therefore be beneficial in future studies.
In the country-specific trend, first-difference and CCE models, the REN coefficient is positive and significant, ranging from 0.18 to 0.27. A common feature of these models is that they do not assume the common trend to be the same for all countries. Slope homogeneity tests indicate that, when the common factor is controlled for, the slope of REN does not differ across countries; any difference may lie in the response to common shocks. Therefore, the coefficient close to zero in the two-way fixed-effects model may stem less from the absence of a relationship than from misspecification of the common factor structure. In the model containing only lagged REN (M7), the relationship is insignificant when country-clustered standard errors are used. As regards the other independent variables, the coefficients for EXP and VAL are not significant in the two-way models. The negative coefficient for ln(VAL), however, is associated with reverse causality or structural phenomena such as the declining relative share of agriculture in developed countries.
In comparison with the literature, the theoretical expectation of a positive relationship between renewable energy and sustainability (Dinçer, 2000; Fuso Nerini et al., 2018; Gielen et al., 2019) is supported only in the country-fixed-effects model, whilst the relationship weakens or disappears when common-time effects and additional robustness controls are included. This suggests that caution is required when interpreting the results of panel studies that do not distinguish between cross-country and within-country co-variation.

5. CONCLUSION
In this study, the relationship between the share of renewable energy in agriculture and the SDG index for 17 countries over the period 2003–2022 was examined using panel data methods. In the model containing only country fixed effects, the REN coefficient is 1.306 and is highly statistically significant (H₀ is rejected). When common-year effects are included, the coefficient falls to 0.008 and loses its significance (H₀ cannot be rejected); 89 per cent of the within-country SDG variance and 74 per cent of the REN variance are explained by year dummies. Robustness analyses indicate that the relationship is model-dependent: whilst no relationship is found in models excluding ln(VAL) and Türkiye, a small positive coefficient (0.18–0.27) is observed in country-specific trend, first-difference and CCE models.

Considering the CCE estimator, which allows for different responses from countries to a common factor, the REN coefficient is around 0.26; it remains positive in the pooled, mean-group and exclusion specifications, and is found to be significant at the 5–10 per cent level. Slope homogeneity tests do not contradict the use of this estimator; however, two-way fixed effects have been retained as the baseline model, whilst the CCE has been treated as the main alternative. Accordingly, a one-point increase in the share of renewable energy in agriculture is observed to be associated with a difference of approximately a quarter of a point in the SDG score. Therefore, the results should be interpreted not as evidence of an independent and causal effect of renewable energy use in agriculture on overall SDG performance, but rather as a relationship that requires further investigation through more detailed sectoral indicators and policy assessments.

The following recommendations follow from these findings:
- No causal inference should be made that an increase in the share of renewable energy in agriculture will improve SDG performance; such a policy rationale is not supported by the findings of this study alone.
- Impact assessments to promote renewable energy in agriculture should be carried out using more direct outcome indicators (such as energy costs, emission intensity and farm income).
- For cross-country comparisons, the components of the SDG index directly related to energy should be separated.
- In countries such as Türkiye, the consistent and comparable publication of data on renewable energy in agriculture is important for monitoring purposes.

Limitations

This study has several limitations. The sample is limited to 17 countries and consists predominantly of European countries. As the number of clusters is small, the inferences are based on a combination of clustering and bootstrap methods. The SDG index is a composite measure and may include indicators that mechanically overlap with the REN. The model does not identify causal effects; reverse causality and unaccounted-for common factors cannot be ruled out. Furthermore, CIPS results are sensitive to model specification; consequently, the stationarity of the variables’ levels is not certain. As the observation period is only 20 years, the power of the slope homogeneity tests is limited, and the country-level estimates in the CCE-MG model are subject to significant uncertainty. Furthermore, as the theoretical properties of the CCE estimator were derived for large values of N and T, results based on N = 17 and T = 20 may be subject to small-sample bias. As the value-added variable (VAL) is measured in constant local currency, cross-country comparisons cannot be made and its coefficient cannot be interpreted as a cross-country measure; the REN coefficient, however, is not affected by this choice. Finally, variables such as the energy intensity of agriculture, policy instruments, institutional quality and national income level have not been included in the model. It is considered that studies incorporating these variables and examining target-based SDG sub-indices will make significant contributions to the literature.

The results suggest that, when the relationship between renewable energy in agriculture and the SDG score is examined whilst controlling for common-time effects, the relationship cannot be distinguished from zero; consequently, it may be more appropriate to assess the success of incentives using direct indicators such as the share of energy costs, emissions per unit of output, energy dependency and net farm income, rather than the overall SDG score. Furthermore, it appears that determining and monitoring renewable energy targets in agriculture by separating the common-time trend from the country-specific trend would enable a more accurate assessment of policies.
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