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Abstract 9 

Long-term agricultural productivity is shaped by technological and management 10 

improvements, while interannual variability is strongly influenced by climatic conditions. 11 

This study examines whether low-frequency variability associated with solar activity is 12 

detectable in long-term cereal yield records from Spain. Annual yield series for oats, barley, 13 

rye, and wheat covering 1961–2021 were normalized and analyzed alongside annual 14 

sunspot numbers. Long-term trends were separated from residual variability, and fast 15 

Fourier transform (FFT) spectral analysis and cross-correlation functions were used to 16 

investigate variability across different timescales. The results show substantial long-term 17 

increases in cereal yields, together with dominant interannual variability at approximately 18 

2–4 years and a broader quasi-decadal component within the 8–14-year range. Some 19 

spectral features overlap with the characteristic timescales of solar activity, suggesting a 20 

possible temporal association. However, the observed similarities do not establish a causal 21 

relationship or demonstrate a physical mechanism linking solar variability to agricultural 22 



production. A conceptual framework involving atmospheric circulation and hydroclimatic 23 

variability is proposed as a potential pathway through which low-frequency environmental 24 

signals could affect cereal yields. This mechanism remains to be tested using explicit 25 

climatic and hydrological variables. The findings therefore support further investigation of 26 

multiscale variability in agricultural productivity while emphasizing the need for robust 27 

statistical validation and independent evidence before attributing crop yield fluctuations to 28 

solar forcing. 29 

Keywords: Agricultural yield, Solar activity, North Atlantic Oscillation (NAO), 30 

Hydroclimatic mediation, Soil moisture memory, Time-series analysis  31 

Introduction 32 

Agricultural productivity variability arises from complex interactions among technological 33 

progress (Evans, 1980), management practices, and climate variability across multiple 34 

temporal scales (Chandio et al., 2022; Páscoa et al., 2017; and Pellegrini et al.,). Although 35 

long-term yield increases since the mid-twentieth century are largely explained by genetic 36 

improvement, fertilizer application, mechanization, and irrigation expansion (Spiertz, 2014; 37 

2022; Vitali et al., 2019), residual interannual variability remains heavily driven by climate 38 

dynamics (Kukal & Irmak, 2018; Sierra et al., 2015).  39 

It have been hypothesized that external climate forcing sources, including solar activity 40 

(Harrison Virden, 1976; Melnik & Drebot, 2019; Pustilnik & Yom Din, 2013), contribute to 41 

low-frequency variability in regional climate systems (Sierra et al., 2019, 2022, 2025a, 42 

2025b; Sierra-Figueredo et al., 2021, 2022; Tripathi et al., 2022; Lin et al., 2021). Solar 43 

variability is known to influence atmospheric dynamics (Mawad et al., 2022; Muthanna et 44 



al., 2016; Ormes, 2018; Sierra et al., 2017) through stratosphere-troposphere coupling and 45 

the modulation of large-scale circulation patterns (Lin et al., 2021). However, its influence 46 

on agricultural systems remains insufficiently quantified due to strong internal climate noise 47 

and pronounced anthropogenic trends (González-Hidalgo et al., 2022, 2024). Furthermore, 48 

potential ecological mechanisms such as insect-mediated pollination cannot be dismissed 49 

within the broader chain of phenomena influencing crop yield dynamics (Miñarro et al., 50 

2018; Sierra et al., 2015), as prior empirical evidence demonstrates a clear association 51 

between geomagnetic activity cycles and apicultural productivity over a span of two decades 52 

(Sierra et al., 2015).    53 

Rather than assuming a direct biophysical impulse, hypothesize a hydroclimatic mediation 54 

framework: low-frequency solar forcing modulates North Atlantic atmospheric pressure 55 

gradients (NAO), shifting winter storm tracks and driving multi-year soil moisture memory 56 

prior to spring grain filling. 57 

Spain serves as an ideal natural laboratory due to three key factors: strong dependence on 58 

winter precipitation for rainfed cereal production, high sensitivity to North Atlantic 59 

atmospheric circulation variability, and well-documented long-term agricultural 60 

modernization trends. This study evaluates whether quasi-decadal variability linked to solar 61 

activity is detectable within detrended Spanish cereal yield series.  62 

2. Materials and Data Sources 63 

2.1 Agricultural yield data 64 

Annual yield time series (1961–2021) for four major crops—oats (Avena sativa), barley 65 

(Hordeum vulgare), rye (Secale cereale), and wheat (Triticum aestivum)—were obtained 66 



from national statistical records (FAOSTAT, 2026; Shumway et al., 2017). All series 67 

represent national aggregate production and were normalized to unit scale (0 to 1) to 68 

eliminate dimensional differences and isolate relative variability, as illustrated in Fig. 1.  69 

 70 

Fig. 1 Annual yield graphs (normalized) over 60 years for the four cereal crops across Spain. Normalization 71 

was performed by dividing each series by its maximum value, resulting in values ranging from 0 to 1 for each 72 

series (Microcal Origin 6.0). Given the similarity in the trends of the four series, their average was calculated 73 

for trend analysis. 74 

 75 

The normalized quadratic trend (N) fitted to the mean of the four series yielded the 76 

following expression [Eq 1] where Yield time series (𝑌(ݐ)) were decomposed into a 77 

deterministic secular trend component (𝑌trend(ݐ)) and a stochastic residual component 78 

(𝑌residual(ݐ)):  79 

𝑌(ݐ) = 𝑌trend(ݐ) + 𝑌residual(ݐ)                                                                                            (݁1 ݍ) 80 



A quadratic trend model was fitted to the ensemble mean of the four normalized cereal 81 

yields (Eq 2), as shown in Fig. 2:  82 

ݕ = 5.13 × 2ݔ10−5 − ݔ0.1955 +  83 (2 ݍ݁)                                                                    186.36

The detrended series (sT ) were subsequently filtered using a 5-year moving average window 84 

to generate the normalized, detrended, and filtered series (NFsT) for spectral analysis. 85 

Augmented Dickey-Fuller (ADF) tests performed on the NFsT series confirmed stationarity 86 

(ADF=−6.03,p<0.0001). Consequently, Fast Fourier Transform (FFT) power spectral density 87 

calculations (Randall, 2008; Reddy, 1998) and cross-correlation functions were consistently 88 

based on this filtered NFsT series. 89 

 90 

 91 

Fig. 2 Mean yield of the four cereals, normalized, filtered, and with the fitted quadratic trend removed 92 

(NFsT). Fig. 1 demonstrates the strong similarity among the four graphs; therefore, the meaning is assumed to 93 

be representative of them. 94 

 95 

2.2 Solar activity indicator 96 



Solar activity (Arlt & Vaquero, 2020; Clette et al., 2007, 2014; Makarov, 1994; Wilson, 97 

1994) was represented by the annual Wolf Sunspot Number (WN) obtained from the WDC-98 

SILSO dataset.  The Wolf Number captures the primary 10–12 year solar activity cycle 99 

(Fig. 3).   100 

 101 

 Fig. 3 Annual average (normalized) of the Wolf Number (WN) from 1960 to 2021 (left) and its periodogram 102 

obtained via FFT (right), showing the prominent peaks that spectrally characterize solar activity. 103 

 104 

2.3 Methods 105 

To model atmospheric mediation, winter (December–March, DJFM) North Atlantic 106 

Oscillation (NAO) index series were compiled from the NOAA Climate Prediction Center 107 

(CPC) database for the 1961–2021 period. The DJFM NAO index was selected because 108 

winter atmospheric circulation over the North Atlantic dictates the spatial delivery of winter 109 

precipitation and subsequent soil moisture replenishment across dryland agricultural basins 110 

in mainland Spain. 111 

Building upon this framework, the detrended series (்ݏ) were subsequently filtered using a 112 

5-year moving average window to generate normalized, detrended, and filtered series 113 



 Fast Fourier Transform (FFT) power spectral density calculations (Randall, 2008; 114 .(ܶݏܨܰ)

Reddy, 1998) and cross-correlation functions were then executed using Microcal Origin 6.0 115 

to evaluate the multi-scale spectral properties and lagged system responses. 116 

The coupled system was modeled as a weakly forced stochastic cascade: 117 

 118 

Solar forcing → Atmospheric circulation → Hydroclimate → Soil moisture → Yield 119 

variability 120 

 121 

To evaluate the lagged response of rainfed agricultural systems to atmospheric circulation 122 

drivers, cross-correlation functions (CCF) were computed between the winter NAO index 123 

ݏܨܰ) and the detrended, filtered cereal yield ensemble mean (௧ܱܣܰ) ௧ܶ) (Eq 3): 124 

(݇)ܨܥܥ = ∑ (ே஺ை೟−ே஺ை̅̅ ̅̅ ̅̅ ̅)ಿ−ೖ೟=1 (ேி௦்೟+ೖ−ேி௦்̅̅ ̅̅ ̅̅ ̅̅ )√∑ (ே஺ை೟−ே஺ை̅̅ ̅̅ ̅̅ ̅)2೟ಿ=1 ∑ (ேி௦ ೟்−ேி௦்̅̅ ̅̅ ̅̅ ̅̅ )2೟ಿ=1  125 (3 ݍܧ)                                           

where ݇represents the lag time in years. Statistically significant cross-correlations (݌ <126 0.05) were evaluated against 95% confidence limits defined as ±2/√ܰ, where ܰ =127 61years. 128 

3. Results  129 

3.1 Long-term productivity trends 130 

All four cereals show strong long-term increases, particularly after 1980 and again after 131 

approximately 2000. This pattern is consistent with the phases of agricultural modernization 132 

(Clar Ernesto and Ayuda María I. 2023) during the study period. Fig. 1 shows that the long-133 

term yield trend is quasi-monotonically increasing, whereas Fig. 4C reveals multi-year 134 

cyclical behavior in the short term; this behavior mirrors and is in phase with the annual 135 

average precipitation shown in Fig. 4A, exhibiting fluctuations on the order of 10 to 12 years 136 



that closely align with solar activity cycles (Fig.. 4B), albeit with a marked phase lag in some 137 

instances. This implies that the years around 1980 and 2008 were generally characterized by 138 

wet seasons in Spain, whereas 1994 and the surrounding years saw a dry season—a contrast 139 

that does not appear to have had a notable impact on the yield curve. 140 

 141 

Fig. 4 Comparative panel of the annual cumulative rainfall regime (A), the WN solar index (B), and the curve 142 

of mean yield fluctuations for the four cereals studied (NFsT) (C). 143 

 144 

3.2 Interannual variability 145 

The dominant variability occurs in the 2-to-4-year range—consistent with internal climate 146 

variability influencing precipitation and temperature patterns, as evidenced by the obtained 147 

periodograms (Randall, 2008; Reddy, 1998)—while periods related to solar activity appear 148 



with significant power, including the 21.3-year cycle (the Sun's magnetic period; Makarov,  149 

1994) for oats and wheat (Fig. 5). Furthermore, Fig. 4A shows that years of severe drought 150 

correspond to peaks in yield decline, while rainy seasons align with yield increases; 151 

although a 3-to-4-year lag is observed during the 1980s, a strong correlation is generally 152 

evident over long periods, except in the 1960s, when this relationship appears inverted. 153 

 154 

Fig. 5 Periods (T) present in the normalized (N), detrended yield time series of the four cereals studied, 155 

obtained via FFT calculation (Microcal Origin 6.0). The most prominent peaks are labeled with the 156 

corresponding number of years. (T = 1/f) 157 

 158 

4.3 Quasi-decadal variability 159 



A variability band (~8–14 years) is detected in all cereal crops after removing the trend 160 

(Fig. 6). This component is not always present but persists over several decades; the 10- to 161 

11-year periods are characteristic of solar activity, a fact evidenced by both spectral 162 

analysis and cross-correlation between the four-yield series and the solar index W time 163 

series. This eleven-year cycle is also evident in the rainfall regime and the presence of "El 164 

Niño," in both the spectral analysis and the cross-correlation with WN. 165 

 166 

Fig. 6 Periodograms obtained via Fast Fourier Transform (FFT) of the normalized, filtered, and detrended 167 

(NFsT) time series. The most prominent period peaks for each case are indicated, specifically those around 168 

10–12 years and those around 3 years. 169 

 170 

3.4 Characteristics of the Coherence Between Solar Activity and Yield 171 



The temporal coherence between solar activity and agricultural yield variability displays 172 

three distinct structural properties:    173 

Intermittency: The coupling is non-continuous, appearing prominently during specific 174 

epochs while remaining subdued in others.    175 

Phase variability: The alignment between signals exhibits non-stationary phase shifts across 176 

decades.    177 

Episodic intensification: Signal strength increases markedly during specific multi-year 178 

intervals rather than maintaining uniform amplitude.    179 

This complex behavior is fully consistent with a weakly forced stochastic system operating 180 

under the strong imprint of internal climate variability. These dynamic patterns are explicitly 181 

detailed in Fig. 7, which illustrates the cross-correlation results (executed via Microcal Origin 182 

6.0) between the normalized, detrended, and filtered cereal yield series (NFsT) and the Wolf 183 

Number (WN) solar activity time series. 184 

 185 

Fig. 7 Result of the cross-correlation between each of the four yields (NFsT) and the solar activity time series 186 

(WN). The average duration of the cycle ranges between 10 and 12 years, as indicated below the graphs. 187 



4. Discussion  188 

4.1. Interpretation within climate system dynamics 189 

The potential association between solar activity and agricultural yield variability in Spain 190 

should be interpreted within the broader framework of climate system dynamics. Rather 191 

than exerting a direct influence on crop production, solar variability may be associated with 192 

changes in atmospheric circulation patterns that modulate precipitation distribution, 193 

temperature conditions, and the occurrence of droughts across the Iberian Peninsula. In this 194 

context, the identification of temporal synchronization between solar activity and 195 

agricultural performance would represent a potential statistical relationship whose physical 196 

interpretation requires further investigation. Previous research has explored associations 197 

between solar variability and hydrometeorological processes, including precipitation 198 

variability and extreme hydrological events, although the strength and mechanisms of these 199 

relationships remain dependent on the climatic region and the variables considered 200 

(Muthanna et al., 2016; Lin et al., 2021). 201 

The relevance of this potential connection is particularly evident in the Mediterranean 202 

climate, where agricultural production is strongly influenced by precipitation variability 203 

and the recurrence of drought conditions. Long-term precipitation records for mainland 204 

Spain reveal substantial temporal and seasonal variability, providing an important climatic 205 

context for interpreting fluctuations in agricultural productivity (González-Hidalgo et al., 206 

2022, 2024). Furthermore, the analysis conducted by Páscoa et al. (2017) demonstrated the 207 

importance of drought in explaining interannual wheat yield variability across the Iberian 208 

Peninsula. Consequently, any apparent correspondence between solar cycles and 209 



agricultural yields should be evaluated in relation to the climatic processes that directly 210 

affect crop growth, rather than interpreted as evidence of a direct solar effect. 211 

Research examining solar activity and agricultural production in other geographical 212 

contexts has also reported potential temporal associations between solar variability and 213 

crop performance (Harrison Virden, 1976; Melnik and Drebot, 2019; Sierra et al., 2025a). 214 

However, these findings do not establish a universal relationship or demonstrate that solar 215 

activity independently determines agricultural outcomes. Instead, they support the need to 216 

investigate whether low-frequency solar variability may coincide with climatic oscillations 217 

or other environmental processes that influence agricultural production. Establishing such a 218 

mechanism would require explicit examination of the intermediate atmospheric and 219 

hydrological variables involved. 220 

4.2. Role of soil moisture memory 221 

Soil moisture provides a plausible mechanism through which climatic variability may be 222 

translated into agricultural yield fluctuations over time. In Mediterranean agroecosystems, 223 

soil water availability reflects not only current precipitation but also antecedent rainfall, 224 

evaporative demand, soil properties, vegetation cover, and agricultural water management. 225 

These interacting processes can generate hydrological memory, whereby water deficits or 226 

surpluses persist beyond the meteorological conditions that initially produced them. 227 

Consequently, the effects of climatic variability on crop development may extend across 228 

successive growth stages, influencing biomass accumulation, reproductive development, 229 

and final yield. 230 



Evidence from the Iberian Peninsula supports the importance of drought conditions in 231 

explaining interannual wheat yield variability, highlighting the close relationship between 232 

water availability and agricultural performance (Páscoa et al., 2017). Similarly, studies in 233 

other agricultural regions have demonstrated that crop responses depend on drought 234 

characteristics and their interaction with production conditions, including fertilization 235 

practices (Pellegrini et al., 2022). These findings suggest that the effects of climatic 236 

variability on yields cannot be fully understood through contemporaneous precipitation 237 

alone, since the timing, duration, and persistence of water deficits may be equally 238 

important. 239 

Within this framework, soil moisture memory offers a plausible, although not yet 240 

demonstrated, explanation for the persistence of low-frequency signals in agricultural time 241 

series. If solar activity were associated with recurring climatic variations, their effects on 242 

precipitation and evaporative demand could potentially influence soil water availability 243 

and, subsequently, crop performance. Nevertheless, this interpretation remains hypothetical 244 

in the absence of explicit soil moisture, drought, and water-balance variables. Therefore, 245 

future investigations should examine whether soil moisture acts as an intermediary between 246 

climatic variability and agricultural yields and whether its persistence contributes to any 247 

observed synchronization between solar activity and crop production. 248 

4.3. Non-stationary coupling between solar activity and agricultural yield 249 

The relationship between solar activity and agricultural performance should not necessarily 250 

be expected to remain constant throughout the study period. Agricultural yields emerge 251 

from the interaction of climatic conditions, crop physiology, technological development, 252 

management practices, and socioeconomic factors. Accordingly, any statistical association 253 



between solar variability and agricultural production may change over time as the relative 254 

importance of these determinants evolves. Such non-stationarity is particularly relevant 255 

when analysing long-term agricultural records, because a relationship identified during one 256 

period may weaken, strengthen, or disappear under different environmental and production 257 

conditions. 258 

One important source of non-stationarity is internal climate variability, which can alter the 259 

relationship between large-scale atmospheric circulation, regional precipitation, and 260 

agricultural water availability. In the western Mediterranean, documented changes in 261 

seasonal precipitation provide evidence that the climatic conditions affecting crop 262 

production are not temporally uniform (González-Hidalgo et al., 2024). In addition, 263 

anthropogenic climate change may modify temperature regimes, evaporative demand, 264 

drought frequency, and the distribution of precipitation, thereby changing the 265 

environmental context in which crops respond to climatic variability. The combined 266 

influence of climate change and agricultural production conditions has been examined in 267 

different geographical settings, illustrating the need to consider multiple interacting drivers 268 

of yield variability (Kukal and Irmak, 2018; Chandio et al., 2022; Vitali et al., 2019). 269 

Agricultural modernization represents another important source of temporal change. In 270 

Spain, the transformation of rural economies and agricultural systems has altered 271 

production structures and farming practices over recent decades (Clar and Ayuda, 2023). 272 

Improvements in crop varieties, fertilization, mechanization, irrigation infrastructure, and 273 

other management practices can modify the sensitivity of yields to climatic fluctuations 274 

(Evans, 1980; Spiertz, 2014). Irrigation, in particular, may buffer the effects of precipitation 275 

deficits where sufficient water resources are available, although its effectiveness depends 276 



on water availability, infrastructure, and management. Consequently, the same climatic 277 

anomaly may produce different agricultural outcomes depending on the technological and 278 

institutional context in which it occurs. 279 

Biological factors may further contribute to this changing relationship. Crop yields depend 280 

on successful pollination, reproductive development, and the activity of pollinating insects, 281 

among other biological processes. Changes in pollinator abundance and diversity, together 282 

with environmental stress during critical developmental stages, may affect reproductive 283 

success and final production (Miñarro et al., 2018). These processes provide additional 284 

reasons why agricultural responses to climatic variability may differ among crops, regions, 285 

and periods. Thus, even if a recurring association between solar activity and crop yields 286 

were identified, its expression would likely depend on the combined effects of climate 287 

variability, agricultural adaptation, resource availability, and biological constraints. 288 

Taken together, these considerations suggest that potential solar–agricultural 289 

synchronization should be interpreted as a context-dependent relationship rather than a 290 

stable or universal mechanism. Previous investigations into the possible synchronization of 291 

solar activity and agricultural performance provide a basis for further comparative research 292 

(Sierra et al., 2025a; Sierra et al., 2025b). Nevertheless, determining whether such 293 

synchronization reflects a persistent physical connection, indirect climatic mediation, or 294 

coincidental correspondence between low-frequency time series requires additional 295 

statistical and mechanistic evidence. 296 

4.5. Limitations 297 



Several limitations should be considered when interpreting the results of this study. First, 298 

the use of nationally aggregated agricultural yield data may obscure substantial regional 299 

differences in climatic conditions, soil characteristics, crop distribution, and agricultural 300 

management. Spain encompasses contrasting climatic and agroecological environments, 301 

meaning that national averages may combine regions with different, or even opposing, 302 

responses to the same climatic fluctuations. Although long-term agricultural statistics 303 

provide a valuable basis for identifying broad temporal patterns (FAOSTAT, 2026), regional 304 

or provincial analyses would be necessary to determine the spatial consistency of any 305 

observed association. 306 

Second, the absence of explicit climate-mediating variables limits the ability to identify the 307 

physical processes underlying potential relationships between solar activity and agricultural 308 

yields. In particular, precipitation, temperature, soil moisture, drought indices, atmospheric 309 

circulation, and irrigation availability should be incorporated into future analyses. Long-310 

term precipitation datasets for mainland Spain provide relevant resources for this purpose 311 

(González-Hidalgo et al., 2022, 2024). Including these variables would help determine 312 

whether any statistical association between solar activity and agricultural performance is 313 

mediated by climate variability or instead reflects other temporal processes. 314 

Third, the use of sunspot number as a proxy for solar activity represents a simplification of 315 

the complex variability of the Sun and the broader space environment. Although sunspot 316 

records constitute an important resource for reconstructing historical solar variability, their 317 

interpretation requires attention to the homogenization and calibration of observations 318 

across different periods (Clette et al., 2007, 2014; Arlt and Vaquero, 2020). Furthermore, 319 

different solar and geomagnetic indicators represent distinct aspects of solar variability and 320 



may not exhibit equivalent relationships with terrestrial environmental processes. 321 

Therefore, comparisons involving alternative solar indices could help assess the robustness 322 

of the observed patterns. 323 

Finally, the application of linear spectral and correlation methods may not fully capture 324 

nonlinear relationships, time-varying associations, or interactions among multiple climatic 325 

and agricultural drivers. Spectral analysis is useful for identifying recurring periodic 326 

components in time series, but the presence of similar spectral peaks does not, by itself, 327 

establish synchronization, causality, or a shared physical mechanism (Randall, 2008; 328 

Reddy, 1998). Moreover, long-term trends and autocorrelation can affect the statistical 329 

interpretation of apparent periodicities. Future research should therefore incorporate 330 

appropriate time-series modelling and robustness tests, including the assessment of trends, 331 

serial dependence, and the statistical significance of detected periodic components 332 

(Shumway and Stoffer, 2017). Nonlinear and time-frequency approaches could provide 333 

additional insight into whether potential solar–agricultural associations persist across 334 

different periods and climatic conditions. 335 

Overall, these limitations indicate that the results should be interpreted as an initial 336 

contribution to understanding possible temporal associations between solar variability and 337 

agricultural performance in Spain. Establishing a robust physical interpretation will require 338 

integrating solar indicators with regional climate observations, hydrological information, 339 

biological processes, and changes in agricultural management. Such an approach would 340 

help distinguish statistical synchronization from physically meaningful relationships and 341 

clarify the extent to which solar variability contributes, directly or indirectly, to long-term 342 

agricultural yield variability. 343 



5. Conclusions 344 

Cereal productivity in Spain exhibits a multi-scale temporal variability structure resulting 345 

from the interaction of technological progress, climatic fluctuations, and potential low-346 

frequency environmental modulation. The long-term evolution of agricultural yields 347 

reflects the substantial influence of technological development and changes in agricultural 348 

management, while interannual variability remains strongly associated with fluctuations in 349 

climatic conditions, particularly those affecting water availability. In addition to these 350 

dominant components, the results suggest the presence of intermittent quasi-decadal 351 

modulation, indicating that lower-frequency signals may contribute to the temporal 352 

structure of agricultural productivity. However, the identification of such patterns does not, 353 

by itself, establish a causal relationship with a specific external forcing mechanism. 354 

Within this framework, solar variability may represent a weak external modulator of the 355 

hydroclimatic conditions affecting cereal production. Its potential influence would most 356 

plausibly operate indirectly, through possible changes in atmospheric circulation and 357 

precipitation variability, with subsequent effects on soil moisture availability and the 358 

hydrological memory of agroecosystems. These processes could contribute to the 359 

persistence or modulation of climatic signals affecting crop development and final yield. 360 

Nevertheless, the magnitude and consistency of this potential contribution are likely to 361 

depend on regional climatic conditions, crop characteristics, irrigation availability, 362 

agricultural management, and other environmental and biological factors, including insect 363 

pollination. 364 

The principal conclusion is that solar variability should not be regarded as a direct or 365 

dominant control of agricultural productivity in Spain. Rather, it may constitute one of 366 



several potential sources of low-frequency environmental modulation whose effects, if 367 

present, are conditioned by the interactions among the climate system, soil water dynamics, 368 

biological processes, and agricultural production systems. Consequently, the observed 369 

temporal patterns should be interpreted as evidence of potential variability at multiple 370 

timescales rather than as definitive proof of a causal solar influence on cereal yields. 371 

 372 

Future research integrating regional agricultural statistics, climatic and hydrological 373 

variables, biological indicators, and alternative measures of solar activity will be essential 374 

to evaluate the robustness of these associations and clarify the mechanisms involved. Such 375 

an integrated approach would help determine whether the detected quasi-decadal patterns 376 

represent persistent environmental signals, time-dependent statistical associations, or 377 

coincidental similarities among temporal processes. Ultimately, understanding the relative 378 

contribution of these interacting factors is essential for improving the interpretation of long-379 

term cereal yield variability and strengthening the scientific basis for agricultural adaptation 380 

under changing climatic conditions. 381 

Declarations 382 

 Ethics Approval: Ethics declaration: not applicable. This study relies exclusively on 383 

secondary, publicly available data and does not involve human participants, animal 384 

subjects, or sensitive personal data. 385 

Consent to Participate: Consent to Participate declaration: not applicable. 386 

 Funding: The authors declare that no external financial support was received for the 387 

research, preparation, or publication of this manuscript.  388 



 Conflict of Interest: The authors declare that they have no financial, personal, or 389 

professional conflicts of interest that could inappropriately influence or bias the content of 390 

this work.  391 

  Data Availability Statement: The agricultural yield datasets and solar activity series 392 

supporting the conclusions of this article are available in public repositories (FAOSTAT and 393 

WDC-SILSO). Supporting analytical data files are accessible upon reasonable request. 394 

Mendeley Data, V1, doi: 10.17632/7mm9sk4bs6.1 (Sierra Figueredo & Zúniga Gonzalez, 395 

2026).  396 

Author Contributions: PS-F: Conceptualization, Formal Analysis, Methodology, Writing 397 

– Original Draft. CZ-G: Conceptualization, Supervision, Formal Analysis, Writing – 398 

Review & Editing. PS-F; CZ-G: Investigation, Validation, Writing – Review & Editing.  399 

Generative AI Statement: The authors acknowledge the use of generative AI tools (such 400 

as language models) solely for editorial assistance, including English language polishing, 401 

grammatical review, and stylistic refinement. No AI tools were used in conception, data 402 

design, mathematical modeling, statistical analysis, or drawing of scientific conclusions. 403 

All factual content, data interpretation, and final text were critically reviewed and approved 404 

by the authors.  405 

References 406 

1. Arlt R, Vaquero JM (2020) Historical sunspot records. Living Rev Sol Phys 17:1. 407 

https://doi.org/10.1007/s41116-020-0023-y 408 

2. Chandio AA, Nasereldin YA, Anh DLT, Tang Y, Sargani GR, Zhang H (2022) The impact 409 

of technological progress and climate change on food crop production: Evidence from 410 

Sichuan—China. Int J Environ Res Public Health 19:9863. 411 

https://doi.org/10.3390/ijerph19169863 412 



3. Clar E, Ayuda MI (2023) Rural migration and agricultural modernization. An analysis of 413 

provincial Spain during its great rural exodus, 1960–1981. Hist Agrar 90:223–255. 414 

https://doi.org/10.26882/histagrar.090e07c 415 

4. Clette F, Berghmans D, Vanlommel P, Van der Linden RA, Koeckelenbergh A, Wauters L 416 

(2007) From the Wolf number to the International Sunspot Index: 25 years of SIDC. Adv 417 

Space Res 40:919–928. https://doi.org/10.1016/j.asr.2006.12.045 418 

5. Clette F, Svalgaard L, Vaquero JM, Cliver EW (2014) Revisiting the sunspot number: A 419 

400-year perspective on the solar cycle. Space Sci Rev 186:35–103. 420 

https://doi.org/10.1007/s11214-014-0074-2 421 

6. Evans LT (1980) The natural history of crop yield. Am Sci 68:388–397  422 

7. FAOSTAT (2026) Food and Agriculture Organization Corporate Statistical Database. Food 423 

and Agriculture Organization of the United Nations. http://www.fao.org/faostat 424 

8. González-Hidalgo JC, Beguería S, Peña-Angulo D, Trullenque-Blanco VM (2022) 425 

MOPREDAS_century database and precipitation trends in mainland Spain, 1916-2020. Int 426 

J Climatol 43:3828–3840. https://doi.org/10.1002/joc.8060 427 

9. González-Hidalgo JC, Trullenque-Blanco V, Beguería S, Peña-Angulo D (2024) Seasonal 428 

precipitation changes in the western Mediterranean Basin: The case of the Spanish 429 

mainland, 1916–2015. Int J Climatol 44:1800–1815. https://doi.org/10.1002/joc.8412 430 

10. Harrison Virden L (1976) Do sunspot cycles affect crop yields? Agric Econ Rep 327. 431 

Economic Research Service, U.S. Department of Agriculture. 432 

https://doi.org/10.22004/ag.econ.307575 433 

11. Kukal MS, Irmak S (2018) Climate-driven crop yield and yield variability and climate 434 

change impacts on the U.S. Great Plains agricultural production. Sci Rep 8:3450. 435 

https://doi.org/10.1038/s41598-018-21848-2 436 

12. Lin Z, Yanfeng L, Hongbin Z, Menggui J, Xing L (2021) Influence of solar activity and El 437 

Niño-Southern Oscillation on precipitation extremes, streamflow variability and flooding 438 

events in an aridsemiarid region of China. J Hydrol 601:126630. 439 

https://doi.org/10.1016/j.jhydrol.2021.126630 440 

13. Makarov VI (1994) Global magnetic activity in 22-year solar cycles. Sol Phys 150:359–441 

374. https://doi.org/10.1007/BF00712897 442 

14. Mawad R, Fathy M, Ghamry E (2022) The simultaneous influence of the solar wind and 443 

Earth’s magnetic field on the weather. Universe 8:424. 444 

https://doi.org/10.3390/universe8080424 445 

15. Melnik P, Drebot O (2019) Production of winter wheat in the phases of solar activity cycle. 446 

Sci Pap Ser Manag Econ Eng Agric Rural Dev 19:53–66  447 

16. Miñarro, M., García D., y Martínez-Sastren R. (2018). Los insectos polinizadores en la 448 

agricultura: importancia y gestión de su biodiversidad. Ecosistemas 27(2):81-90  449 

https://doi.org/10.7818/ECOS.1394 450 

17. Muthanna A, Al-Tameemi, Chukin V (2016) Global weather cycle and solar activity 451 

variations. J Atmos Sol-Terr Phys 142:55–59. https://doi.org/10.1016/j.jastp.2016.02.023 452 

18. Ormes JF (2018) Cosmic rays and climate. Adv Space Res 62:2881–2891. 453 

https://doi.org/10.1016/j.asr.2017.07.028 454 

19. Páscoa P, Gouveia CM, Russo A, Trigo RM (2017) The role of drought on wheat yield 455 

interannual variability in the Iberian Peninsula from 1929 to 2012. Int J Biometeorol 456 

61:439–451. https://doi.org/10.1007/s00484-016-1224-x 457 

20. Pellegrini P, Prado SA, Monzon JP, Oesterheld M, Sadras VO (2022) Spatial and temporal 458 

variation in drought types for wheat in Argentina and its association with actual yield and 459 

fertilization rate. Field Crops Res 280:108469. https://doi.org/10.1016/j.fcr.2022.108469 460 

21. Pustilnik L, Yom Din G (2013) On possible influence of space weather on agricultural 461 

markets: Necessary conditions and probable scenarios. Astrophys Bull 68:1–18. 462 

https://doi.org/10.1134/S1990341313010100 463 



22. Randall RB (2008) Spectral analysis and correlation. In: Handbook of signal processing in 464 

acoustics. Springer, New York, pp 33–52  465 

23. Reddy VU (1998) On fast Fourier transform: A popular tool for spectrum analysis. 466 

Resonance 3:79–88. https://doi.org/10.1007/BF02841425 467 

24. Spiertz Huub (2014) Agricultural sciences in transition from 1800 to 2020: Exploring 468 

knowledge and creating impact. Eur J Agron 59:96–106. 469 

https://doi.org/10.1016/j.eja.2014.06.001 470 

25. Shumway RH, Stoffer DS (2017) ARIMA models. In: Time series analysis and its 471 

applications: With R examples, 4th edn. Springer, New York, pp 75–163. 472 

https://doi.org/10.1007/978-3-319-52452-8 473 

26. Sierra Figueredo, P., Pérez Piñeiro, A. M., Durán Zarabozo, O., Castellanos-Pontenciano, 474 

B., & Zaldivar Cruz, J. M. (2015). Aspectos a valorar dentro de la bioeconomía y su 475 

sendero de eco – intensificación para el buen desempeño de la actividad apícola ante la 476 

variabilidad de la Actividad Solar y Geomagnética y los cambios climáticos. Revista 477 

Iberoamericana De bioeconomía Y Cambio climático, 1(1), 207–222. 478 

https://doi.org/10.5377/ribcc.v1i1.2149 479 

27. Sierra FP, Durán SO, Sol SA (2022) Agricultural yield in Cuba and its synchronism with 480 

Space Weather variables. Rev Iberoam Bioecon Cambio Clim 8:1822–1832. 481 

https://doi.org/10.5377/ribcc.v8i15.14296 482 

28. Sierra FP, Marinero E, Sol S (2017) Actividad solar y su asociación con el régimen de 483 

lluvias en El Salvador. Rev Iberoam Bioecon Cambio Clim 3:782–799. 484 

https://doi.org/10.5377/ribcc.v3i6.5948 485 

29. Sierra FP, Marinero E, Sol A, Zúniga-González C (2019) Cane sugar production in El 486 

Salvador and its relationship with the variability of solar and geomagnetic activity: An 487 

approach to bioeconomic and climate change. Rev Iberoam Bioecon Cambio Clim 5:1209–488 

1221. https://doi.org/10.5377/ribcc.v5i10.8946 489 

30. Sierra FP, Sol SA, Zúniga GCA (2025a) Evidence of synchronization between solar activity 490 

and agricultural performance in Germany. Front Agron 7:1704837. 491 

https://doi.org/10.3389/fagro.2025.1704837 492 

31. Sierra FP, Zúniga CAG, Sol AS (2025b) Exploración del sincronismo entre los ciclos 493 

undecenales de la actividad solar y el rendimiento agrícola para 6 países de la región 494 

centroamericana y el Caribe. In: Bioeconomía en Latinoamérica: Desafíos para la 495 

sostenibilidad y el desarrollo, Vol 3. Mentefactura bioeconómica  496 

32. Sierra-Figueredo P, Marinero-Orantes EA, Sol-Sánchez A, Zúniga-González CA (2021) 497 

Variabilidad de la producción cafetalera en El Salvador y su posible relación con el clima 498 

espacial. Rev Iberoam Bioecon Cambio Clim 7:1632–1643. 499 

https://doi.org/10.5377/ribcc.v7i14.12607 500 

33. Sierra-Figueredo P, Zúniga-González CA, Sol-Sánchez A, Durán-Zarboso O, Marinero-501 

Orantes EA (2022) Agricultural production in the United States and its synchronism with 502 

the cycles of solar activity. SSRN Scholarly Paper No. 4194204. 503 

https://doi.org/10.2139/ssrn.4194204 504 

34. Sierra Figueredo P, Zúniga-González CA (2026) Normalized Annual Cereal Yields and 505 

Solar-Climate Time Series Data for Spain (1961–2021). Mendeley Data, V1. 506 

https://doi.org/10.17632/7mm9sk4bs6.1 507 

35. Tripathi DK, Tripathi RP, Tripathi AK (2022) Influences of solar activity on food grains 508 

yield. In: Mitra M, Nasipuri M, Kanjilal MR (eds) Computational advancement in 509 

communication, circuits and systems. Springer, Singapore, pp 125–136. 510 

https://doi.org/10.1007/978-981-16-4035-3_13 511 

36. Vitali G, Rogosin S, Baldoni G (2019) Climate change and grain production fluctuations. 512 

PeerJ 7:e6436. https://doi.org/10.7717/peerj.6436 513 

37. Wilson PR (1994) Solar and stellar activity cycles. Cambridge University Press, Cambridge  514 



 515 



Supplementary Files

This is a list of supplementary files associated with this preprint. Click to download.

CodeR.docx

https://assets-eu.researchsquare.com/files/rs-11355274/v1/5db89678cea32d27df6ed1ec.docx


  Y  ( t )


  C C F  ( k ) =     ∑  t = 1  N − k   ( N A   O  t −   N A O - )  ( N F s   T  t + k −   N F s T - )     ∑  t = 1  N     ( N A   O  t −   N A O - ) 2   ∑  t = 1  N     ( N F s   T  t −   N F s T - ) 2                                                                                       ( E q   3 )


  k


  p < 0 . 05


  p < 0 . 05


  ± 2 /  N


  N = 61


  N = 61


    Y  trend  ( t )


    Y  residual  ( t )


  Y  ( t ) =   Y  trend  ( t ) +   Y  residual  ( t )                                                                                                                                                                                         ( e q   1 )


  y = 5 . 13 ×  10  − 5   x 2 − 0 . 1955 x + 186 . 36                                                                                                                                         ( e q   2 )


    s  T


  N F s T


  N A   O  t


  N F s   T  t

