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Abstract 14 

Long-term monitoring of actual evapotranspiration (ETa) is critical for assessing land–atmosphere 15 

water dynamics, yet optimizing monitoring networks requires a deeper understanding of spatial 16 

synchronization and predictive dependencies in water-limited environments. Utilizing GLEAM v4 17 

satellite-derived data (1980–2023), we propose an integrated trend–topology–directionality 18 

framework to assess ETa variability across Iran. By combining long-term trend detection, complex 19 

network analysis, and Granger causality, this approach evaluates spatial connectivity to inform the 20 

design and optimization of regional environmental monitoring systems. Trend assessments (–0.03 21 

to +0.13 mm/year) reveal rising ETa in the west/northwest and declines in the northeast, reflecting 22 

shifting hydroclimatic stress. Topological analysis of the spatial data exhibits a distinct core–23 

periphery structure; high-degree centrality (0.001–0.43) in the central plateau (e.g., Dasht-e Kavir, 24 

Dasht-e Lut) indicates a highly synchronized core sensitive to large-scale atmospheric 25 

perturbations. Betweenness centrality metrics (≤0.03) highlight northeastern and central-eastern 26 

zones as critical spatial bridges, identifying priority locations for continuous monitoring stations. 27 

Furthermore, Granger causality isolates the northeast as a predictive source region influencing 28 

central/southeastern follower zones. Validated via spatial bootstrapping (correlation: 0.064–0.57), 29 

this framework provides a scientific basis for optimizing monitoring networks. By identifying 30 

predictive source regions and transitional nodes, the methodology provides a transferable template 31 

for environmental risk assessment and adaptive water resource management in similar large-scale, 32 

water-limited environments. 33 

Keywords: actual evapotranspiration; complex network analysis; Granger causality; degree 34 

centrality; Eigenvector centrality. 35 
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Introduction 40 

 41 

Evapotranspiration is a key component of the terrestrial hydrological cycle and plays a decisive 42 

role in the exchange of water and energy between the land surface and the atmosphere. However, 43 

recent studies indicate that accurately quantifying evapotranspiration across different spatial and 44 

temporal scales remains challenging. These challenges mainly arise from the lack of continuous 45 

data, the limited spatial coverage of ground-based measurements, and the insufficient 46 

understanding of the physical processes governing evapotranspiration, including the response to 47 

CO₂, plant stomatal regulation, soil evaporation, and the relationship between temperature and heat 48 

fluxes (Yi et al., 2024). These limitations have hindered the achievement of a reliable 49 

understanding of evapotranspiration variations and dynamics at regional and global scales. 50 

The focus on actual evapotranspiration (ETa) is important because this variable directly reflects 51 

the real interactions among climatic conditions, soil moisture, and land surface cover. Studies have 52 

shown a significant divergence between trends in potential evapotranspiration (PET or ETo) and 53 

ETa, particularly in water-limited regions where ETa is strongly controlled by precipitation and 54 

soil moisture (Anabalón and Sharma, 2017). It has also been reported that the widening gap 55 

between PET and ETa in some energy-limited and water-limited regions indicates the role of 56 

controlling variables beyond mere atmospheric demand (Vinukollu et al., 2011; Anabalón and 57 

Sharma, 2017). Therefore, ETa is considered a more realistic indicator for analyzing hydroclimatic 58 

changes compared with ET0. 59 

Previous studies have mainly focused on estimating ET through remote sensing products, physical 60 

models, and multi-model approaches. Despite the development of multi-source datasets, studies 61 

indicate that substantial uncertainties still exist in ET estimation, particularly in transition zones 62 

between arid and humid climates and in monsoonal regions (Vinukollu et al., 2011). Investigations 63 

also suggest that the spatial heterogeneity and persistence of ET pose a more critical challenge 64 

than temporal variations (Ezenne et al., 2023). In response to these limitations, some studies have 65 

emphasized analyzing long-term mean spatial patterns of ET and have demonstrated that 66 

evaluating hydrological model performance based on ET spatial patterns can mitigate the 67 

deficiencies of time-series-based approaches (Stisen et al., 2021). In addition, novel frameworks 68 

based on complex networks have been introduced for analyzing interactions among hydrological 69 

variables, enabling the investigation of spatial linkages and the identification of moisture 70 

bottlenecks (Mondal and Mishra, 2024). Despite these advances, important limitations remain in 71 

understanding the in a broad spatial context organization of ETa dynamics, particularly in arid and 72 

semi-arid environments. Most previous studies have primarily focused on estimation accuracy, 73 

remote sensing evaluation, uncertainty analysis, and long term trend detection (Vinukollu et al., 74 

2011; Ezenne et al., 2023; Yi et al., 2024). Although these efforts have improved the understanding 75 

of evapotranspiration variability, ETa dynamics have largely been examined at pixel or basin scales 76 

rather than as components of interacting spatial systems. Consequently, the structure of spatial 77 

dependencies and regional interactions in ETa variability remains insufficiently explored. 78 
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At the same time, recent studies have highlighted the growing importance of network-based 79 

approaches for investigating large-scale hydrological interactions and hydroclimatic connectivity 80 

patterns (Donges et al., 2009; Mondal and Mishra, 2024). Nevertheless, the application of these 81 

frameworks to ETa dynamics remains limited, particularly at regional scales and in climate-82 

stressed dryland environments. Consequently, important questions remain insufficiently explored, 83 

including whether ETa variability forms coherent spatial interaction networks, which regions exert 84 

stronger structural influence within these networks, and how directional predictive relationships 85 

propagate across hydroclimatically connected regions. 86 

Addressing these gaps is particularly important for Iran, where pronounced climatic gradients, 87 

recurrent drought, uneven precipitation distribution, and severe water stress create highly 88 

heterogeneous hydroclimatic conditions. Although several studies have investigated 89 

evapotranspiration trends and spatial variability in Iran (Raziei and Pereira, 2013; Tabari et al., 90 

2012; Pourmansouri et al., 2020), a comprehensive network-oriented assessment of ETa 91 

organization and directional dependency structures at the national scale remains largely 92 

unavailable. 93 

This study presents an integrated framework for analyzing ETa dynamics by combining spatial 94 

correlation networks, centrality analysis, Granger based directional dependence, and bootstrap 95 

validation. Unlike conventional pixel based approaches, this framework examines ETa as a 96 

spatially connected system and identifies regions that play an important role in shaping broader 97 

patterns of variability. The framework is applied to long term GLEAM v4 data over Iran, which 98 

includes a wide range of hydroclimatic conditions, from hyper arid interior regions to humid 99 

coastal and mountainous areas. This diversity makes Iran a suitable setting for evaluating the 100 

performance of the framework across contrasting environmental conditions. Beyond its relevance 101 

to Iran, the proposed approach can also support ETa assessments in other regions with complex 102 

climatic and geographic settings. 103 

Data and Methods 104 

Study Area 105 

Iran, located in southwestern Asia (25–40°N, 44–63°E), predominantly falls within arid and semi-106 

arid climate zones (Alizadeh, 2009). The country’s complex topography, particularly the Alborz 107 

and Zagros mountain ranges, generates highly variable precipitation patterns, resulting in humid 108 

regions along the Caspian Sea coasts and the Zagros foothills, while the central plateau and eastern 109 

deserts experience hyper-arid conditions (Fig. 1). The coastal areas along the Persian Gulf and the 110 

Gulf of Oman also exhibit high humidity and extreme temperatures, yet receive limited rainfall 111 

(Kamali et al., 2020; Namroodi et al., 2021). According to the Iranian Meteorological 112 

Organization’s annual report (2022), the average ETa across the country is approximately 2.7 times 113 

the global mean, reaching up to five times the global average in desert and hyper-arid regions. 114 

Although minor discrepancies in reported rates may arise from differences in methodology, 115 

selected indices, or temporal data coverage, all reliable sources emphasize Iran’s exceptionally 116 
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high evapotranspiration and its critical role in exacerbating water scarcity. This is particularly 117 

significant in Iran’s arid and semi-arid regions, where ETa rates range between 2.7–5 times the 118 

global average. The country’s steep climatic gradients—from the humid Caspian lowlands to 119 

hyper-arid deserts—combined with complex topography and variable precipitation, highlight the 120 

necessity of functional zoning based on Eta . 121 

. 122 

Fig 1. Spatial distribution of long-term mean annual ETa across Iran (mm yr⁻¹) 123 

 124 
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Data 125 

In this study, we used GLEAM v4 as the main source of evapotranspiration data. This dataset 126 

provides annual ETa estimates from 1980 to 2023 at a spatial resolution of 0.1° over global land 127 

areas. The annual time scale was selected to reduce seasonal noise and emphasize long term 128 

variability in terrestrial water fluxes. GLEAM v4 combines physically based modeling with 129 

constraints from eddy covariance and sap flow observations, which improves the estimation of 130 

ETa and evaporative stress. The dataset also includes related variables such as transpiration, soil 131 

evaporation, interception loss, soil moisture, potential evapotranspiration, sensible heat flux, and 132 

evaporative stress. Previous studies have reported good agreement between GLEAM v4 and in 133 

situ observations, with median correlation coefficients ranging from 0.73 to 0.95, a Kling Gupta 134 

Efficiency of 0.49 across 473 global flux tower sites, and an RMSE of 0.95 mm day-1 (Miralles 135 

et al., 2025). It has also outperformed MOD16 and LSA SAF in several regional evaluations (Guo 136 

et al., 2022; Martens et al., 2018). Compared with version 3, the updated GLEAM v4 framework 137 

has reduced errors in evaporative stress estimates by about 15 to 20 percent (Miralles et al., 2025). 138 

Analytical framework 139 

To investigate the spatiotemporal organization of ETa across Iran, this study developed an 140 

integrated analytical framework that combines spatial correlation networks, graph-theoretic 141 

metrics, Granger causality analysis, and bootstrap-based validation. The approach was designed 142 

to identify dominant spatial interaction structures, distinguish influential and peripheral ETa 143 

pixels, and evaluate whether the inferred network relationships are temporally robust and 144 

statistically meaningful. The workflow consisted of five main stages: 145 

1. Preparation of pixel-wise ETa time series and geographic coordinates; 146 

2. Construction of a spatial ETa network based on pairwise temporal correlation; 147 

3. Extraction of centrality-based network descriptors; 148 

4. Identification of directional relationships using Granger causality; and 149 

5. Validation through bootstrap resampling, null-model comparison, and time-split causality 150 

testing. 151 

This framework draws conceptually on complex network analysis in geosciences and hydrology, 152 

where spatially distributed environmental variables are represented as nodes connected through 153 
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statistically significant similarity or dependency relationships (Tsonis and Roebber, 2004; Donges 154 

et al., 2009; Boccaletti et al., 2006; Barabási, 2016). 155 

The input dataset was organized in tabular form, where each row represented a spatial pixel and 156 

the columns contained: longitude, latitude, and a sequence of ETa observations through time. ETa 157 

data were obtained from the GLEAM v4 product for the period 1980–2023 at a spatial resolution 158 

of 0.1∘over Iran. The dataset was organized as a pixel-by-time matrix, as defined in Eq. (1): 159 X = [௜,௧ݔ] ∈ ℝே×் , (1) 160 

where ݔ௜,௧denotes the ETa value of pixel ݅at time ݐ, ܰis the total number of valid pixels, and ܶis 161 

the number of annual observations. For the present study period, ܶ = 44. 162 

To remove the effect of differences in absolute ETa magnitude among pixels and emphasize 163 

temporal co-variability, each pixel-wise time series was first mean-centered according to Eq. (2): 164 

௜,௧ݔ̃ = ௜,௧ݔ − ,௜ݔ̄ ௜ݔ̄ = 1ܶ ∑ ௜,௧்ݔ
௧=1 , (2) 165 

where ̄ݔ௜is the temporal mean ETa of pixel ݅. The centered series was then normalized using Eq. 166 

(3): 167 

௜,௧ݖ = ∑√௜,௧ݔ̃ ௜,௧2௧்=1ݔ̃ + ߝ , ߝ = 10−9. (3)
 168 

As obtained from Eq. (3), each time series was transformed into a unit-length vector, thereby 169 

allowing pairwise similarity estimates to reflect temporal behavior rather than absolute ETa values. 170 

The similarity between pixels ݅ and ݆ was quantified using the Pearson correlation coefficient, which 171 

was calculated from the normalized ETa series according to Eq. (4): 172 

௜௝ݎ = ∑ ௜,௧்ݖ
௧=1 .௝,௧ݖ                                        (4) 173 

By applying Eq. (4) to all pixel pairs, a symmetric correlation matrix was obtained, as expressed 174 

in Eq. (5): 175 
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R = [௜௝ݎ] ∈ ℝே×ே . (5) 176 

The ETa interaction network was then constructed by thresholding the correlation matrix. 177 

Specifically, the adjacency matrix Awas derived from Eq. (6) using an absolute correlation 178 

threshold of ߬ = 0.70: 179 

ܽ௜௝ = {1, if ∣ ௜௝ݎ ∣> 0.70 and ݅ ≠ ݆,0, otherwise. (6) 180 

According to Eq. (6), two pixels were connected only when their temporal ETa association 181 

exceeded the selected threshold, while self-links were excluded by setting ܽ௜௜ = 0. The threshold 182 

value of |߬| = 0.70 was selected to retain relatively strong positive or negative temporal 183 

dependencies while avoiding excessive network densification caused by weak correlations. 184 

Threshold-based correlation filtering is widely used in climate and hydroclimatic network studies 185 

to emphasize robust interaction structures and suppress potentially noisy or spurious links (Tsonis 186 

and Roebber, 2004; Donges et al., 2009). To evaluate the sensitivity of the resulting topology to 187 

threshold selection, additional networks were also constructed using |߬| = 0.60 and |߬| = 0.80. The 188 

major spatial connectivity patterns and dominant centrality structures remained qualitatively 189 

consistent across thresholds, indicating that the inferred ETa interaction architecture is reasonably 190 

robust to moderate threshold variations. 191 

The structural role of each node in the ETa network was characterized using four standard 192 

centrality measures. Degree centrality was calculated according to Eq. (7): 193 

(݅)஽ܥ = ݇௜ܰ − 1 , ݇௜ = ∑ ܽ௜௝ே
௝=1 , (7) 194 

where ݇௜, as obtained from Eq. (7), represents the number of direct links connected to node ݅. 195 

Betweenness centrality was then computed from Eq. (8): 196 

(݅)஻ܥ = ∑ ௦௧௦≠௜≠௧ߪ(݅)௦௧ߪ ,                     (8) 198 

 197 
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where ߪ௦௧denotes the total number of shortest paths between nodes ݏand ݐ, and ߪ௦௧(݅)is the number 199 

of those paths passing through node ݅. Closeness centrality was derived according to Eq. (9): 200 

(݅)஼ܥ = ܰ − 1∑ ݀(݅, ݆)௝≠௜ , (9) 201 

where ݀(݅, ݆)is the shortest-path distance between nodes ݅and ݆. In addition, eigenvector centrality 202 

was obtained by solving the eigenvalue problem in Eq. (10): 203 Ac = ,cߣ                          (10) 204 

where ߣis the dominant eigenvalue and cis the corresponding eigenvector. 205 

Based on the centrality measures obtained from Eqs. (7)– (10), each pixel was assigned a relative 206 

structural role within the ETa network. For descriptive interpretation, nodes with both degree and 207 

betweenness centrality above the 75th percentile were classified as structurally influential, whereas 208 

those with both metrics below the 25th percentile were classified as structurally peripheral. This 209 

categorization was intended to describe topological prominence only and was not interpreted as 210 

direct physical causality. Because the correlation network defined by Eq. (6) is undirected and 211 

therefore cannot represent directional dependence, pairwise Granger causality analysis was 212 

additionally applied to the annual ETa series. For each ordered pair of pixels (݆, ݅), a bivariate 213 

autoregressive framework with a maximum lag of ݌ = 2years was used. The restricted model is 214 

given in Eq. (11): 215 

(ݐ)௜ݔ = ∑ ௠௣ߙ
௠=1 ݐ)௜ݔ − ݉) + ߳௧, (11) 216 

whereas the unrestricted model is defined in Eq. (12): 217 

(ݐ)௜ݔ = ∑ ௠௣ߙ
௠=1 ݐ)௜ݔ − ݉) + ∑ ௠௣ߚ

௠=1 ݐ)௝ݔ − ݉) + ௧ߟ . (12) 219 

 218 

The null hypothesis of no directional predictive influence was formulated according to Eq. (13): 220 0ܪ: 1ߚ = 2ߚ = ⋯ = ௣ߚ = 0. (13) 221 
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Based on the comparison between Eqs. (11) and (12), a directed edge ݆ → ݅was retained when the 222 

corresponding F-test indicated statistical significance at ݌ < 0.05. For each node, the number of 223 

outgoing and incoming significant causal links was then summarized as ܩout(݅)and ܩin(݅), and the 224 

net directional score was obtained from Eq. (14): 225 ܩnet(݅) = (݅)outܩ − .(݅)inܩ (14) 226 

As indicated by Eq. (14), positive values of ܩnet(݅)correspond to relatively stronger source-like 227 

behavior, whereas negative values indicate relatively stronger receiver-like behavior. These values 228 

were subsequently normalized to the interval [0, 1]to enable integration with the bootstrap-derived 229 

stability metric.  It should be noted that Granger causality does not imply direct physical causation; 230 

rather, it identifies statistically significant directional predictive dependencies between time series 231 

(Granger, 1969). Therefore, the inferred relationships in this study are interpreted as indicators of 232 

directional propagation structure and predictive influence within the ETa network rather than 233 

deterministic physical causality. 234 

Bootstrap validation  235 

To assess the robustness of the ETa network, a bootstrap resampling procedure with a sample size 236 

of B = 100 iterations was performed. In each iteration, pixels were resampled with replacement, 237 

the ETa matrix was re-normalized following Eqs. (2) and (3), and the network was reconstructed 238 

according to Eq. (6). The variability of node degree across bootstrap realizations was then 239 

quantified, and the degree-stability score was computed using Eq. (15): 240 

ܵ஽(݅) = 1 − (௞ߪ)௞(݅)maxߪ + ߝ . (15) 241 

According to Eq. (15), larger values of ܵ஽(݅), indicate greater topological stability, whereas lower 242 

values reflect stronger sensitivity to resampling. 243 

To jointly evaluate structural persistence and directional prominence, a composite validation index 244 

was defined based on Eq. (16): 245 ܸ(݅) = 0.5 ܵ஽(݅) + ,(݅)normܩ 0.5 (16) 247 

 246 
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where ܩnorm(݅)denotes the normalized directional score derived from Eq. (14). As obtained from 248 

Eq. (16), the validation index combines node-level stability and directional centrality with equal 249 

weights. In the present study, the resulting values ranged from 0.064 to 0.57, indicating substantial 250 

spatial heterogeneity in the robustness of ETa network nodes across Iran.Based on the values 251 

derived from Eq. (16), three broad classes of network validity were identified: high-validity nodes, 252 

intermediate-validity nodes, and low-validity nodes. These classes were used to interpret the 253 

spatial distribution of topological robustness and causal prominence at the national scale. To 254 

determine whether the network obtained from Eq. (6) departed from random organization, the 255 

observed ETa graph was compared with configuration-model null networks that preserve the 256 

empirical degree distribution while randomizing edge placement. In this step, network density and 257 

the clustering coefficient were compared against their null expectations. 258 

In addition, the temporal persistence of the directional links derived from Eqs. (11)–(14) was 259 

examined by splitting the 44-year record into two equal sub-periods and repeating the Granger 260 

causality analysis independently for each half, using the same lag order (݌ = 2) and significance 261 

threshold (݌ < 0.05). A directional relationship was considered temporally robust only when it 262 

remained significant in both periods. 263 

Results and Discussion 264 

The spatiotemporal analysis of ETa across Iran shows that the trend slope during the study period 265 

varied between –0.03 and +0.13, indicating considerable spatial variability throughout the country. 266 

This pattern highlights the complex influence of climate, topography, vegetation cover, and 267 

precipitation on ETa dynamics. Areas with increasing ETa trends, shown in blue on the map, are 268 

mainly concentrated in western and northwestern Iran. The strongest positive trends were observed 269 

in Kurdistan, West Azerbaijan, East Azerbaijan, and parts of Zanjan and Hamadan, where slope 270 

values reached +0.13, indicating a significant increase in ETa over time. Additional scattered areas 271 

of increasing trends were also identified in Lorestan, Ilam, and parts of Chaharmahal and Bakhtiari, 272 

which may be related to local topographic and vegetation conditions. In contrast, negative ETa 273 

trends, illustrated by red to dark orange colors, were mainly found in northeastern Iran, particularly 274 

in Golestan and North Khorasan, where slope values decreased to –0.03. This indicates a gradual 275 

decline in ETa in these regions during the study period. Smaller areas with declining trends were 276 

also detected in some central and southern provinces, possibly reflecting local water limitations or 277 

microclimatic changes. Meanwhile, large parts of the Central Plateau, including Yazd, Kerman, 278 

and Semnan, as well as eastern provinces such as Sistan and Baluchestan and South Khorasan, 279 

showed near-zero slopes. These areas, represented by yellow to light orange tones, did not exhibit 280 

statistically significant temporal changes in ETa, suggesting that fluctuations remained limited and 281 
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largely within the range of natural year-to-year variability. Overall, the results reveal a clear 282 

spatially heterogeneous pattern of ETa change across Iran. Mountainous regions in the west, 283 

northwest, and parts of the south generally experienced increasing ETa, whereas the north and 284 

northeast showed notable declines. In contrast, the Central Plateau remained relatively stable (Fig. 285 

2). These differences reflect Iran’s strong climatic gradients, uneven precipitation distribution, 286 

varied topography, and diverse vegetation cover, and highlighting the importance of considering 287 

regional conditions when planning for water resources, agriculture, and ecosystem management. 288 

 289 

 290 

Fig 2. Spatial trends of ETa in Iran, showing increases in the west/northwest and decreases or stable values in 291 

the northeast and central plateau. 292 

The spatial distribution of degree centrality in the ETa correlation network across Iran ranges from 293 

0.001 to 0.43 (Fig. 3). The network is not uniform; instead, it exhibits a non-random spatial 294 

structure with clear clusters of high and low connectivity. High degree centrality values are 295 

concentrated in the central and eastern interior, including the Central Plateau, Dasht-e Kavir, 296 

Dasht-e Lut, and parts of eastern Isfahan, Yazd, Kerman, South Khorasan, and Sistan and 297 

Baluchestan. These areas form dense hubs where ETa fluctuations are strongly linked across large 298 

spatial extents. 299 
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Conversely, low degree centrality values are observed in the northern regions, parts of the central 300 

area near Namak Lake, and the southwest and southern coastal belts. This includes the Caspian 301 

littoral, the Alborz and Zagros highlands, and the Persian Gulf and Oman Sea coasts (Hormozgan 302 

and Bushehr). In these regions, degree centrality is lower, indicating a more fragmented pattern of 303 

connectivity between pixels compared to the interior drylands. From a network topology 304 

perspective, the degree centrality values follow a spatial gradient that mirrors Iran’s aridity 305 

patterns, with higher connectivity in the central/eastern zones and lower connectivity in the 306 

mountainous and humid peripheries. The high-degree hubs function primarily as local clusters of 307 

synchronous ETa behavior rather than bridging nodes between different regions of the country. 308 

This results in a core-periphery structure, where the arid central core maintains strong internal 309 

connectivity, while the more humid northern, western, and southern peripheries display weaker 310 

and more heterogeneous link patterns. 311 

 312 

 313 

Fig3. Spatial distribution of Degree Centrality in Iran’s ETa correlation network, highlighting highly 314 

connected hubs in the central and eastern dry regions and lower connectivity in the northern and western 315 

areas. 316 

The spatial distribution of betweenness centrality reveals significant heterogeneity in connectivity 317 

across Iran’s ETa network (Fig. 4). Betweenness values range from nearly 0 to 0.03, highlighting 318 

a stark contrast between nodal roles in the network. High betweenness centrality values 319 

(approaching 0.03) are primarily concentrated in the eastern and east-central parts of Iran. Notable 320 
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clusters are located in Khorasan Razavi, South Khorasan, southern Kerman, and sections of the 321 

Fars and Khuzestan provinces, as well as the Kohgiluyeh and Boyer-Ahmad mountains. These 322 

regions act as the primary bridges or bottlenecks within the network, connecting distinct ETa 323 

clusters across the country. In contrast, low betweenness centrality values—often near zero—cover 324 

large portions of the network. This includes northwestern Iran (Eastern and Western Azerbaijan, 325 

Kurdistan, Kermanshah, and Ilam), parts of the central plateau, the Caspian coastal provinces 326 

(Guilan and Mazandaran), the southern coastal strips, and southeastern Iran (Sistan and 327 

Baluchestan). In these regions, pixels exhibit minimal role in interregional connectivity, as ETa 328 

dynamics are characterized by more localized patterns rather than broad network linkages. 329 

 330 

Fig. 4. Spatial distribution of betweenness centrality in Iran’s ETa network. 331 

The spatial distribution of closeness centrality in the ETa network shows a clear gradient, with 332 

values ranging from near 0 to 0.53 (Fig. 5). The highest closeness values, typically exceeding 333 

0.44 (dark blue clusters), are concentrated across central and eastern Iran, including the Central 334 

Plateau, the Dasht-e Kavir and Lut deserts, and the eastern provinces of Razavi Khorasan, South 335 

Khorasan, and Yazd. High values also extend into the southern Zagros margins and parts of Isfahan 336 

and Kerman. These elevated values indicate that ETa fluctuations in the central core can propagate 337 

more efficiently to the rest of the network due to shorter correlation paths. In contrast, the lowest 338 

closeness centrality values (below 0.20, shown in red and orange) are predominantly located in the 339 



14 

 

northern and northwestern peripheries, including the Azerbaijan provinces, Kurdistan, and the 340 

Caspian littoral (Guilan and Mazandaran). Similarly, low values are observed in the southeastern 341 

corner, specifically in parts of Sistan and Baluchestan and along the Makran coast. The lower 342 

values in these regions suggest that ETa anomalies are more isolated and require longer or more 343 

complex correlation paths to interact with the broader national network. The spatial organization 344 

of closeness centrality follows a core-periphery pattern, declining from the central interior toward 345 

the northern, western, and southeastern margins. While betweenness centrality identifies specific 346 

bridging bottlenecks, the closeness centrality map highlights the central arid and semi-arid interior 347 

as the functional core of the network, characterized by high connectivity and rapid signal diffusion. 348 

 349 

Fig. 5. Spatial distribution of closeness centrality in Iran’s ETa network . 350 

Spatial distribution of Granger centrality in the ETa network as the difference between the output 351 

and input causal links shows that the Granger centrality values range from 0.01 to 0.99, all of 352 

which are positive, with a color gradient from dark red (low values ~0.01) to dark blue (high values 353 

~0.99) and most pixels are shown in light gray/green (medium values ~0.44–0.59). Strong drivers 354 

(dark blue, GC ~0.7–0.99) are mainly concentrated in northeastern Iran (Khorasan Razavi and 355 

Shomali) with scattered patches in Fars and central regions, acting as regions with stronger 356 

directional predictive influence where ETa changes strongly predict changes in other locations in 357 

the network. The follower/highly influenced regions (red/orange, GC ~0.01–0.34) are 358 
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concentrated in South Khorasan, Kerman, Yazd, and parts of Fars, which have low predictive 359 

power and are largely influenced by other nodes. The intermediate/mediator regions (gray/light 360 

green, GC ~0.39–0.64) cover most of western, northwestern, and southwestern Iran and large areas 361 

of the center and act neither as strong drivers nor as pure followers, but rather as transmitters or 362 

moderators in the directional dependency structure (Fig. 6). The directional causality pattern 363 

indicates a dominant flow from the northeast to the center, south, and southeast of Iran, with ETa 364 

fluctuations in the northeastern drivers predicting changes in the central and eastern dry regions of 365 

the follower, reflecting intra-country teleconnections in the Iranian hydrological cycle. 366 

Hydrological implications include that the northeastern regions act as early warning points for ETa 367 

changes in the central and eastern drylands, the central-eastern and southeastern follower regions 368 

are highly sensitive to driving disturbances with potentially rapid impacts on the water balance, 369 

and the midwestern/northwestern GC regions are less integrated into a strong directional 370 

dependency structure, indicating the dominance of local processes and relative independence. 371 

Unlike other network measures such as betweenness centrality that highlight bridging roles, 372 

Granger centrality demonstrates directional and predictive power, highlighting northeastern Iran 373 

as the main region exhibiting stronger predictive influence in the ETa network. These directional 374 

relationships should be interpreted as statistical predictive dependencies rather than deterministic 375 

physical causality. 376 

 377 

Fig. 6. Spatial distribution of Granger Centrality in Iran’s ETa network, highlighting northeastern regions as 378 

key drivers influencing central and southeastern areas, while central-western and southern regions act as 379 

followers or neutral zones. 380 
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 381 

The spatial pattern of eigenvector centrality in the Iranian ETa correlation network exhibits a a 382 

distinct spatial structure, with values ranging from 0 to 0.067 (Fig. 7). High centrality values 383 

between 0.05 and 0.067 form a broad and spatially coherent core across central and eastern Iran. 384 

This core encompasses the Central Plateau, the Dasht e Kavir, the Dasht e Lut, and extensive areas 385 

of Yazd, South Khorasan, Kerman, and western Sistan and Baluchestan. The highest values are 386 

concentrated within the hyper arid interior basins, particularly the southern Dasht e Kavir and 387 

northern Dasht e Lut, where centrality approaches the upper bound of the distribution. Surrounding 388 

this core, moderately high values between approximately 0.03 and 0.05 extend into eastern Isfahan, 389 

northern Fars, Semnan, and parts of Markazi, forming a transitional belt rather than isolated 390 

clusters. In contrast, the lowest eigenvector centrality values below 0.01 are confined to peripheral 391 

regions in the northwest and southeast. In the northwest, very low values dominate West and East 392 

Azerbaijan, Ardabil, much of Kurdistan, and northern sectors of Zanjan and Gilan. These areas 393 

correspond to the complex topography of the Alborz and Zagros headwaters and the Caspian 394 

coastal zone. A comparable low centrality domain is observed in southern Sistan and Baluchestan, 395 

the Makran coastal plain, and eastern Hormozgan, where values remain close to zero. A smaller 396 

zone of reduced centrality is also present over the central Zagros highlands, including 397 

Chaharmahal and Bakhtiari and adjacent parts of Khuzestan. Between the central high value core 398 

and the peripheral low value domains, eigenvector centrality declines along distinct spatial 399 

gradients. The transition is particularly sharp along the northern margin of the Central Plateau, 400 

where values decrease rapidly toward the southern Caspian drainage divide. A more gradual 401 

gradient characterizes the southeastern transition from the Makran coast toward the Lut interior. 402 

Across the western Zagros arc, values generally fall within an intermediate range between 0.01 403 

and 0.03, indicating neither core dominance nor marginal isolation. Northeastern provinces, 404 

including Razavi and North Khorasan, display moderate centrality levels that contrast with the 405 

persistently low values in the northwest. Isolated pockets of locally elevated centrality are 406 

detectable in the Bushehr coastal plain and the Jazmurian basin, suggesting secondary zones of 407 

network influence outside the principal interior core. 408 

 409 
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 410 

Fig 7. Eigenvector centrality of the ETa correlation network, High centrality dominates central/eastern Iran; 411 

low values cluster in the northwest and southeast. 412 

 413 

Validation 414 

The composite validation map reveals marked spatial variation in the robustness of the ETa 415 

network across Iran. Values range from 0.064 to 0.57, indicating that network stability is not 416 

spatially uniform (Fig. 8). Because this metric combines node degree stability from spatial 417 

bootstrapping with normalized Granger causal centrality, higher values identify areas where 418 

network topology remains persistent and directional interactions are more consistently supported. 419 

The map therefore reflects the reliability of the inferred network structure rather than simple 420 

association strength. The highest values occur in eastern and southern Khorasan, with smaller 421 

clusters in northern Yazd and parts of Fars Province. The spatial coherence of these zones suggests 422 

that ETa interactions are organized around stable and spatially consistent controls. In such regions, 423 

connectivity patterns remain largely preserved under resampling, which points to robust structural 424 

roles within the national network. These areas can therefore be interpreted as regions where both 425 

topological persistence and causal influence are comparatively strong. Intermediate values 426 

dominate much of the central plateau and extend into parts of northern and southern Iran. This 427 

pattern indicates moderate structural stability, where network relationships are present but less 428 

consistently reproduced across bootstrap realizations. The broad distribution of these values 429 

suggests transitional zones in which ETa dynamics are shaped by a mixture of climatic, 430 

topographic, and land surface factors rather than by a single dominant control. These regions 431 

contribute to national connectivity, but they do not appear to function as core structural anchors. 432 
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The lowest values are limited to scattered areas in central South Khorasan and parts of Fars 433 

Province. Here, the network structure is less stable, with weaker reproducibility of node 434 

connectivity and greater sensitivity of causal links to sampling variation. Their fragmented spatial 435 

pattern suggests localized instability rather than a widespread structural weakness. This behavior 436 

is likely associated with stronger surface heterogeneity or with ETa responses driven by short term 437 

and local scale processes. At the national scale, the map suggests a broad spatial organization in 438 

network stability, with more pronounced extremes in arid and semi-arid regions and more 439 

moderate values across much of the interior mountainous belt. This pattern indicates that ETa 440 

network coherence is closely tied to hydroclimatic regime and regional environmental 441 

homogeneity. Overall, the results show that the ETa network over Iran is spatially structured, with 442 

some regions contributing more strongly than others to the persistence and integrity of the national 443 

scale system. 444 

 445 

Fig. 8. Iran’s ETa network Validation is denser and more clustered than random networks 446 

The spatial organization and causal structure of ETa revealed in this study align with known macro-447 

scale climate gradients in Iran, while providing a novel network-centric perspective on 448 

hydroclimatic connectivity. Traditional assessments of reference evapotranspiration (ETo) have 449 

consistently documented a sharp gradient transitioning from the humid Caspian littoral and 450 

mountainous northwest to the hyper-arid central plateau and southeastern basins (Zareabayneh et 451 



19 

 

al., 2011; Tabari et al., 2012; Raziei and Pereira, 2013). Our network analysis captures a 452 

complementary spatial structure, wherein the arid and semi-arid interior emerges as a highly 453 

integrated core characterized by elevated Degree, Eigenvector, and Closeness centralities. The 454 

high Closeness centrality values (exceeding 0.44) observed across the Central Plateau, Dasht-e 455 

Kavir, and Lut deserts point to a highly synchronized ETa regime in these water-limited 456 

environments. In these hyper-arid zones, ETa variability is strongly governed by regional 457 

atmospheric demand and severe moisture limitations rather than localized land-cover dynamics. 458 

This environmental homogeneity across dry zones, previously noted by Delghandi et al. (2017), 459 

facilitates the rapid propagation of ETa anomalies across long distances, effectively turning the 460 

interior into a coherent functional core. Conversely, the lower Closeness values (below 0.20) in 461 

the humid north and topographically complex northwest indicate more fragmented, localized ETa 462 

dynamics. In these energy-limited or transitional regimes, complex topography and heterogeneous 463 

vegetation cover disrupt broad-scale synchronization, leading to isolated behaviors and longer 464 

correlation paths to the rest of the network. This spatial heterogeneity is further refined by the 465 

distribution of Betweenness centrality, which highlights critical transmission pathways. While the 466 

central plateau forms the highly connected core, the eastern and east-central sectors, including 467 

South Khorasan, southern Kerman, and parts of Fars, act as structural bottlenecks with high 468 

Betweenness values. These regions serve as topological bridges connecting distinct regional ETa 469 

clusters. The existence of such routing hubs is consistent with the bottleneck structures identified 470 

in global evapotranspiration networks (Mondal and Mishra, 2024). Identifying these predictive 471 

and transmission hubs via Granger causality aligns with broader hydroclimatic applications of 472 

causal discovery (Ombadi et al., 2020; Yu et al., 2025). Such Granger-based causal structures find 473 

strong methodological support in established causal frameworks like TETRAD and PCMCI 474 

(Ramsey et al., 2018; Schilling et al., 2026), which emphasize the validity of autoregressive causal 475 

detection in gridded climate fields. Under stress conditions, these highly central regions can 476 

amplify hydroclimatic perturbations. This phenomenon parallels findings by Gupta and Jain 477 

(2021), who demonstrated that evapotranspiration-linked drought indices (such as SPEI) show 478 

enhanced sensitivity to large-scale teleconnections compared to precipitation-based metrics due to 479 

non-linear land-atmosphere feedbacks. 480 

The temporal dynamics of the network also show partial agreement with documented regional 481 

trends. The positive ETa trends observed in western and northwestern Iran correspond with rising 482 

temperature and evaporative demand trends reported by Nouri et al. (2018), Dinpashoh et al. 483 

(2019), and Pourmansouri et al. (2020). However, the weak or negative ETa trends in parts of the 484 

northeast diverge from ETo-based projections. This divergence underscores the physical 485 

distinction between potential evaporative demand (ETo) and actual, soil-moisture-constrained 486 

water loss (ETa), particularly in degrading drylands where water limitation prevents ETa from 487 

keeping pace with rising atmospheric demand. 488 

Finally, the composite validation score provides an independent spatial evaluation of these network 489 

patterns. The higher validation stability observed in the humid northwest and northern sectors is 490 
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consistent with previous product evaluations in Iran, which show that satellite and model-based 491 

ET datasets perform more reliably in climatologically stable and water-abundant regions 492 

(Rahimpour et al., 2018; Moshir Panahi et al., 2021). The lower validation scores in the arid 493 

interior, despite its high network centrality, highlight a critical challenge: the very regions that 494 

dictate the network’s topological connectivity are also those associated with the highest estimation 495 

uncertainties. Consequently, while the macro-scale gradients of ETa are compatible with classical 496 

climatological divisions, this network-based framework reveals a deeper, structurally 497 

interconnected system where localized dryland dynamics exert a disproportionate influence on the 498 

national-scale evapotranspiration field. 499 

While GLEAM v4 offers a consistent long-term record, its 0.25∘spatial resolution inevitably 500 

averages out sub-grid hydrological processes across complex terrains like the Alborz and Zagros 501 

mountains. Integrating higher-resolution satellite observations or blending global products with 502 

local gauge networks would better resolve these high-elevation pathways. Furthermore, the current 503 

network primarily captures climate-driven ETa patterns, omitting intensive anthropogenic 504 

influences such as dam regulations and groundwater-based irrigation. Disentangling these human 505 

signatures from natural hydroclimatic connectivity remains an essential step toward representing 506 

real-world water dynamics. 507 

Methodologically, relying on Granger causality and linear correlation might underrepresent rapid, 508 

non-linear hydroclimatic shocks, including flash droughts or extreme heatwaves. Transitioning to 509 

non-linear causal discovery tools, such as transfer entropy or constraint-based algorithms, could 510 

better capture these sudden transitions. Finally, while Iran serves as an excellent testbed due to its 511 

environmental heterogeneity, testing this framework across other data-scarce arid regions globally 512 

will confirm its scalability and refine its utility as a transferable tool for regional water resource 513 

monitoring. 514 

 515 

Conclusion 516 

This study shows that the spatial behavior of ETa in Iran cannot be understood adequately through 517 

trend maps alone. Although long-term changes are important, the broader picture only becomes 518 

clear when temporal trends are examined together with network structure and directional 519 

dependence. Viewed in this way, ETa over Iran forms an organized spatial system in which some 520 

regions are structurally central, some act as bridges, and others exert stronger predictive influence 521 

over downstream areas. The trend analysis revealed a heterogeneous pattern across the country. 522 

Increasing ETa was concentrated mainly in western and northwestern Iran, whereas declining 523 

trends were more evident in the northeast. By contrast, much of the Central Plateau showed little 524 

long-term change. Yet this apparent stability did not correspond to marginal importance in the 525 

network. Degree, closeness, and eigenvector centrality consistently indicate that the central and 526 

eastern interior—particularly the Central Plateau, Dasht-e Kavir, and Dasht-e Lut—constitutes the 527 

main topological core of the ETa network. These dryland regions are not the most rapidly changing 528 
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in trend terms, but they are the most internally synchronized and structurally central within the 529 

national correlation pattern. A different picture emerges from the directional analysis. Granger 530 

causality identifies northeastern Iran as the main predictive source region, with influence extending 531 

toward central, southern, and southeastern follower zones. This distinction is essential for 532 

interpretation. The topological core of the network is centered in the arid interior, whereas the 533 

strongest directional drivers are concentrated in the northeast. In other words, structural centrality 534 

and predictive control are related, but they are not geographically identical. This distinction has 535 

practical significance. Monitoring strategies should not focus only on areas with the strongest 536 

trends, but also on regions that occupy key structural and predictive positions within the national 537 

ETa system. Prioritizing central core areas, bridging zones, and northeastern source regions could 538 

improve the efficiency of environmental monitoring and strengthen early warning capacity in 539 

water-limited landscapes. More broadly, the framework developed here provides a robust basis for 540 

understanding hydrological connectivity and for supporting adaptive water-resource planning 541 

under increasing climatic pressure. 542 
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