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Key Points: 14 

• Effective fracture porosity in crystalline rocks is much lower than commonly 15 
assumed values 16 

• Effective porosity and hydraulically active fracture density decrease with depth 17 
following a power-law relationship 18 

• Low effective porosity implies reduced groundwater storage and stronger fluid 19 
isolation  20 

Abstract 21 

Knowledge of effective fracture porosity in crystalline rocks is important for water 22 
resources, geological storage and subsurface biogeochemistry, but remains poorly 23 
constrained due to limited and regionally biased data. Here, we use global permeability 24 
datasets and equations that relate effective porosity and permeability to estimate effective 25 
porosity and hydraulically active fracture density for 27,966 points globally. The resulting 26 
global effective porosity distributions are right-skewed and show a power-law decrease 27 
with depth. The median and mean effective porosity values are much lower than previously 28 
assumed. The natural variability in effective porosity is much larger than parameter 29 
uncertainty, underscoring the robustness of our global trends. Low effective porosity 30 
implies enhanced fluid isolation in the crystalline crust, with implications for hydrogen and 31 
helium accumulation and the deep biosphere.  32 
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1 Introduction 33 

Fracture properties such as effective porosity (the pore space contributing to fluid storage 34 
and flow (Bear, 1972) and hydraulically active fracture density are crucial for understanding 35 
fluid flow in crystalline rocks and have significant implications for fields like hydrogeology, 36 
nuclear waste storage, subsurface energy resources, and the deep biosphere. Because 37 
porosity in crystalline rocks is typically low, fractures play a key role in controlling fluid flow 38 
(Singhal & Gupta, 2010). As a result, fracture properties strongly influence groundwater 39 
circulation, residence times, and hydraulic connectivity. Understanding the distribution of 40 
these properties is therefore important for characterizing and predicting fluid flow in 41 
crystalline rock environments. 42 

Despite their importance, fracture porosity and hydraulically active fracture density in 43 
crystalline rocks remain poorly quantified due to significant measurement challenges and 44 
limited, regionally biased datasets. Measuring fracture properties in crystalline rock is 45 
often difficult due to both technical and geological constraints. Direct measurement 46 
techniques are often costly and time-consuming (Möri et al., 2021; Pouraskarparast et al., 47 
2024) and laboratory measurements are often overestimated due to stress release and 48 
sample preparation (Schild et al., 2001).  49 

To our knowledge, most measurements of effective porosity in crystalline rocks are limited 50 
to studies mainly from Europe, with values ranging from around 0.2% to 2.3%  (e.g. 51 
Eliasson, 1993; Holland et al., 2013; Möri et al., 2021; Sardini et al., 2006; Schild et al., 52 
2001). These regional data do not provide a comprehensive picture of effective porosity on 53 
a global scale. Studies often use a value of 1% for the effective porosity in crystalline rock, 54 
but with limited or no supporting evidence (Banks & Robins, 2002). Furthermore, Higgins et 55 
al. (2025) show that measurable primary effective porosity in crystalline rocks often 56 
contributes little to hydraulic flow because only a small fraction is connected at scales 57 
relevant for groundwater transport. This underscores the need to quantify effective, 58 
fracture-controlled effective porosity rather than rely on total effective porosity values.  59 

Knowledge of hydraulically active fracture density is even more scarce, to our knowledge, 60 
with existing data mostly from studies in the United States and focused on sedimentary 61 
rocks. Reported fracture densities range from less than 0.10 to 10.50 fractures per meter, 62 
but these estimates are mainly based on outcrop observations, while data from greater 63 
depths remain scarce (e.g. Corbett et al., 1987; Seeburger, 1982; Tokhmchi et al., 2010). 64 

The availability of global permeability datasets present a research opportunity to estimate 65 
effective fracture porosity and hydraulically active fracture density using established 66 
relations between permeability and effective porosity. Here, we estimate effective fracture 67 
porosity and hydraulically active fracture density using a global fracture permeability 68 



dataset along with a modified form of Snow’s (1968) equation and  examine their relation 69 
with depth and geological setting.  70 



2 Methods  71 

2.1 Estimating effective porosity from permeability  72 

We modify an equation used by Snow (1968) to calculate fracture porosity from 73 
permeability measurements, by adding a term to account for fracture roughness. In 74 
addition, we used aperture instead of fracture spacing as the main unknown because more 75 
data is available on fracture aperture, although the available data is admittedly still limited. 76 
Assuming that all fractures are equal, we get equation 1 (comparable to Equation 6 from 77 
Snow (1968)) with permeability k [m2], the number of fractures in a rock volume n [-], the 78 
width of the fracture w [m], and a roughness factor f [-]: 79 

𝑘 =
𝑛

𝑊
 

1

12𝑓
 𝑏3       (1) 80 

Fracture system effective porosity, 𝜙 [-], is the volume of fractures divided by the volume of 81 
the rock (Singhal & Gupta, 2010). The assumption that all fractures are equal, implies that 82 
the total volume of all fractures is equal to the volume of a single fracture multiplied by the 83 
number of fractures (n) (equation 2). With w [m] as fracture width and depth. 84 

𝜙 =
𝑛 𝑏 𝑤2

𝑊3        (2) 85 

Adding the assumption that a fracture extends through the entire rock volume that is 86 
sampled by a permeability test or model (w=W) simplifies equation 2 and allows us to 87 
express it in terms of the number of fractures (n) over the width of the rock, which can be 88 
substituted in equation 1. Rearranging this provides an equation for effective porosity 89 
based on permeability, aperture, and a roughness factor. 90 

𝜙 =  𝑘 
12𝑓

𝑏2   (3) 91 

2.1.1 Permeability 92 

We compiled permeability data of fractured crystalline rocks from two major sources. We 93 
combined 28,832 datapoints in crystalline rock published by Achtziger-Zupančič et al. 94 
(2017) with 756 data points for undisturbed continental crust used by Kuang & Jiao (2014). 95 
The data from Achtziger-Zupančič et al. (2017) is compiled from 221 published papers and 96 
reports, and consists of permeability values based on in-situ measurements from a wide 97 
range of methods. Kuang & Jiao (2014) compiled data from 13 different papers, with 98 
permeability values obtained from laboratory measurements, pumping tests, injection 99 
tests, analytical modeling, in situ measurements, and numerical models.  100 

The data span a large depth range, from 0.5 meters to 36,000 meters. Manning & 101 
Ingebritsen (1999) models indicate that significant permeability may persist well below 10-102 



15 km, extending into the ductile crust, in tectonically active settings. However, most 103 
(98.8%) of our data points are located in the first two kilometers.   104 

For the upper two kilometers, we followed Achtziger-Zupančič et al. (2017) to filter the 105 
available datapoints and remove unrealistic, high-uncertainty values and values obtained 106 
from simulation tests, see supporting information (text S1.2). There are fewer in-situ 107 
measurement data available for depths below two kilometers. Therefore, we used 108 
permeability estimates based on model simulations for these depths.  109 

After applying the data filtering steps, the final database contains 27,966 data points. Most 110 
of the data (69%) is located in the first 500 meters and 82% of the data points in the first 111 
1000 meters of the subsurface, see supporting information (Figure S1). Although the 112 
dataset consolidates data from 28 different countries, see supporting information (Figure 113 
S1). 114 

2.1.2 Roughness factor 115 

We used a facture roughness factor to account for the deviations from ideal parallel-plate 116 
flow. Based on laboratory measurements from crystalline rocks Witherspoon et al. (1980), 117 
we adopted a representative value of 1.21. Uncertainty was incorporated by sampling from 118 
the reported range (see supporting information (text S1.3). 119 

2.1.3 Aperture values 120 

We used an equation by Jiang et al. (2010) (equation 4) to quantify the depth dependence 121 
of aperture in fractures due to increase in effective stress. We adopted the approach of 122 
Jiang et al. (2010) rather than methods such as Bisdom et al. (2016), which require 123 
parameters like Joint Roughness Coefficient (JRC) and Joint Compressive Strength (JCS) 124 
obtained through fracture surface characterization or laboratory testing. The parameters 125 
needed for the aperture equation by Jiang et al. (2010) could be reasonably estimated from 126 
bulk rock properties. The relation between aperture and effective stress is given by: 127 

𝑏(𝑧) =  𝑏0 − 
𝜎𝑛

′

𝐾𝑛0+(𝜎𝑛
′ /(𝑏0−𝑏𝑟))

     (4) 128 

with 𝑏0 [m] representing the initial aperture, 𝜎𝑛
′  [kg m-3] the effective normal stress, 𝐾𝑛0 [kg 129 

s-2] the initial normal stiffness, and 𝑏𝑟  [m] the residual aperture. Facture aperture was 130 
modeled as a function of depth, accounting for closure under increasing effective stress. 131 
Initial aperture values were constrained using literature compilations, with a representative 132 
median value of 171 µm. Effective normal stress was estimated from overburden and fluid 133 
pressure, assuming typical crustal densities of 2660 kg m-3, geothermal gradients of 25°C 134 
km-1 and hydrostatic conditions. The initial normal stiffness was assigned a representative 135 
value of 5 x 109 Pa m-1 based on published estimates for crystalline rock (Y. Cheng & 136 



Renner, 2022) and residual aperture was assumed to be 14% of the initial aperture 137 
following literature relations (Brabazon et al., 2019; Hakami, 1989, 1995; Iwano & Einstein, 138 
1993, 1995). Further details of the parameter selection, distributions and uncertainty 139 
propagation are provided in the supporting information (text S1.4).   140 

2.2 Effective porosity-depth relation 141 

Using equation 3 and the filtered permeability dataset, we calculated 27,966 effective 142 
porosity data points, each associated with a depth value.  The relation between effective 143 
porosity and depth was evaluated using the Spearman rank correlation coefficient 144 
(Spearman, 1904).  145 

We tested multiple functional forms and found that a power-law relation provided the best 146 
fit. Therefore, we fitted a linear relation between log effective porosity and log depth, 147 
following      (5  148 

𝑙𝑜𝑔(𝜙) = 𝐴 𝑙𝑜𝑔(𝑧) + 𝐵      (5) 149 

Which can be expressed as:  150 

𝜙 = 10𝐵𝑧𝐴       (6) 151 

To avoid overestimation at shallow depths, we identified a minimum depth threshold at 152 
which the effective porosity predicted by the fitted line deviates by no more than 10% from 153 
the median effective porosity datapoints at that depth. We used bootstrapping to quantify 154 
the uncertainty of the fitted effective porosity-depth line (equation 5), using 1000 bootstrap 155 
iterations.  156 

2.3 Quantification of uncertainty  157 

We used a Monte Carlo analysis (n=1000) by sampling the input parameters, including 158 
fracture aperture, effective stress, initial normal stiffness, residual aperture and 159 
permeability. Parameter variability and distributions were based on literature constraints 160 
(see supporting information (text S1.3-1.4).  To account for uncertainty in fracture 161 
orientation, we randomly assign an angle between 0 and 90, representing the full possible 162 
range of fracture inclinations. Permeability uncertainty was incorporated using a log-163 
uniform range reflecting measurement variability (see supporting information (text S1.5)).  164 
Uncertainty was evaluated at both the individual data point level and for the aggregated 165 
dataset, using median and interquartile range (IQR) as robust measures for skewed 166 
distributions (Efron & Tibshirani, 1994). 167 



2.4 Geological factors influencing effective porosity 168 

We explored correlations between effective porosity tectonic setting (Hasterok et al., 169 
2022), type of plate boundary (Hasterok et al., 2022), and rock type. These variables are 170 
available for 98% of the dataset, allowing for a robust analysis of their potential influence 171 
on effective porosity. Variable categories with fewer than 150 observations were merged 172 
into the ‘other’ category to ensure that each group has enough ranked data to provide 173 
meaningful statistical comparisons and stable effect-size estimates. 174 

Differences in effective porosity between groups were assessed using non-parametric tests 175 
(Kruskal-Wallis test & Mann-Whitney U test, (Kruskal & Wallis, 1952) and (Mann & Whitney, 176 
1947)), and effect sizes were calculated to quantify the magnitude of these differences. To 177 
account for the strong dependence of effective porosity on depth, we also analyzed depth-178 
corrected residuals derived from a global effective porosity-depth relation.  179 

Group-specific effective porosity–depth trends were further evaluated using log–log 180 
regression models, and correlations with depth were quantified using Spearman rank 181 
coefficients. Full details of statistical methods and tests are provided in the supporting 182 
information (text S1.6). 183 

2.5 Hydraulically active fracture density 184 

Using the estimated aperture and effective porosity values, we calculated hydraulically 185 
active fracture density, the number of fractures per meter. Hydraulically active fracture 186 
density (𝑓𝑑  [m-1]) was estimated assuming effective porosity equals hydraulically active 187 
fracture density multiplied by aperture. Rearranging this gives:  188 

𝑓𝑑 =  
𝜙

𝑏
       (7) 189 

Note that this assumes that all fractures in the volume that was sampled by the 190 
permeability tests have the same aperture. To analyze the relation between hydraulically 191 
active fracture density and depth, we applied the same methodology as for effective 192 
porosity, including log-log regression, bootstrap uncertainty assessment (n=1000) and 193 
depth binning. Details are provided in Section 2.2. 194 

 3 Results 195 

3.1 Effective porosity-depth relation  196 

We found a statistically significant negative relation between depth and effective porosity 197 
for both for the upper two kilometers (p < 0.0001, Spearman ρ = -0.47) and the entire depth 198 
range (p < 0.0001, ρ = -0.46). This trend is illustrated Figure 1. The apparent vertical 199 



alignment of a subset of data points originates from multiple measurements taken at one 200 
location (Masset & Loew, 2010).  201 

 202 

Figure 1. Effective fracture porosity in crystalline rock formations as a function of depth, 203 
based on a compilation of effective porosity data points derived from permeability data. 204 
a) Upper two kilometers, b) Full depth (0–36,000 m; ) Boxplots represent effective porosity 205 
distributions within specific depth intervals. A fitted log–log linear regression line is shown, 206 
along with a 95% confidence interval. The fit explains 17% of the variance in both cases 207 
(R² = 0.17).  208 
 209 
The fitted linear log-log lines indicate a power-law decrease with depth. Both depth ranges 210 
show a similar decrease in effective porosity with depth (𝜙0−2 𝑘𝑚 = 10−3.17𝑧−1.16 and 211 
𝜙0−36 𝑘𝑚 = 10−3.26𝑧−1.12 (use from 2 meters deep)). A 250 increase in depth at 250 results 212 
in an effective porosity loss of approximately 55%, while the same depth increase at 1000 213 
meters leads to a reduction of around 23%. This indicates that although effective porosity 214 
decreases steeply with depth, the rate of decline decreases with increasing depth.  215 

Effective porosity distributions are highly right-skewed across all depth intervals, but 216 
become more compact and less influenced by extreme values with increasing 217 
depth.  Figure 2a-c presents effective porosity distributions across different depth 218 
intervals. None of the distributions match common parametric forms (such as exponential, 219 
gamma, log-normal and Weibull), indicating no known underlying distribution.  220 



The uncertainty for individual effective porosity estimates (Figure 2d-f) is relatively small 221 
compared to the overall variability, indicating that natural heterogeneity dominates. The 222 
uncertainty IQR decreases with depth, reflecting the increasing dominance of effective 223 
stress in aperture calculations, which reduces the influence of uncertain input parameters. 224 
Although both natural variability and parameter uncertainty decrease with depth, the 225 
relative contribution of parameter uncertainty becomes more pronounced. 226 

Combining all single-point uncertainty distributions into one aggregated dataset shows 227 
that uncertainty has only a modest effect on median and IQR, despite extreme outliers 228 
inflating the mean (Figure 2g-i). While the mean increases substantially, the median 229 
remains stable (ratios 0.68-1.15), and the IQR increases only slightly (by 33–51%). This 230 
indicates that while uncertainty adds some variability, its effect on the overall distribution 231 
is modest compared to the natural variability observed in the original data.  232 

 233 



Figure 2. Effective porosity distributions and uncertainty analysis across three depth 234 
intervals: 0–100 m, 100–500 m, and 500–36,000 m. a- c: General effective porosity 235 
distributions, showing highly right-skewed, non-parametric behavior. d-f: Uncertainty 236 
distributions for a representative effective porosity data point, based on  Monte Carlo 237 
simulations. g-i: Combined uncertainty distributions for all effective porosity points 238 
illustrating the overall spread and skewness introduced by input variability.  239 

3.2 Geological factors influencing effective porosity 240 

In addition to depth, geological factors influence effective porosity, although their effect is 241 
secondary. Rock type, tectonic setting and the type of plate boundary that is closest to the 242 
datapoints all show statistically significant differences in effective porosity distribution; 243 
however, most of this variability is small compared to the dominant control of depth. 244 
Allowing the porosity-depth relationship to vary among rock types increased the explained 245 
variance from 17% to 21.5%, corresponding to a relative increase of about 26% in 246 
explained variance. 247 

Among rock types, pegmatite shows the most pronounced positive deviation from the 248 
overall effective porosity-depth trend. Similarly, for geological setting, shields, cratons, and 249 
accretionary complexes exhibit slightly elevated effective porosity relative to the global 250 
trend. The log-log regression model incorporating depth and plate boundary types, 251 
compared to just depth, increased the explained variance from 17% to 26%, a relative 252 
increase of 52%.  In contrast, after accounting for depth, only limited effects remain for 253 
plate boundary types, increasing the explained variance of the model with or without plate 254 
boundary types relatively only with 6.5%. 255 

Overall, these results indicate that geological factors introduce secondary variability, but 256 
do not substantially alter the global effective porosity–depth relation. Details of statistical 257 
analyses and group-specific trends are provided in the supporting information (text S2.1). 258 

3.3 Hydraulically active fracture density 259 

Hydraulically active fracture density decreases significantly with depth (p < 0.0001, 260 
Spearman ρ  -0.35) for both the upper two kilometers and the entire depth range (Figure 261 
4). This trend indicates that the decrease in effective porosity with depth (Figure 1) cannot 262 
be attributed solely to the decrease in fracture aperture with depth but also to a 263 
statistically significant decrease in hydraulically active fracture density with depth. 264 

 265 



 266 
Figure 3. Hydraulically active fracture density in crystalline rock formations as a function 267 
of depth a) 0–2,000 m; n = 27,666 b) Full depth range (0–36,000 m; n = 27,966). Boxplots 268 
represent effective porosity distributions within specific depth intervals. A fitted log–log 269 
linear regression line is shown, along with a 95% confidence interval. The fit explains 9% of 270 
the variance in both cases (R² = 0.09). 271 
 272 
Similar to the effective porosity depth trend, hydraulically active fracture density also 273 
decreases with depth following a power-law relationship. However, the decline in 274 
hydraulically active fracture density is less steep than that of effective porosity,  indicating 275 
that fractures tend to narrow more rapidly than they are removed.  276 

The hydraulically active fracture density distributions are right-skewed across all depth 277 
intervals (see supporting information (text S2.2)), with variability decreasing at greater 278 
depths. As in the effective porosity data, median values are substantially lower than the 279 
means, reflecting the influence of extreme outliers.  280 

281 



4. Discussion 282 

4.1 Effective porosity values 283 

Our results showed a right-skewed effective porosity distribution with large differences 284 
between the median and mean, which is mainly due to some extreme outliers.  285 

Similar skewness is observed in the storage coefficient data derived from pumping tests in 286 
crystalline aquifers, compiled by Boisson et al. (2026). Analysis of this dataset reveals that 287 
median storage coefficients are substantially lower than means, closely resembling the 288 
skewed effective porosity distributions we observed.  289 

The highly skewed distribution of effective porosity is important when estimating effective 290 
porosity for locations or larger regions. For global estimates by Gleeson et al. (2016) or 291 
Ferguson et al. (2021), the mean effective porosity can be used as a first-order estimate of 292 
the groundwater stored in crystalline rocks. However, when estimating effective porosity at 293 
single locations the most likely value is the median of the global effective porosity 294 
distribution, which is several orders of magnitude lower.  295 

Reported connected effective porosity (pore space forming continuous pathways for flow) 296 
values for crystalline rocks in the literature (typically 0.20%-0.45%) are several orders of 297 
magnitude higher than our estimates. This discrepancy likely reflects both methodological 298 
and regional biases. Existing datasets are dominated by studies from Scandinavia, which 299 
may not be globally representative and laboratory measurements can overestimate 300 
effective porosity due to sample disturbance and stress release (Skagius & Neretnieks 301 
(1986), Ota et al. (2003)). Furthermore, the literature values represent connected pore 302 
effective porosity at sample scale, whereas our estimates reflect effective porosity 303 
associated with fracture networks that actively contribute to fluid flow at larger scales. This 304 
let us conclude that effective porosity might be far below commonly assumed effective 305 
porosity values. This is consistent with site-specific analyses. Higgins et al. (2025) showed 306 
that crystalline rocks have measurable primary effective porosity but extremely 307 
limited connected pore volume, with secondary effective porosity orders of magnitude 308 
lower. 309 

4.2 Geological factors influencing effective porosity 310 

Our observed effective porosity–depth relation is substantially steeper than those reported 311 
in previous studies, indicating a stronger depth dependence in crystalline rocks than 312 
previously thought. Compared to estimates by Ingebritsen & Manning (2003) and Vitovtova 313 
et al. (2014), our results show a faster decline in effective porosity with depth. This 314 
difference likely reflects the use of a larger and more representative global dataset, 315 
whereas previous studies relied on smaller datasets or simulated conditions.  316 



The crustal effective porosity model from Bethke (1985) is widely applied in studies of fluid 317 
flow and crustal gases (e.g., (Sherwood Lollar et al., 2014). Our results indicate a much 318 
steeper decrease in effective porosity, with comparable reductions occurring over 319 
significantly shorter depth intervals. This discrepancy likely arises because the effective 320 
porosity–depth relations underlying the Bethke (1985) model are derived from sedimentary 321 
basin compaction models and represent bulk matrix effective porosity, whereas our 322 
estimates reflect fracture-controlled, hydraulically effective porosity in crystalline rocks. 323 
The steeper decline observed in our dataset compared to previous models indicates that 324 
depth exerts a stronger control on fracture-controlled effective porosity than previously 325 
assumed.  326 

While a previous study from Ferguson et al. (2023a) has assumed limited or no depth 327 
dependence in permeability at depths greater than one kilometer, our results here suggest 328 
a depth trend in effective porosity. This difference might arise because effective porosity 329 
depends not only on permeability but also on fracture aperture, which decreases 330 
systematically with depth in our model. As a result, even in the absence of a strong 331 
permeability-depth trend, porosity can exhibit a decrease with depth.  332 

Although depth remains the dominant control, geological factors are important as well, 333 
rock type and geological setting explain part of the variability in the data. This was also 334 
observed by Achtziger-Zupančič et al. (2017) and Ranjram et al. (2015). It is important to 335 
note that in our study, each geological factor was tested independently, although their 336 
categories may overlap. Each variable, therefore, represents an isolated comparison, and 337 
differences should not be interpreted as additive or combinable across variables. 338 

To calculate effective porosity, we relied on several simplifying assumptions that introduce 339 
uncertainty. We assumed that all fractures that contribute to a single permeability 340 
measurement are equal in size and properties and that they extend through the entire rock 341 
volume considered. Natural fracture systems are highly heterogeneous, with variable 342 
lengths, apertures, and connectivity, which can lead to significant deviations from our 343 
estimates. Second, we assumed isotropic permeability; however, fracture networks are 344 
often anisotropic, with preferential orientations that strongly influence flow paths and 345 
connectivity. These assumptions were necessary to enable global-scale analysis using 346 
limited data, but they may overestimate connectivity and underestimate travel times in 347 
site-specific applications. Future work should incorporate fracture orientation, size 348 
variability, and network connectivity to better capture the complexity of fluid flow in 349 
crystalline rocks. 350 



4.3 Hydraulically active fracture density 351 

Our hydraulically active fracture density estimates for crystalline rocks are much lower 352 
than values reported in the literature, which is based exclusively on sedimentary rocks and 353 
therefore offers only a limited basis for comparison. Reported values range from 0.11 to 354 
10.50 fractures per meter, reflecting strong dependence on lithology, scale and 355 
measurement method. Seeburger (1982) reported hydraulically active fracture densities of  356 
0.085-0.6 fractures m-1 (median: 0.28 fractures m-1) from wells. For the same depth range 357 
(0-200 m), our crystalline rock data indicate an eight times lower median of 0.035. 358 
However, when comparing data from the same geographic region, our median hydraulically 359 
active fracture density is only about two times lower than the values reported by Seeburger 360 
(1982).  Given that hydraulically active fracture density can vary strongly with observation 361 
scale (Marrett et al., 2006), these relatively low hydraulically active fracture densities may 362 
reflect either a genuinely sparse fracture network or limitations in the resolution and 363 
sensitivity of the permeability-based estimation method. Our method provides the density 364 
of fractures that are hydraulically active, i.e. that channel groundwater flow and contribute 365 
to permeability, and excludes non-connected fractures that are often included in outcrop 366 
or well studies. One of the few studies who are performed on crystalline rock is Johnson 367 
(1999), who found a mean fracture density of around 0.47 fractures per meter, based on 368 
borehole imaging. This is approximately 14 times greater than the median fracture density 369 
of 0.033 fractures per meter we estimated in this study. This difference is expected 370 
because borehole imaging records all visible fractures, whereas our estimates represent 371 
only fractures contributing to groundwater flow. Long & Witherspoon (1985) showed that 372 
hydraulic behavior in fractured rock is controlled by the connectivity of fractures, rather 373 
than by the number of fractures present. Consequently, only hydraulically connected 374 
fractures contribute to effective porosity.  375 

The equation and input data used to estimate hydraulically active fracture density in our 376 
study relies on several simplifying assumptions like uniform fractures and neglect key 377 
geometric and structural factors. Our hydraulically active fracture density estimates must 378 
be interpreted with caution due to these methodological limitations. However, despite 379 
these limitations, this study provides the first attempt to quantify hydraulically active 380 
fracture density in the subsurface at the global scale known to us.  381 

4.4 Implications 382 

One of the key outcomes of this study is that the degree to which fracture-associated 383 
effective porosity in crystalline settings is considerably lower than previous estimates of 384 
porosity global studies (Ferguson et al., 2021; Gleeson et al., 2016; Warr et al., 2018). This 385 
finding is in line with other recent studies on the regional (Higgins et al., 2025) and global 386 



scales (Ferguson et al., 2023b). The effective porosity evaluated in our study should be 387 
interpreted as a minimum estimate of the overall porosity which may still be considerably 388 
larger. The highest mean effective porosity calculated here of 0.105 % (0–100 m interval) 389 
indicates that, at most, the porosity in connected fractures may represent a maximum of 390 
10% of the entire porosity compared to the in hydrogeologic studies frequently applied 391 
value of 1%.  392 

With groundwaters in crystalline rock representing as much as 30% of all terrestrial 393 
groundwater (Ferguson et al., 2021; Warr et al., 2018), this would support independent 394 
geochemical studies that demonstrate that groundwaters in these settings have the 395 
potential to remain in isolation for millions to even billions of years (Heard et al., 2018; 396 
Holland et al., 2013; Kietäväinen et al., 2014; Sherwood Lollar et al., 2024; Warr et al., 397 
2018, 2022).  398 

The very low effective porosity values reported here can have important implications for 399 
fluid flow in crystalline rock. If flow rate, or hydraulic gradient and permeability, are kept 400 
constant or are known, lower effective porosity leads to higher groundwater velocities and 401 
shorter travel times (Ingebritsen et al., 2006). However, determining appropriate effective 402 
porosities for use in an equivalent porous media models is challenging without tracer data 403 
(Worthington, 2022). As a result, it is unclear how to scale the porosities estimated here for 404 
use in solute transport problems.   405 

The generation of economically viable deposits of hydrogen and helium in fractured 406 
crystalline rocks also depends on porosity and connectivity with the latter potentially 407 
promoting migration of hydrogen and helium from deep crystalline settings into overlying 408 
lithologies via diffusion through static fluids (A. Cheng et al., 2021; Flude et al., 2025; 409 
Sherwood Lollar et al., 2024; Torgersen, 1989). The relatively low connectivity suggested 410 
here may simultaneously promote the generation of large volumes of hydrogen and helium 411 
in relative isolation while also promoting preferential migration and accumulation in more 412 
concentrated localities than previously considered.   413 

Fluids in fractured crystalline rocks may sustain a vast and diverse chemosynthetic-based 414 
ecosystem that depends on water rock interactions Bomberg et al. (2021) and Templeton & 415 
Caro (2023) and is controlled by the distribution, residence times and connectivity of fluids 416 
Templeton & Caro (2023). Consequently, our findings have implications for understanding 417 
how, where, and how much life may be sustained, the timescales involved, and the 418 
communication between microbial communities.  419 



5. Conclusions 420 

This study provides a first global assessment of effective fracture porosity in crystalline 421 
rock. Our results indicate mean values of 0.11% and median values of 4.03 ×10-4%, for the 422 
upper 100 meters. These values are several orders of magnitude lower than previously 423 
reported effective porosity values, or the commonly assumed value of 1% for total porosity. 424 
Our results can be considered a lower bound on total porosity, as they represent only the 425 
connected, hydraulically effective fraction of pore space. 426 

Depth is the primary control on effective porosity and explains approximately 17% of the 427 
variability of effective porosity. This power-law decline in effective porosity exceeds what 428 
would be expected from aperture closure under increasing overburden stress, and reflects 429 
the additional influence of the decrease in hydraulically active fracture density with depth. 430 
In addition to depth, rock type and geological setting introduce small but statistically 431 
significant variability at the global scale. 432 

Our effective porosity estimates represent only a small fraction of the total porosity 433 
commonly assumed in crustal models. The low degree of connectivity further supports the 434 
potential for long-term fluid isolation in crystalline crust outside of connected fractures, 435 
with important implications for groundwater systems, hydrogen and helium accumulation 436 
and the deep biosphere.   437 
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S1.1 Elaborate explanation Equation 3 of the paper 13 

We used a form of the cubic law that assumes laminar flow, and includes a roughness 14 
factor f [-] (Witherspoon et al., 1980). This accounts for fracture surface irregularities. 15 
Assuming f≥1, Witherspoon et al. (1980) provide the following equation for the flow rate, Q 16 
[m-3 s-1], per unit hydraulic head, h [m], in a single fracture. Note that to account for the 17 
direction of flow, a negative sign is introduced in the equation compared to the original 18 
equation by Witherspoon et al. (1980): 19 

!
∆#
= − $

%
	𝑏&       (S1) 20 

b represents the fracture aperture height [m], and C is the proportional constant in the 21 
cubic law [m-1 s-1]. Using these parameters, we can rearrange the equation to calculate the 22 
flow rate directly as: 23 

𝑄 = − '
%
	𝐶	𝑏&	∆ℎ      (S2) 24 

The total discharge, Qtotal [m-3 s-1], of a rock unit containing several fractures can be 25 
expressed as: 26 

𝑄()(*+ =	∑ 𝑄, 	-
,.'       (S3) 27 



With 𝑄, 	[m-3 s-1] for the flow rate through each fracture. If we assume that all the fractures 28 
are equal (assumption 1), the total flow rate is equal to the number of fractures in a rock 29 
volume, n [-], times the flow rate through these fractures.  30 

𝑄()(*+ = − '
%
𝑛	𝐶	𝑏&	∆ℎ     (S4) 31 

The proportionality constant C can be expressed as (Witherspoon et al., 1980): 	32 
𝐶 = 	/

/
	 01
'23

       (S5) 33 

w	[m]	represents	the	width	and	length	of	the	fracture,	𝜌	[kg	m-3]	fluid density, 𝑔 [m s-2] 34 
acceleration of gravity and 𝜇 [kg m-1 s-1] fluid viscosity.	We replaced C in Equation S4. 	35 

𝑄()(*+ = − '
%
	
01
'23

	𝑏&	𝑛	∆ℎ      (S6) 36 

To calculate the total discharge, we could also use Darcy’s law (Equation S7). With 37 
permeability k [m2], and W [m] rock width, height and depth.  38 

𝑄()(*+ =	−𝑘	𝜌𝑔	
'
3
	𝑊2	∆ℎ	 '

4
      (S7) 39 

Next, we set Equation S6 equal to Equation S7 .  40 

𝑄()(*+ = 𝑛	 '
%
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'23
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𝑘	 = -
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'
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	𝑏&       (S9) 42 

Equation S9 is comparable to Equation 6 from Snow (1968), with a key modification: we 43 
introduced a roughness factor. This gave an equation (Equation S9) for permeability, which 44 
is given by the number of fractures, the rock extent, the roughness factor, and the aperture. 45 
While Snow (1968) chose to reformulate the equation by introducing fracture spacing and 46 
removing aperture, we retain aperture in our formulation due to the greater availability and 47 
reliability of aperture data. 48 

Fracture system porosity, 𝜙 [-], is the volume of fractures divided by the volume of the rock 49 
(Singhal & Gupta, 2010). Assumption 1 (all fractures are equal) implies that the total 50 
volume of all fractures is equal to the volume of a single fracture multiplied by the number 51 
of fractures (n) (Equation S10). With w [m] as fracture width and depth. 52 

𝜙 = -	5	/!

4"       (S10) 53 

Assuming that a fracture extends through the entire rock volume (w=W - Assumption 2) 54 
simplifies Equation S10 and allows us to express it in terms of the number of fractures (n) 55 
over the width of the rock, W (Equation S11).  56 



-
4
= 7

5
       (S11)	57 

We substituted this in Equation S9, the equation for permeability. Including porosity in the 58 
permeability equation (Equation S12).  59 

𝑘	 = 𝜙	 '
'2%

	𝑏2      (S12) 60 

Rearranging this equation provides a formula for porosity based on permeability, aperture, 61 
and a roughness factor. 62 

𝜙 = 	𝑘	 '2%
5!

 (S13)63 

  



Text S1.1.1 Notations 

A = slope value [-] 

B = intercept [-] 

b = aperture height [L] 

𝑏8 = initial aperture width [L] 

𝑏9  = residual aperture width [L] 

C = proportional constant in cubic law [1/LT] 

f = fracture surface characteristic factor [-] 

𝑔 = acceleration of gravity [L/T2] 

h = hydraulic head [L] 

k = permeability [L2] 

K = hydraulic conductivity [L2/T] 

𝐾-8 = initial normal stidness [M/T2 

n = fracture density [-] 

Q = flow rate [L3/T] 

w = fracture width and depth [L] 

W = rock width, height and depth [L] 

z = depth [L] 

𝜌 = fluid density [M/L3] 

𝜇 = flow viscosity [M/LT] 

𝜎-:  = edective normal stress [M/LT2] 

𝜙 = porosity [-] 

𝜌5  = bulk density of the rock [M/L3] 

𝜌/*(;9  = density of water [M/L3] 

𝜃 = the angle of inclination of the fracture [-] 

  1 

b 

W 

W 

W 



S1.2 Permeability data origin, methods and removal of unrealistic data 2 

Methods used in Achtziger-Zupančič et al. (2017) are hydraulic borehole measurements, 3 
pneumatic borehole measurements, pressure tests in tunnels, direct tunnel inflow 4 
measurements, indirect determination from seismicity, and calibrated groundwater flow 5 
models. 6 

For data filtering, we used the following method: For the upper two kilometers, we followed 7 
the method described by Achtziger-Zupančič et al. (2017) to filter the available datapoints 8 
and remove unrealistic and high uncertainty values. We excluded data with permeability 9 
values at or below the measurement limit and permeability values which were calculated 10 
from an interval longer than 100 meters. These values are averaged over large rock 11 
sections, making them less reliable. Additionally, following their method, we removed 12 
values for which the method used was unclear, as well as those obtained through 13 
simulation tests or based on tracer data. Simulation tests were excluded because it often 14 
remains uncertain whether the measurements relate to natural or simulated rock mass, 15 
and tracer data was discarded because it often infers the permeability of single fractures 16 
from numerical and analytical solutions. Additionally, following Achtziger-Zupančič et al. 17 
(2017), we excluded unrealistic porosity values (lower than 0 or above 100). There are fewer 18 
in-situ measurement data available for depths below two kilometers. Therefore, we did use 19 
permeability estimates based on model simulations for these depths.  20 

For the distribution of the data across the depth range and the globe, see Figure S1.   21 

 22 
Figure S1. Distribution of effective fracture porosity points by a) depth ranges, and (b) 23 
geographic origin by country. 24 

  25 



S1.3 Roughness factor  26 

Witherspoon et al. (1980) obtained twelve roughness factor values for granite, marble, and 27 
basalt (range: 1.04–1.65, see Figure S2). These values were derived by fitting laboratory flow 28 
data to a modified cubic law in which f and the residual aperture were determined through 29 
least-squares minimization. The roughness factor accounts for the reduction in flow 30 
relative to the ideal parallel-plate model caused by surface roughness and contact 31 
asperities. To our knowledge, there is no additional information available on the roughness 32 
factor in crystalline rocks. Therefore, we assumed a median fracture surface 33 
characteristics factor of 1.31 based on the values from Witherspoon et al. (1980). 34 

The roughness values found by Witherspoon et al. (1980) follow a normal distribution. For 35 
uncertainty quantification (see 1.5 Quantification of uncertainty) we sampled from a 36 
normal distribution defined by the empirical mean and standard deviation of the dataset. 37 

S1.4 Initial aperture parameters 38 

We compiled 27 initial aperture values from the literature (Brabazon et al., 2019; Hakami, 39 
1989, 1995; Iwano & Einstein, 1993, 1995), spanning a range from 43 µm to 650 µm. The 40 
median value of 171 µm was used as the initial aperture in Equation 4. The initial aperture 41 
values follow a log-normal distribution (see Figure S2 For uncertainty), we sampled from a 42 
log-normal distribution. 43 

We calculated the edective stress using      (S14 (Ingebritsen et al., 44 
2006). With 𝜌5  [kg m-3] representing bulk density of the rock, z [m] the depth, 𝜃 [-] the angle 45 
of inclination of the fracture and 𝜌/*(;9  [kg m-3] density of water. The fracture inclination 𝜃 is 46 
included because the edective normal stress is calculated on the plane of the fracture, 47 
which is typically inclined relative to the vertical. Projecting the vertical overburden stress 48 
onto the fracture plane accounts for the component of stress that acts to close the 49 
fracture. 50 

𝜎-: =	𝜌5 	𝑔	𝑧	 𝑐𝑜𝑠(𝜃) − 𝜌/*(;9 	𝑔	𝑧     (S14) 51 

For the bulk density of crystalline rocks in the crust, we used the value 2660 kg m-3,  based 52 
on the global compilations of laboratory and seismic data on continental crust from 53 
Christensen & Mooney (1995). For the fracture angle, we assumed that the fracture angles 54 
are randomly distributed in a range between 0- and 90-degree angle and took a median 55 
value of 45 degrees angle. Water densities were calculated using Zhang & Duan (2005), 56 
using an increase of 25 degrees Celsius per kilometer that represents and average 57 
geothermal gradient in the continental crust (Kolawole & Evenick, 2023).  58 



There is minimal literature on the estimation of the initial normal stidness in crystalline 59 
rocks. The only values we found are from Cheng & Renner (2022) for gneisses. Cheng & 60 
Renner (2022) estimated the initial normal stidness for gneisses and found a range of 1.6 x 61 
109 – 1011 Pa m-1, with a median value of 5 x 109 Pa m-1. We adopted this median value for 62 
our calculations. We tested the distribution of these inferred values and found them to 63 
follow a gamma distribution. For uncertainty quantification, see 1.5 Quantification of 64 
uncertainty; we sampled residual aperture values from this distribution. The distribution is 65 
illustrated in Figure S2. 66 

To our knowledge, there is no published data on residual aperture values for fractures in 67 
crystalline rock. However, Baghbanan & Jing (2008) presented aperture–stress 68 
relationships at various depths, from which residual aperture values can be inferred. We 69 
estimated that residual aperture typically ranges from 10% to 18% of the initial aperture, 70 
with a median of approximately 14%.  71 

To assess the distribution of these values, we tested several known statistical distributions 72 
(e.g., normal, log-normal, exponential), but none provided a satisfactory fit. Since no 73 
known parametric distribution adequately fit the residual aperture values (see Figure S2), 74 
we adopted a non-parametric approach for the uncertainty assessment (see 1.5 75 
Quantification of uncertainty). We sampled directly from the six observed residual aperture 76 
values, thereby preserving the empirical variability without imposing distributional 77 
assumptions. 78 

 79 



Figure S2. Values and corresponding distributions for roughness factor, aperture, normal 80 
stidness, and residual aperture.   81 



 S1.5 Quantification of uncertainty 82 

Each Monte Carlo run used randomly selected values for the parameters initial aperture, 83 
edective normal stress (fracture angle), initial normal stidness, and residual aperture. As 84 
described in section 1.3 and 1.4, we applied a normal distribution for the roughness factor, 85 
log-normal distribution for the initial aperture, a gamma distribution for the initial normal 86 
stidness and a non-parametric approach for the residual aperture. The edective normal 87 
stress on fractures has a high uncertainty because of the unknown angle of the fractures. 88 
We randomly assign an angle between 0 and 90, representing the full possible range of 89 
fracture inclinations. Finally, permeability samples are generated using an uncertainty 90 
range from 0.55 to 3.3. The uncertainty range is based on slug test analysis, where 91 
inclusion of non-linear sections in the head–time relation could lead to errors of 80–230%, 92 
corresponding to a factor of 0.55–3.3 in permeability estimates (Bouwer & Rice, 1976). We 93 
apply this range in log space to generate a log-uniform distribution of possible values. 94 

 S1.6 Geological factors influencing porosity 95 

Apart from depth, porosity can be influenced by a number of factors. We test whether 96 
fracture porosity is correlated with the following geological variables: surface tectonic 97 
setting (Hasterok et al., 2022), type of plate boundary (Hasterok et al., 2022) and rock type. 98 
These variables are available for 98% of the dataset, allowing for a robust analysis of their 99 
potential influence on porosity. Each variable is categorized. Variable categories with fewer 100 
than 150 observations were merged into the ‘other’ category to ensure that each group has 101 
enough ranked data to provide meaningful statistical comparisons and stable edect-size 102 
estimates. 103 

Each variable will be examined using three analyses and a model: the Kruskal-Wallis test, 104 
twice the Mann-Whitney U test (once on raw porosity, once on depth-corrected residuals) 105 
and log-log ordinary least squares model. The Kruskal-Wallis test is used to test if the 106 
variable contributes to porosity, with the null hypothesis that all groups share the same 107 
porosity distribution. The Kruskal-Wallis test was preferred over other tests like ANOVA, 108 
because the Kruskal-Wallis test does not assume normality, does not require equal 109 
variance and is more robust under skewed distributions (Kruskal & Wallis, 1952). If the 110 
Kruskal-Wallis test was significant, meaning at least one of the groups had a diderent 111 
distribution, we applied the Mann-Whitney U test. We tested each variable group versus 112 
the other variables combined, which helps us indicate which groups contribute 113 
significantly to porosity and dider from the rest. The Mann-Whitney U test, like the Kruskal-114 
Wallis test, is rank-based, making it perfect for skewed data and is not easily influenced by 115 
outliers (Mann & Whitney, 1947). We used Holm-Bonferroni correction on the p-values to 116 
adjust for multiple comparisons, controlling the family-wise error rate (Holm, 1979). 117 



Furthermore, to estimate if the tested group has often larger or smaller porosity, we used 118 
Clid’s delta (δ). It measures how often values in one group are larger than values in another 119 
(Clid, 1993). These edect sizes were interpreted using the thresholds proposed by Romano 120 
et al. (2006): |δ| < 0.147 negligible, 0.147 ≤ |δ| < 0.33 small, 0.33 ≤ |δ| < 0.474 medium, and 121 
|δ| ≥ 0.474 large 122 

This Mann-Whitney U test, with Holm-Bonferroni correction and Clid’s delta, determines if 123 
the porosity is significantly lower or higher for each group, compared to the other groups. 124 
However, it is possible that a diderence is found that can be attributed to a diderent depth 125 
range between groups. Therefore, we applied a log-log ordinary least squares model to all 126 
the data and found a general depth trend.  127 

𝑙𝑜𝑔'8(q) = 	b8 +	b'𝑙𝑜𝑔'8(𝑧)		 	 	 (S15)	128 

Next, for each datapoint, we calculated the residual. A positive residual indicates a higher 129 
porosity than expected for that depth. 130 

𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 = 	 𝑙𝑜𝑔'8(𝑞) − (𝑏8 +	𝑏'𝑙𝑜𝑔'8(𝑧))   (S16) 131 

We rerun the Mann-Whitney U test on these residuals, so we compensate for depth. 132 
Comparing the first Mann-Whitney U test and the second one tells us if the diderence in 133 
porosity distribution can be attributed to depth.  134 

The final tests we applied were a log-log ordinary least squares model, and we calculated 135 
the Spearman rank correlation coedicient. The log-log-ordinary least scares model, 136 
applied to each variable group, to find individual porosity-depth trends and see how they 137 
dider. Some groups may exhibit a faster reduction in porosity with depth than other groups. 138 

𝑙𝑜𝑔'8(𝑞) = 	𝑎1 +	𝑏1𝑙𝑜𝑔'8(𝑧)     (S17) 139 

To determine if there is a statistically significant relationship between porosity and depth, 140 
we calculated the Spearman rank correlation coedicient (ρ) and its associated p-value 141 
(Spearman, 1904).  142 

Text S2.  Additional results and discussion 143 

S2.1 Geological factors influencing porosity 144 

In addition to depth, several external geological factors can influence porosity in crystalline 145 
rock formations. For the geological factors rock type, tectonic setting and plate boundary, 146 
we tested if that geological factor has an influence on porosity and if so, how each group 147 
contributes to porosity compared to the other groups, after controlling for depth. Finally, 148 
we tested how the porosity-depth relationship diders across the geological factors, using 149 
log-log regression models with group-specific slopes and intercepts.  150 



Rock type influences porosity, with pegmatite showing the most meaningful deviation from 151 
the overall porosity–depth trend. A Kruskal-Wallis test indicates that rock type influences 152 
porosity distributions overall (H(5) = 1777, p < 0.001). After controlling for depth, pegmatite 153 
showed the largest positive deviation from expected porosity (δ = 0.403, medium edect), 154 
followed by schist and ‘other’ (δ = 0.303 & δ = 0.317, small edects). Granite, gneiss, and 155 
diorite were statistically significant (p < 0.001) but had a negligible negative edect (δ < 0), 156 
suggesting limited geological importance. Figure S3 shows median of the data points of the 157 
first 100 meters of all the data and the median of the specific rock type. This shows that 158 
granite, pegmatite, gneiss and diorite have median values very close to the overall median, 159 
while schist and ‘other’ are further apart from the median. To assess how strongly porosity 160 
varies with depth within each rock type, we calculated Spearman rank correlations. Schist 161 
shows a strong monotonic porosity–depth relationship (ρ = –0.699), while granite and the 162 
‘other’ category show moderate correlations (ρ = –0.520 and –0.494, respectively). Gneiss 163 
and diorite exhibit only weak correlations (ρ = –0.268 and –0.170), indicating that depth 164 
plays a comparatively minor role in these lithologies. Pegmatite shows no significant 165 
monotonic trend with depth (ρ = –0.047, p = 0.088), consistent with its positive deviation 166 
from expected porosity after depth correction. In addition, Figure S3 shows the log-log 167 
regression model with group-specific slopes and intercepts. The model explains 168 
approximately 21% of the data variability in log-transformed porosity. Granite and schist 169 
show a steeper decline in porosity with depth compared to the overall trend, while the 170 
other rock types have a more gradual decline with depth. Although the overall trend shows 171 
decreasing porosity with depth for rock types, some sequences display the opposite 172 
behavior. This is also observed in Figure S4 and Figure S5. These increases occur where the 173 
depth-dependent aperture decreases steeply relative to permeability.  174 



 175 

Figure S3. Porosity as a function of depth for each rock type. The solid red line shows the 176 
group–specific log–log regression trend, while the solid grey line shows the overall trend. 177 
The dotted red line marks the group median porosity within the 0–100 m depth interval, and 178 
the dotted grey line marks the global median within the same interval. 179 

Furthermore, geological setting adects porosity, with shields, accretionary complexes, and 180 
cratons showing the strongest positive deviations. Geological setting influences the 181 
porosity distribution (H(7) =3852, p < 0.001). Shield, accretionary complex, and craton 182 
show noticeably higher porosity values than the expected porosity (δ = 0.267, 0.202 & 183 
0.257, respectively, small edects). Furthermore, ‘other’ shows a statistically significant (p < 184 
0.001) positive edect on porosity but had a negligible edect size (δ < 0.08). Orogenic belt, 185 
magmatic province, volcanic arc, and wide rift all showed the negative deviation (δ < 0) 186 
from expected porosity, from which orogenic belt had a small edect and the rest a 187 
negligible edect size (δ = -0.173, δ = -0.121, δ =-0.076 & δ =-0.099, respectively). Figure S4 188 
shows a similar pattern looking at just the first 100 meters depth interval medians. 189 
Accretionary complex, craton, orogenic belt and shield have a median above overall 190 
median, while the other rock types have a median below the overall median. In terms of 191 
porosity-depth relationship, we observe steeper strong relationship for orogenic belt (r=-192 
0.788), compared to the overall relationship and a very gradual relationship and non-193 
existent monotonic trends for magmatic province and wide rift . The model explains 194 
approximately 26% of the data variability in log-transformed porosity. 195 



 196 

Figure S4. Porosity as a function of depth for each geological setting. The solid red line 197 
shows the group–specific log–log regression trend, while the solid grey line shows the 198 
overall trend. The dotted red line marks the group median porosity within the 0–100 m 199 
depth interval, and the dotted grey line marks the global median within the same interval. 200 

Although plate boundary type appears to adect porosity, depth diderences between 201 
boundary categories largely determine which edects remain significant. For plate 202 
boundary, we have used the plate boundary closest in distance to the permeability 203 
measurement point, however it is possible that a measurement point is influenced by 204 
another plate boundary type close by. The Kruskal-Wallis test indicates that plate boundary 205 
has an influence on porosity and a one versus all analyses shows that all plate boundaries 206 
are significant contributors without a depth correction. With a depth correction, only the 207 
dextral transform (positive, δ = 286, small edect) and the subduction zone (negative, δ = -208 
0.219, small edect) contribute significantly. The importance of applying a depth correction 209 



is evident in Figure S5. The plate boundary types dider substantially in both sample size 210 
and depth distribution, with the collision zone containing the largest number of data points. 211 
This is also visible when examining the log-log regression model with group-specific slopes 212 
and intercepts, which explains 18% of the variability. The collision zone trend is almost 213 
identical to the overall trend.  214 

 215 

Figure S5. Porosity as a function of depth for plate boundary type. The solid red line shows 216 
the group–specific log–log regression trend, while the solid grey line shows the overall 217 
trend. The dotted red line marks the group median porosity within the 0–100 m depth 218 
interval, and the dotted grey line marks the global median within the same interval. 219 

Some porosity sequences show an apparent increase with depth, a pattern likely driven by 220 
model behavior rather than by real geological processes. Figure S3, 4 and 5 show 221 
sequences of increasing porosity with depth. This behavior is not expected, as porosity in 222 
crystalline rocks generally decreases with depth due to increasing edective stress, which is 223 
also reflected in our overall dataset. This is due to a decline in aperture which exceeds the 224 
decline in permeability with depth. Because aperture decreases more rapidly with depth 225 
than permeability does, the ratio k/b^2  Equation S13 can increase even when permeability 226 
itself declines. This is likely a model-driven artifact and not a physical increase. Figure 227 
S6shows our aperture decline with depth versus the estimated decline in aperture with 228 
edective normal stress from Baghbanan & Jing (2008). Our decline in porosity is much 229 
faster for the first kilometer, compared to Baghbanan & Jing (2008), almost 1.74 times. 230 



Beyond that, the rate of decline slows substantially, dropping to only 19% of the Baghbanan 231 
& Jing (2008) rate. We adopted the aperture–depth equation from Jiang et al. (2010) based 232 
on the availability of the parameters needed (see Text S1.2). The calculation of aperture as 233 
a function of depth carries substantial uncertainty. A higher initial normal stidness or a 234 
larger initial aperture would produce a more gradual reduction in aperture with depth, 235 
which in turn would yield lower porosity values than those presented here. However, our 236 
uncertainty analysis indicates that variations in these parameters have only a modest 237 
edect on the median porosity. Although parameter uncertainty influences the absolute 238 
magnitude of porosity, the overall depth trend remains stable across all parameter 239 
combinations tested. We therefore consider the main patterns reported here to be robust. 240 

 241 

Figure S6. Digitalized variation of aperture with normal stress for assumed initial apertures 242 
from Baghbanan & Jing (2008), in black and our aperture with edective normal stress and 243 
depth in red.  244 



Although depth remains the dominant control, geological factors are important as well. 245 
Our research showed that in particular, rock type and geological setting explain part of the 246 
variability in the data. It shows that not all crystalline rocks behave alike. This is also 247 
observed by Achtziger-Zupančič et al. (2017) and Ranjram et al. (2015). Both studies 248 
conclude that depth is the primary control, but that several geological factors still exert 249 
influence. Achtziger-Zupančič et al. (2017) found that lithology has only a small edect on 250 
permeability and reported a stronger influence of geological setting than we observe. In 251 
doing so, it also removes the connectivity-driven variability in the permeability data and 252 
standardizes depth edects, thereby reducing tectonic signals while making small lithology 253 
diderences more visible. This also removes the much larger connectivity-controlled 254 
permeability variations that dominate the geological trends in the Achtziger-Zupančič et al. 255 
(2017) study. This filtering edect is why our geological patterns appear weaker overall. 256 
Ranjram et al. (2015) also found only a weak edect of lithology, mainly near the surface, 257 
and they similarly conclude that tectonic setting is more influential than lithology in the 258 
shallow crust. 259 

It is important to note that in our study, each geological factor was tested independently, 260 
although their categories may overlap. For example, orogenic belts show a negative 261 
deviation from expected porosity, as do gneiss and granite. However, the orogenic-belt 262 
group is composed predominantly of granite (73%) and gneiss (22%). Thus, the observed 263 
edect for the orogenic belt primarily reflects the lithological composition of that group 264 
rather than an interaction between rock type and tectonic setting. Each variable, therefore, 265 
represents an isolated comparison, and diderences should not be interpreted as additive 266 
or combinable across variables. 267 

S2.2 Fracture density  268 

The fracture density distributions are, as are the porosity distributions, highly right-skewed 269 
across all depth intervals. Their distribution becomes more compact with increasing depth 270 
and do not match common parametric forms. Figure S7 presents fracture density 271 
distributions across diderent depth intervals. Consistent with our porosity analyses, the 272 
skewness is evident when comparing mean and median values. In the 0–100 m interval, the 273 
median fracture density is 3.50	x	10<2 m-1, while the mean is 244 times higher at 8.54, 274 
suggesting the presence of extreme outliers. However, both the absolute IQR and the ratio 275 
between median and mean decrease with depth, indicating that the distributions become 276 
less variable and slightly less skewed. Suggestion that the distributions become more 277 
compact and less influenced by extreme values in deeper intervals. 278 



 279 

Figure S7. Fracture density distributions across three depth intervals: 0–100 m, 100–500 m, 280 
and 500–36,000 m.  281 
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