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Abstract 

Enhanced weathering (EW) with crushed silicate rocks has been proposed as a potential form of carbon 
dioxide removal. This process requires relatively low capital cost, has high global implementation potential, 
and can provide agronomic and fertility co-benefits to landowners. However, to date, there are limited 
published, at-scale estimates of empirically constrained weathering rates on working farms. Here, we 
present estimates of ultrafine basalt enhanced weathering rates from an extended growing season based on 
over 1,800 samples from 24 fields across Southern Virginia and North Carolina, compared against 24 
unapplied fields. This deployment utilizes a paired sample-resample design to constrain between-
field heterogeneity, thereby reducing uncertainty. Area-weighted means of three soil mass balance 
approaches showed that 21.23 ± 7.44% (SEM) of the applied feedstock weathered in approximately six 
months, with an associated potential carbon dioxide removal of 3.79 ± 1.36 tCO2 ha-1. This value is 
consistent with weathering rates predicted from a first-order kinetic model driven by feedstock-specific 
properties. 

Introduction 

Within the past decade, there has been a growing interest in developing and deploying carbon dioxide 
removal (CDR) pathways to help meet global climate mitigation targets and as a way to tackle legacy 
anthropogenic greenhouse gas emissions (1–3). To date, billions of dollars have been invested in building 
the public and private infrastructure necessary for removing CO2 at the gigaton-scale (3–5). With this 
growth, it has become increasingly important to accurately constrain the expected capacity of CDR 
solutions with respect to both deployment volume and capital requirements. 

Enhanced weathering (EW) is a durable geochemical method of CDR, relying on the spreading and 
subsequent dissolution of fine-grained, cation-rich feedstocks in soil systems, which releases base cations 
and alkalinity into the environment (6) and can drive the conversion of CO2 to bicarbonate (HCO3

-) (7–9). 
Silicate weathering can also decrease acid export from soil systems, which impacts CO2 fluxes from 
downstream rivers (10, 11). The use of alkaline feedstocks as a pH management strategy is a common 
agricultural practice, with the most common amendment being limestone. EW deployment seeks to 
optimize, subsidize, and expand this practice to remove appreciable quantities of CO2 each year, with US 
projections as high as 0.5 GtCO2 yr-1 (12). EW utilizes existing infrastructure (e.g., mines, industrial 
waste, and spreading equipment), enabling it to scale at a much lower cost than other geochemical CDR 
strategies (13). Further, EW offers key co-benefits provided to participating landowners and farmers, both 
through direct agronomic benefits and practice subsidization (1, 14–17).  

Despite this potential, there are major uncertainties in estimates of the scale at which EW can be deployed 
(18). A key gap in our understanding of EW with silicates remains empirical constraints on the rates of 
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feedstock dissolution expected on working farms with optimal feedstocks (19–21). There have been 
consistent advances in modeling EW over the past decade, but the range of expected capacity is large (18, 
22, 23). Thus, there is an obvious need to further constrain these estimates through empirical rate 
determinations from field deployments, and there has been considerable recent work pursuing academic 
EW field trials and mesocosm experiments with the aim of understanding and quantifying dissolution 
rates across settings (16, 24–30). These trials, however, remain limited in their ability to robustly mimic 
field conditions on working farms.  

Solid-phase mass balance approaches have long been used to estimate natural weathering rates (31, 32), 
and, more recently, have been proposed to be useful for tracking enhanced weathering rates (33–35). Soils 
are spatiotemporally heterogeneous; their method of formation (i.e., the weathering of local rock, 
incorporation and decomposition of organic matter, and reliance on local water fluxes), and variable 
interactions with local climate and biogeochemistry through time, can lead to entirely different 
compositions from centimeter to meter scales (36, 37). Without a proper soil sampling procedure, it can 
be difficult to resolve signal from noise, which remains a significant challenge in attempts to quantify 
feedstock dissolution rate. However, methods for addressing spatial variability in soil sampling have been 
well-established in both agronomic and contaminant studies (37). While soil mass balance has been 
demonstrated to be possible in controlled settings, there are limited published weathering estimates from 
at-scale field trials (17, 33–35). Despite the lack of results, there have been questions about the 
ability of soil mass balance approaches to overcome signal-to-noise issues on working lands (e.g., 39). 
This has created an ‘infeasibility assumption’ that could curb efforts to empirically track the EW process, 
an issue similar to that confronted by attempts to track changes in SOC stocks.  

The lack of documented field trials has hindered our understanding of where EW might be most 
efficiently deployed. While it is well understood that tropical and sub-tropical climates will be most 
conducive to high initial silicate dissolution rates, there has been very little empirical work on expected 
rates, especially for US-based climates. With over 20 million cultivated acres, the Southeastern US is 
already a major crop production area and is biogeochemically primed to serve as an EW hub (40). Its 
subtropical and tropical climates are expected to encourage rapid dissolution of feedstocks, while the low 
cation exchange capacity (CEC) of baseline soils has the potential to rapidly export cations with low time 
lags and lower risk of secondary mineral formation within the soil column (41). The Southeastern US is 
also a prime region that could benefit from enhanced weathering; this region is projected to see a 20-40% 
decline in yield within the next 75 years due to climate change (42). Declines in productivity are largely 
driven by the prevalence of highly degraded, acidic soils, caused by poor parent material, high drought 
risk, low water holding capacity, and low regenerative practice implementation (further exacerbated by 
high costs and low regional amendment availability) (43). Thus, the predicted effects of EW—increasing 
soil pH, micronutrient concentrations, and water retention, as well as providing direct yield benefits (12, 
44, 45)—have the potential to significantly increase the agronomic and economic resilience of this region 
to climate change. 

Here, we present a solid-phase mass-balance analysis from roughly 50 fields, half treated with basalt and 
half left as controls, in Southern Virginia and North Carolina, key regions in Southeastern US agriculture 
(Figure 1, Table 1). Both basalt and control fields exhibit equivalent variance in agronomic properties, 
suggesting that they are cross-comparable datasets with respect to baseline traits (SI Table 1-2). We show 
that using sample composites, matched spatial sampling over time, and multi-field aggregation can 
overcome the signal-to-noise challenges of soil geochemical mass-balance. We provide measured rates of 
basalt dissolution from multiple methods of dissolution quantification, using both full cation accounting 
(FCA) and immobile-element tau corrections (31) via aluminum (Al) and titanium (Ti). We also provide 
the associated potential carbon dioxide removal (pCDR) from this dissolution based on feedstock 
chemistry. Finally, using these empirical values we demonstrate the applicability of an average treatment 
effect framework for reducing uncertainty in CDR estimates across large deployment areas, while 
grounding the observed estimates using a first-order kinetic dissolution model. 



 

Results and Discussion 

In total, 1809 samples were used for analysis across 24 basalt-amended fields, and 1563 samples were 
used for analysis across 24 unapplied fields. Each sample contains 8-10 cores from within a 1 m radius 
following common agricultural sampling protocols [e.g., (37, 46–48)], coordinate matched using a 5.6 x 
4.5 m grid pairing. All experimental fields were amended with a basalt from the same quarry in Butner, 
North Carolina, at a rate of approximately ~45 t ha-1. The basalt has a p80 of 89.92 um, a BET specific 
surface area of 5.24 g m-2, and a composition of 67% plagioclase, 13% augite/diopside, 8% volcanic 
glass, 4.3% olivine, and 4.9% enstatite, yielding a maximum CDR potential of 0.383 tCO2 per ton of rock. 
Samples were taken prior to amendment (baseline; BL), within 3 weeks after basalt application (post-
application; PA), and then resampled after harvest, approximately 6 months after initial application 
(resampling; RS). Maps of fields and sampling locations can be found in the supplement.  

A critical assumption of the sample-resample mass balance approach is that the samples taken from the 
same georeferenced location are comparable in composition. Al/Ti ratios, a common provenance tracer 
(31, 32, 49), were used in this case to ensure sample fidelity over time, enable a relative cross-comparison 
of different sampling points, and avoid regression-to-the-mean phenomena. On a per-sample basis, the 
basalt-applied sample DAl/Ti shifted 3.32 ± 13.41%, and the control sample DAl/Ti shifted 0.33 ± 28.59 
% (error presented as standard error of the mean) (Fig. 2a). Both basalt and control fields showed no bulk 
shift in Al/Ti ratios with resampling, although the high variance indicates that this assumption doesn’t 
always hold on the individual sample level. This points to the importance of investigating the average 
effect at the field scale, rather than effects at the individual sample level, to overcome signal-to-noise 
concerns.  

To properly demonstrate treatment effects, it is critical to develop a robust counterfactual scenario using 
densely sampled, comparable control fields. This ensures that any observed weathering signal is related to 
the implemented practice rather than to measurement error or an extraneous management effect (39, 50). 
Critically, control fields showed no significant shift in cation concentration (Fig. 2b; SI Fig. 2). This 
suggests that, under normal conditions, fields with no basalt application do not show any observed false-
positive signal from sampling noise; further, this demonstrates that background weathering rates in the 
upper portion of degraded soils in the Southeast are below the observable limit of detection. 

In contrast to control fields, basalt-applied fields showed clear signals of basalt application, indicated by 
significant increases in solid-phase cation concentrations following application (p < 0.0001), both in 
absolute cation values and when compared with Ti concentrations (Fig. 2c-d; SI Figures 3-26). While the 
statistical significance of signals at the RS timepoint varied between fields (SI Figures 3-26), there is a 
clear, statistically significant signal at the project level. This signal implies that geochemical mass balance 
can potentially resolve the treatment effect of basalt addition, despite the heterogeneity of local soil 
environments and of feedstock application itself. As a first step, this validates the use of geochemical 
mass-balance at the project level and suggests that paired soil sample-resample approaches can overcome 
signal-to-noise concerns. 

Following the post-harvest resampling event, basalt weathering rates were calculated using per-sample 
bootstrapping, resulting in dissolution estimates that were largely consistent between the FCA and tau-
corrected methods, albeit with deviations on individual fields (SI Figure 27). There are clear instances in 
which the tau-corrected rate, using Ti and Al as immobile tracers to correct for bulk density, varies with 
the FCA weathering rate (SI Fig. 3-27). Because Al and Ti are largely immobile elements in these soils, 
the variation in these signals on an individual sample level will be impacted by local sampling 
heterogeneity as well as local changes in soil bulk density. There are multiple methods of immobile tracer 
correction; in this case, we are normalizing shifts in Al and Ti concentration to the original empirical 
value (33, 35, 51). This assumes that the sampling of baseline conditions is a reasonable estimation of 



baseline values, which appears valid based on the stability of the control fields across sampling timepoints 
(Fig. 2a-b). 

Weighting by relative field area, basalt weathering rates estimated from FCA results yield relative 
dissolution percentages of 20.75 ± 7.54%, compared to an Al tau-corrected value of 21.01 ± 6.93% and a 
Ti-corrected value of 21.92 ± 7.85% across all 24 fields (error is presented as standard error of the mean). 
These values demonstrate a clear signal of basalt weathering in the Southeastern US on timescales 
relevant to growers and carbon credit markets, and are in line with both observations from other 
commercial deployments and from global models of potential weathering fluxes (17). When factoring in 
the tonnage applied to the fields, the mean estimate of potential carbon dioxide removal (pCDR) from 
FCA is 3.72 ± 1.39 tCO2 ha-1, compared to an Al-corrected rate of 3.74 ± 1.26 tCO2 ha-1 and a Ti-
corrected rate of 3.90 ± 1.42 tCO2 ha-1.  However, we emphasize that the presented weathering rates 
should not be conflated with net CDR, as process emissions (52) and downstream carbon leakage (53) 
also need to be evaluated in any claim of durable carbon removal. 

To understand the merits of measuring the average treatment effect, as compared to the effect at an 
individual field scale, we applied a bootstrapped mean-of-means approach to aggregate field-derived 
pCDR values, with project-level standard deviations derived using relative area weighting. The 
aggregation of fields using a bootstrapped means approach clearly leads to a reduction in error associated 
with mean values (Fig. 3a-c). As the gross sample size and acreage increase, the range of mean estimates 
becomes more indicative of the average treatment effect, and the relative uncertainty associated with the 
magnitude of the treatment effect decreases. This supports the assertion (39, 50, 54) that regional or 
project-level estimates can provide a more reliable mean effect relative to approximations made at smaller 
spatial scales. 

We can further ground the approximate magnitude of the measured weathering rate using a simplified 
kinetic dissolution model. The modeling was conducted as a forward simulation (i.e. no calibration 
against measured bulk basalt dissolution) and included a Monte-Carlo based uncertainty propagation of 
baseline soil pH (5.1-6.1), mean annual soil temperature, and slight variability in mineralogical phases to 
ascertain a range of expected weathering rates (SI Fig. 28). The simulations utilize a component additivity 
framework, which allows for the simulated dissolution of individual mineral fractions. From this forward 
simulation of isolated mineral phases with associated surface-area-normalized rates, the model yields a 
mean estimate of 5.61 [3.88, 7.34] (error reported as standard deviation) tCO2 ha-1 at 6 months, which 
bounds but is slightly higher than the measured in-field estimates reported above. We note that the 
simplified model assumes far-from-equilibrium reactive mineral phases and its basic formulation is likely 
most useful as a first-order estimate of weathering during dissolution of freshly spread basalt rather than a 
skilled prediction of dissolution at any given location. As the weathering process progresses, we expect 
the model to become less applicable given uncertainties in surface area evolution and the potential for 
feedstock mineral surface passivation. However, the relatively close agreement between the simulated 
weathering rates and the measured values suggests that we are observing reasonable rates and indicates 
that weathering systems can remain in a far-from-equilibrium state 6 months after feedstock application. 

As shown in Figure 4, we observe clear deviations between measured rates and the simple dissolution 
model at the field scale. Fields, or clusters of fields, can demonstrate an unrealistically high or low rate, 
both of which are likely driven by spatial noise (38). However, when measuring the average treatment 
effect at the project level (50 fields in this case), the mean estimate falls within the model's ± 1 SD range 
(Fig. 4). This is a clear illustration of the potential problems associated with carbon accounting at the field 
scale. 

Climate, plant activity, and soil management all play important roles in increasing the weathering rates 
across this region, compared to more temperate regions or mesocosm estimates (55–58). The average 
summer (June-September) temperature from 2024-2025 across the Southeast was 26.3°C, with average 



summer precipitation of approximately 610 mm. These weathering rates are higher than other quantified 
estimates, highlighting that small-scale experiments may not ideally replicate real-world conditions (55–
58). Weathering rates are driven by active soil environments, with high temperature and precipitation; 
thus, the assumption that weathering rates from the growing season will be mirrored in the winter is 
unlikely. We expect that the provided values will encompass the majority, if not all, weathering occurring 
in this agroecosystem over the course of the year, despite estimates being taken over only a portion of the 
year.  

More broadly, the presented values are in line with published global estimates in subtropical and tropical 
environments, as well as reactive transport model (RTM) estimates for this region (Fig. 4, SI Table 3); 
(15–17, 22, 28, 29, 59–63). Notably, many published estimates are lower than what was empirically 
estimated by this study. This may in part be driven by a reliance on short-term mesocosms to supply 
training data for the RTMs, potentially leading to an underestimation of weathering rates. In any case, our 
results emphasize the need to construct large-scale datasets on working fields for the calibration and 
validation of predictive models. 

Our results indicate that with controls and optimized sampling methodologies, soil mass balance 
approaches can yield reproducible rate estimates that are in line with existing observations and general 
kinetic bounds. Project-level estimates allow us to overcome signal-to-noise issues and generate an 
average treatment effect with a reduced uncertainty. Enhanced weathering has shown promise as a CDR 
strategy, while concurrent co-benefits to growers make it an appealing target for investment (13, 16, 17). 
However, it is inherently reliant on the rapid dissolution of feedstock, which must be constrained through 
empirical estimates and may only emerge in specific regions and contexts. Our results provide motivation 
to continue investment in empirically constraining weathering rates across scales in EW deployments, 
both within the Southeast and across the globe. As has been stressed extensively, it will be important to 
concurrently invest in work aimed at quantifying alkalinity and carbon fluxes after feedstock dissolution 
in the field (64–68). Nevertheless, these results, coupled with strong evidence for agronomic and 
economic benefits in the same region, provide additional impetus to explore EW as a land management 
practice that can potentially benefit farmers and help to reduce the climate impacts of agriculture (45). 

 

 

 

 

 

 

 

 

 

 

 

 

 



Tables and Figures: 

Table 1. Site properties for presented applied fields. 

Site 
Name  lat [deg] long 

[deg] Size (ha) 
Application Rate 

(dry metric 
tons/ha) 

Reported Crop # Samples 

A 36.83 -78.38 19.09 44.49 Corn 19 
B 36.81 -78.43 14.36 44.49 Corn 14 
C 36.76 -78.48 27.05 44.49 Corn 26 
D 36.72 -78.42 43.19 44.49 Corn 39 
E 36.67 -78.49 5.04 45.695 Soybeans 54 
F 36.83 -78.38 19.09 44.49 Corn 18 
G 36.55 -78.60 38.26 38.16 Soybeans 28 
H 36.31 -79.46 18.14 46.48 Hay 13 
I 36.28 -78.72 27.39 49.33 Tobacco 28 
J 36.42 -78.35 17.66 42.87 Grain Sorghum 20 
K 36.42 -78.30 29.63 42.87 Grain Sorghum 17 
L 36.40 -78.30 15.65 42.87 Grain Sorghum 32 
M 35.99 -78.79 13.26 55.89 Hay / Pasture 22 
N 36.35 -78.23 36.04 45.06 Pasture 32 
O 35.83 -78.19 23.62 44.17 Hay 23 
P 35.70 -78.54 21.45 43.42 Hay 21 
Q 35.75 -78.47 16.21 43.42 Hay 15 
R 35.73 -78.45 47.15 42.64 Cotton 43 
S 35.68 -78.42 18.77 49.39 Soybeans 15 
T 35.59 -78.39 35.32 49.39 Soybeans 30 
U 35.47 -78.05 21.51 49.44 Soybeans 16 
V 35.51 -78.00 30.76 49.44 Soybeans 30 
W 35.48 -78.00 32.58 49.44 Soybeans 29 
X 35.45 -77.99 20.15 49.44 Soybeans 19 

 

 

 

 

 

 

 

 

 

 



Table 2. Mean individual site weathering values and associated potential carbon removal values. Error is 
given as SEM. 

Site 
Name Fw, cat. acct. Fw, Al-tau Fw, Ti-tau tCO2, cat. 

acct. tCO2, Al-tau tCO2, Ti-tau 

A 5.67 ±13.29 5.51 ± 9.08 9.37 ± 13.53 0.97 ± 2.27 0.94 ± 1.55 1.60 ± 2.31 
B 0.56 ± 13.83 -8.50 ± 13.44 -14.22 ± 20.54 0.10 ± 2.36 -1.45 ± 2.29 -2.42 ± 3.50 
C -32.57 ± 11.18 -17.21 ± 8.14 -29.85 ± 10.89 -5.55 ± 1.87 -2.93 ± 1.36 -5.09 ± 1.82 
D -3.35 ± 9.49 9.46 ± 11.72 -17.98 ± 13.67 -0.57 ± 3.31 1.61 ± 3.24 -3.06 ± 4.91 
E 20.25 ± 4.86 17.14 ± 4.30 15.60 ± 5.60 3.54 ± 0.85 3.00 ± 0.75 2.73 ± 0.98 
F -6.01 ± 9.36 -12.07 ± 8.85 0.25 ± 9.21 -1.03 ± 1.60 -2.06 ± 1.51 0.04 ± 1.58 
G 25.49 ± 20.69 32.23 ± 26.41 28.94 ± 24.27 3.73 ± 1.51  4.71 ± 1.93 4.23 ± 1.77 
H 52.99 ± 7.94 60.19 ± 7.48 61.88 ± 8.29 9.43 ± 1.36 10.72 ± 1.28 11.02 ± 1.42 
I 18.94 ± 10.17 26.85 ± 7.58 4.65 ± 11.47 3.58 ± 1.89 5.07 ± 1.41 0.88 ± 2.13 
J 37.21 ± 6.85 35.29 ± 6.09 32.44 ± 6.89 6.11 ± 1.12 5.79 ± 1.00 5.33 ± 1.13 
K 44.26 ± 7.60 44.15 ± 9.95 47.52 ± 8.24 7.27 ± 1.25 7.25 ± 1.63 7.80 ± 1.35 
L 13.04 ± 8.05 23.45 ± 6.49 10.62 ± 11.37 2.14 ± 2.22 3.85± 1.73 1.74 ± 2.45 
M 50.46 ± 7.19 32.68 ± 7.62 36.20 ± 9.37 10.80 ± 1.54 6.99 ± 1.63 7.75 ± 2.01 
N 34.37 ± 7.35 27.42 ± 9.15 40.95 ± 7.05 5.93 ± 1.27 4.73 ± 1.58 7.07 ± 1.22 
O 28.59 ± 8.44 26.58 ± 7.83 27.33 ± 9.82 4.84 ± 1.43 4.50 ± 1.32 4.62 ± 1.66 
P 23.26 ± 8.49 21.62 ± 7.95 29.72 ± 8.18 3.87 ± 1.41 3.59 ± 1.32 4.94 ± 1.36 
Q -3.78 ± 11.33 -9.43 ± 11.85 8.85 ± 9.67 -0.63 ± 1.82 -1.57 ± 1.90 1.47 ±1.55 
R 5.29 ± 6.80 -3.58 ± 7.95 14.91 ± 7.45 0.86 ± 1.11 -0.58 ± 1.30 2.44 ± 1.22 
S 54.16 ± 6.25 47.38 ± 5.15 52.48 ± 6.42 10.24 ± 1.18 8.96 ± 0.98 9.93 ± 1.21 
T 64.80 ± 4.87 61.67 ± 5.01 63.71 ± 5.51 12.26 ± 0.92 11.66 ± 0.95 12.05 ± 1.04 
U 45.30 ± 5.32 40.00 ± 5.04 45.90 ± 5.81 8.58 ± 1.01 7.57 ± 0.95 8.69 ± 1.10 
V 19.46 ± 7.75 24.27 ± 7.26 27.12 ± 7.90 3.68 ± 1.39 4.60 ± 1.30 5.14 ± 1.42 
W -5.81 ± 6.24 -2.40 ± 5.64 4.28 ± 7.03 -1.10 ± 1.18 -0.46 ± 1.07 0.81 ± 1.33 
X 36.31 ± 8.56 32.60 ± 7.59 39.83 ± 8.59 6.88 ± 1.62 6.17 ± 1.44 7.54 ± 1.63 

 



 
Figure 1. Site locations in North Carolina and Southern Virginia for 2024 and 2025 deployment fields. 
Sites are within 80 miles of each other, and all face similar temperature and precipitation regimes. The 
rough boundaries of the Piedmont area for North Carolina and Virginia are highlighted in blue. 

 



Figure 2. Bootstrapped distributions of cation and immobile tracer shifts for control and basalt-amended 
fields following baseline sampling. The values shown for each graph were calculated on a sample-by-
sample basis by subtracting out baseline (BL) cation and Ti concentrations from subsequent resampling 
concentrations (RS and PA), then a bootstrap simulation (n = 50,000) was run on the aggregated 
population. Basalt timepoints for post-application (PA) and resampling (RS) are shown in blue, and 
control timepoints are shown in green. (a) % shift in Al/Ti ratio between the post-application and 
resampling timepoint for basalt and control fields. There was no significant difference in population shift 
(p > 0.05). (b) Aggregated molar-equivalence soil cation concentration for control sampling timepoints. 
There was no significant shift in population across PA and RS timepoints (n = 521; p > 0.05). (c) 
Aggregated molar-equivalence soil cation concentration for basalt-amended sampling timepoints. There 
was a significant shift in population across PA and RS timepoints (n = 603; p < 0.0001).  (d) Aggregated 
molar-equivalence soil cation concentration for basalt-amended sampling timepoints, divided by 
respective Ti-concentration. There was a significant shift in population across PA and RS timepoints (n = 
603; p < 0.0001).  



 

Figure 3. Bootstrapped (with replacement) area-weighted mean downsampling of individual fields for (a) 
FCA, (b) Al tau-corrected approach, and (c) Ti tau-corrected approach. Individual simulations are shown 
with gray dots, with the true mean shown with the black dashed line for each method. Two standard 
deviations of simulations are shown for each n value. The standard deviations for n = 2, 6, 12, 18, and 23 
are shown in the darker boxes for each method. The introduction of increased acreage and field 
estimations led to a convergence of error towards the true population value. All mean estimates of 
simulations yield a mean within ± 0.2 tCO2 ha-1. 

  

Figure 4. Comparison of per-hectare averaged CDR estimations for the field with the highest weathering 
signal, the field with the lowest weathering signal, the aggregate signal from all fields, the first-order 
kinetic model estimate, and averaged regional RTM estimates. Individual RTM estimates are listed in SI 
Table 3. Error of the empirical estimations is presented as SEM.  
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Materials and Methods 

Deployment and Sampling Design 

All fields used in this analysis are in North Carolina and Southern Virginia, within the Piedmont region 
(Figure 1). Fields used had consistent management regimes, high sample counts, reasonable field-wide 
heterogeneity, and high acreage. To provide participating farms with anonymity, exact locations are not 
listed, though rough coordinates of each site, as well as site properties, are shown in Table 1. All fields, 
both controls and deployments, were within 80 miles of each other (Figure 1). Treatment sites received 
approximately 50 metric tons ha-1 of basalt feedstock (Table 1). Control fields received no feedstock 
amendment and had unchanged management practice with respect to their co-located treatment areas. Full 
maps of each field, showing spatial distribution of farm area and soil sampling locations, are provided in 
the supplement. All sampling and deployment data has been collected and provided by Lithos Carbon. 

Soil sampling followed a spatially systematic design intended to resolve enhanced weathering signals 
against inherent agricultural soil variability. Field boundaries were first digitized from grower-reported 
field maps using QGIS (v3.44), and sampling locations were then generated within these boundaries using 
a 2.5-acre density jittered grid applied across both treatment and control fields. The jittered design provided 
distributed spatial coverage while avoiding strict alignment with planting rows or commercial agricultural 
management features. 

Control fields, which received no basalt amendment, were designated prior to deployment using a 
representation-based framework. Stratification considered crop type, soil texture class, management history 
(e.g., liming, fertilizer inputs, tillage), landscape position, and geographic separation of field blocks. Control 
acreage was embedded across the broader deployment footprint and allocated proportionally across relevant 
crop and management strata to preserve climatic and agronomic comparability. Furthermore, controls were 
assigned at the field level rather than as sub-field strips within treated areas to minimize cross-field 
contamination and management interference.  

Sampling coordinates were generated in advance in accordance with the sampling design framework and 
uploaded to a GNSS-enabled field data collection platform. Field navigation and point collection used a 
Trimble DA2 GNSS receiver paired with TerraFlex software, enabling ≤30 cm horizontal accuracy prior to 
sampling. At each sampling event, the as-sampled coordinate corresponding to the composite sample center 
was recorded to document field-realized positioning under operational constraints. Where a predefined 
location was obstructed or not practically collectible, the nearest representative location was sampled and 
the updated coordinate recorded. 
 
Soil Sampling 
At each georeferenced location, soils were collected as a composite sample representing the cultivated 
topsoil layer (0–15 cm). Each composite consisted of eight individual cores collected within approximately 
a 1.5 m radius of the central coordinate using a drill-mounted auger. Cores were homogenized in a collection 



bucket prior to subsampling. Composite sampling was selected to reduce microscale heterogeneity and 
improve signal-to-noise ratios in structured agricultural soils relative to single-core sampling approaches. 
Each composite was split into two labeled subsamples in the field to support parallel laboratory workflows, 
with one subsample designated for geochemical analysis (i.e. elemental cation measurements) and the other 
for agronomic analysis (i.e. soil property measurements). All fields were sampled prior to basalt application 
to provide a baseline (BL) set of measurements. Fields were then sampled within 2 weeks post-application 
(R0) and additionally resampled between 3-6 months after application (R1) to quantify weathering 
progression.  
 
Feedstock Characterization 

All fields were applied with Sunrock Basalt (Al0.41Fe0.11(Mg0.16Ca0.14)Si1.17O2), sourced from Butner, 
North Carolina. Feedstock information can be found in the supplement (SI Figure 1). 

Soil Analysis 

Following aggregation, soils were dried in an oven overnight at 60°C and pulverized until >85% of the 
pulverized material passed No. 200 mesh (75 µm diameter). Samples were analyzed by ALS Laboratories. 
For full geochemical processing, the pulverized soils were digested using a lithium-borate fusion. This 
involved mixing the material with a lithium meta-borate fluxing agent and heating it in a muffle furnace 
at 1,000°C to create a molten lithium-borate salt. The molten samples were immediately dissolved in a 
nitric acid solution for characterization via inductively coupled plasma (ICP) mass spectrometry (MS) for 
trace elements (e.g. Ti, Cr, La, Nd, etc.) and optical emission spectroscopy (OES) for major elements (e.g. 
K, Na, Mg, Ca, Al, etc.). All analyses included quality control checks against certified reference materials 
for heavy metals including rare earth elements. Blank samples were analyzed in triplicate between 
batches of analytes. Cations (Ca, Mg, Na) were converted and aggregated to a single molar-equivalent 
concentration for each sample (eq cation/kg soil). Aluminum (Al) concentration was derived from Al2O3 
data. Titanium (Ti) concentration was derived from TiO2 data. 

Data Analysis 

Bootstrapped Plotting and Data Aggregation: Each treatment sample’s coordinates were assigned to a 
cell using a fixed global grid, and then converted using 1° longitude = 111,320 m. Each grid cell in 
ground distance units therefore equates to 5.6m x 4.5m (height x width). All BL, PA, and RS samples 
were assigned to a grid cell, and any replicate samples falling within the same grid cell at the same time 
point were averaged before further analysis was conducted. Each grid cell was assigned a field key based 
on its metadata information (operational documentation of deal_id, farm_id, and field_id supplied by 
Lithos), resulting in a total of 48 unique, geo-located fields.  

Sample points within a single field are not truly independent due to their similar soil types, application 
rate of basalt, and agricultural management practices. As such, uncertainty was quantified with a non-
parametric cluster bootstrap in which the field (not individual samples) was used as the unit of 
resampling. For each cluster size (N = 1 – 24 total fields), the simulation drew N fields with replacement 
from the total population of samples. The pulled samples were used to compute CDR based on full cation 
accounting (FCA) and tau quantification. This procedure was repeated 20,000 times. The bootstrap mean 
and standard deviation across replicates were reported as a function of N to evaluate population-level 
uncertainty changes as more fields are aggregated together. Mean and standard deviations were weighted 
using the relative area for each field.  

Full Cation Accounting: For the full cation accounting (FCA) framework, the percent of feedstock 
dissolution was determined by comparing the total gain in concentration of molar-equivalent base cations 
(Ca, Mg, Na) between BL and PA, or the amount of added average concentration, to the concentration 
remaining at RS: 



𝐹!"#$% =	
(𝑃𝐴 − 𝑅𝑆)
(𝑃𝐴 − 𝐵𝐿)

 

Tau Quantification: The tau quantification method utilizes classic principles of soil science (69–71). This 
method corrects for changes in bulk density using an immobile tracer, allowing for correction of 
weathering rate using a PA sample.  
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In this method, ratios of CAT:IM, in this case Ti or Al, are compared at RS and PA timepoints. If the ratio 
decreases, this shows feedstock weathering at the RS timepoint. The caveat of this rate calculation is that 
it cannot be directly compared to a FCA rate, as t is simply a ratio that must be multiplied by the total 
cations within the mean PA sample to give a proportion of loss. Both treatment and control tau ratios were 
determined using paired, nonparametric bootstrap on the mean of within-pair differences with 100,000 
resamples, then multiplied by a mean PA concentration. Samples outside of 3 standard deviations of the 
mean were removed from analysis. 

Notably, the form of tau quantification utilized in this analysis is not equivalent to the tracer-based mass-
balance method advanced by Reershemius et al., 2023 (TiCAT), where CATPA is inferred by TiRS. The 
framework as originally designed was intended to protect against the influence of inconsistent recovery of 
feedstock powder across sampling events on dissolution interpretations, where under sampling of 
feedstock powder acts as a confounding variable for rock dissolution. Here, we assume the high number 
of samples across a relatively diverse set of fields controls against the possibility of systematic bias in 
feedstock recovery during the R1 sampling event. As such, we also avoid the asymptotic behavior 
common in tracer-based mass balance, which references the common form of tracer-based quantification, 
or TiCAT (51). 

CDR Calculation and Comparison: The bootstrap FCA CDR was calculated by converting molar-
equivalent cation loss between PA and RS events to tCDR/ha, assuming full charge-balance by 
bicarbonate. The FCA rate was done by multiplying the calculated % loss by the known application rate, 
determined by dividing the known delivered dry tons of rock by field area, then converting the molar-
equivalent cation loss to tCDR/ha. The Al/Ti tau rates were derived by multiplying the Tau ratio by PA 
cation concentration, then converting the loss to tCDR/ha. Controls do not show a significant change and 
therefore are not subtracted from the rate. All error is reported in SEM. 

First-Order Kinetic Modeling as Reference: Basalt dissolution rates were compared against a simple 
kinetic dissolution model using a component additivity approach. For each reactive basalt mineral phase 
detected via XRD, each mineral was assigned a pH-dependent surface dissolution rate that was Arrhenius-
corrected from the 25°C reference state to the local annual mean soil temperature (72): 
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with aH₊ = 10− pH, Tref = 298.15 K (25 °C) and R = 8.314 J mol⁻¹ K⁻¹. Palandri & Kharaka (2004; USGS 
OFR 2004-1068) was used to estimate log k and Ea for both mechanisms of the four crystalline silicates. 
The pH dependence for basaltic glass was derived from Wolff-Boenisch et al. (2004) and the activation 
energy was obtained from Gislason & Oelkers (2003) (log kacid = −8.54, nH = 0.31, Ea = 25.5 kJ/mol, no 



neutral mechanism). At the acidic pH regime of the measured soils, the base (alkaline) mechanism was 
omitted for simplification. 

The bulk lab-measured BET (5.24 m²/g) surface area was applied as the specific surface area of each 
reactive phase, mineral i (BETᵢ = BETbulk). The per-mineral first-order rate constant and associated 
weathering fraction (Fw) are then: 

𝑘& =	𝐵𝐸𝑇'()* ∗ 	𝑟𝑖(𝑝𝐻, 𝑇) ∗ 	𝑀𝑊𝑖 ∗ 1
𝑠
𝑦𝑟
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Each mineral’s cation-equivalent pool (eq / kg mineral) was also defined as: 
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where vi is the equivalents of base cations (Ca²⁺, Mg²⁺, Na⁺) released per mole of mineral dissolved. Gross 
potential CO2 removal was then obtained assuming one mole of CO2 sequestered per equivalent of base 
cation released: 

𝐶𝑂.,&(𝑡) = 	𝐹!,&(𝑡) ∗ 	𝑃& ∗ 𝐿 ∗ 𝑀$/. ∗ 	10"0	[𝑡𝐶𝑂.	ℎ𝑎"1] 

CO₂,ᵢ(t) [tCO₂ ha-1] = Fw,ᵢ(t) · Pᵢ · L · M_CO₂ · 10⁻³ 
Where L = 50,000 kg basalt ha-1 (50 t ha-1 feedstock spread) and MCO2 = 0.044 kg/mol. Mineral 
formulation, relative abundance (wt %), cation pool, and relative specific surface area are provided 
below: 
 

Mineral Formula wt % 
(mean ± 
SD, n = 
3) 

MW 
(g/mol) 

ν 
(eq/mol) 

SSAᵢ 
(m²/g) 

Plagioclase (lab. 
An60) 

(Ca₀.₆Na₀.₄)(Al₁.₆Si₂.₄)O₈ 67.07 ± 
1.36 

271.80 1.60 5.240 

Augite/Diopside CaMgSi₂O₆ 13.20 ± 
1.13 

216.55 4.00 5.240 

Olivine (Fo80) (Mg₀.₈Fe₀.₂)₂SiO₄ 4.33 ± 
0.45 

153.31 4.00 5.240 

Enstatite/Ferroan (Mg₀.₇Fe₀.₃)SiO₃ 4.87 ± 
0.55 

110.00 2.00 5.240 

Volcanic glass Si,Al₀.₃₆Fe₀.₂₁Mg₀.₂₈Ca₀.₂₆Na₀.₀₈O₃.₄₅ 8.33 ± 
1.53 

125.00 1.18 5.240 

 
Per-mineral dissolution kinetics (25 °C reference) are outlined below: 

Phase log kacid 
(mol m⁻² 
s⁻¹) 

nH Ea,acid 
(kJ/mol) 

log kneutral Ea,neutral 
(kJ/mol) 

Source 



Plagioclase 
(labradorite 
An60) 

-7.87 0.626 42.1 -10.91 45.2   

Augite / 
diopside 

-6.36 0.710 96.1 -11.11 40.6 (72) 

Olivine (Fo80) -6.85 0.470 67.2 -10.64 79.0 (72) 
Basaltic 
(volcanic) glass 

-8.54 0.310 25.5 — — (73, 74) 

Orthopyroxene 
(En70) 

-9.02 0.600 80.0 -12.72 80.0 (72) 

 

Three independent sources of uncertainty were evaluated using Monte Carlo simulation. Baseline pH 
(field-to-field variability across the 1,559 soil samples), mineral relative abundance (three XRD analyses 
of the same feedstock), and between farm mean annual soil temperature were evaluated as the three most 
likely factors contributing to uncertainty in this simplified kinetic model. Per draw (N = 20,000), kᵢ and 
Fw,ᵢ(t) were recomputed at the drawn pH, T, and Pᵢ at the drawn relative mineral wt %. The per-mineral 
gross CO₂ removal values, CO₂,ᵢ(t), were then assembled for each reactive phase and summed to provide 
the total CDR estimate. 
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Supplementary Tables and Figures: 

Table 1. Coefficient of variance (CV) of baseline pH and base saturation across applied fields. 

Site Name Baseline pH CV Baseline Base Saturation 
(Ca + Mg) (%) CV 

A 0.0496 0.098 
B 0.0449 0.0856 
C 0.0441 0.0689 
D 0.0721 0.1035 
E 0.0657 0.1501 
F 0.0498 0.0928 
G 0.0956 0.2592 
H 0.1219 0.2762 
I 0.0647 0.1572 
J 0.0319 0.048 
K 0.0464 0.0746 
L 0.0502 0.0732 
M 0.1025 0.158 
N 0.043 0.0495 
O 0.0508 0.0981 
P 0.0727 0.2449 
Q 0.0901 0.1802 
R 0.053 0.1517 
S 0.0562 0.1886 
T 0.0598 0.1293 
U 0.0409 0.1611 
V 0.0488 0.0894 
W 0.0409 0.0915 
X 0.0364 0.0861 

Cross-Field Variance 0.00051 0.00413 
 

 

 

 

 

 

 

 

 



Table 2. Coefficient of variation (CV) of baseline pH and base saturation across control fields. 

Site Name Baseline pH CV Baseline Base Saturation 
(Ca + Mg) (%) CV 

A 0.0971 0.2861 
B 0.1176 0.1759 
C 0.0607 0.1264 
D 0.0709 0.1411 
E 0.0975 0.2904 
F 0.0736 0.1397 
G 0.0783 0.1565 
H 0.1315 0.3268 
I 0.0574 0.1119 
J 0.1079 0.2711 
K 0.1645 0.2551 
L 0.0668 0.0789 
M 0.0584 0.1305 
N 0.0807 0.1610 
O 0.0964 0.2313 
P 0.0532 0.1479 
Q 0.0736 0.1117 
R 0.1178 0.3031 
S 0.0606 0.1758 
T 0.1039 0.1471 
U 0.0317 0.0761 
V 0.0438 0.1633 
W 0.0829 0.2125 
X 0.08579 0.1223 

Cross-Field Variance 0.00091 0.00536 
 

 

 

 

 

 

 

 

 

 

 



Table 3. Comparison of published CDR estimates from reactive transport models.  

Study Time CDR  (t CO2 ha-1) Feedstock Diameter Study Design 
Vienne et 
al. 2022 
(15) 1 year 

1.83 
250 µm 

PHREEQC: 1 m mesocosm, 50 t ha-1  
basalt 

Tu et al. 
2026 (59) 1 year 0-2  N/A 

Scaled model based on regional 
precipitation and temperature regimes 

Goll et al. 
2021 (60) 1 year 0.45 20 µm 

ORCHIDEE-CP:  50t/ha basalt, 
analysis on global hinterlands 

Baek et al. 
2023 (75) 1 year 1.14-1.16 100 µm 

SCEPTER: basalt, 10t/ha application, 
global analysis but data is specific to 
the US southeast 

Khalidy et 
al. 2024  
(61) 500 days 8.3 N/A 

Geochemists Workbench: 60 cm soil 
column, 50t ha-1 basalt 

Kelland et 
al. 2020 
(62) 2 years 3 1,250 µm 

PHREEQC: 250 mm deep soil column, 
100 t ha-1 basalt 
 

Lewis et al. 
2021 (63) 15 years 1.3-8.5 267-1767 µm 

PHREEQC model from Kelland et al. 
2020 (61), 50 t ha-1 basalt 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

Figure 1. Particle size distribution (PSD) and specific surface area (SSA) of applied basalt feedstock. The 
p80 of the basalt is 89.92 uM, and the specific surface area is approximately 5.24 m2/g.  SCEPTER-
generated surface roughness values from Baek et al. (2023) are shown in blue, approximated specific 
surface area using a surface roughness of l = 20, and the surface area approximated by (76) is shown for 
comparison. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

Figure 2. Bootstrapped population cation and Ti-corrected cation concentration for control and basalt-
amended fields. All samples for each timepoint were calculated for concentration, then bootstrapped with 
50,000 simulations. The sampling timepoints (BL, PA, RS) for basalt are shown in blue, and control is 
shown in green. a) Molar-equivalent cation concentrations for control fields at BL, PA, and RS 
timepoints. b) Molar-equivalent cation concentrations for basalt-amended fields for BL, PA, and RS 
timepoints. c) Ti-corrected molar-equivalent cation concentrations for basalt-amended fields for BL, PA, 
and RS timepoints.  



      

Figure 3. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm A. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 250 m. 



    
Figure 4. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm B. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 250 m. 



      

Figure 5. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm C. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 400 m. 



        

Figure 6. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm D. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 400 m. 



       

Figure 7. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm E. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 200 m. 



       

Figure 8. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm F. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 400 m. 



      

Figure 9. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm G. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 250 m. 



       

Figure 10. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm H. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 225 m. 



       

Figure 11. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm I. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 600 m. 



      

Figure 12. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm J. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 125 m. 



       

Figure 13. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm K. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 250 m. 

 



       

Figure 14. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm L. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 250 m. 



      

Figure 15. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm M. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 150 m. 



      

Figure 16. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm N. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 250 m. 



       

Figure 17. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm O. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 275 m. 



      

Figure 18. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm P. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 200 m. 



       

Figure 19. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm Q. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 200 m. 



      

Figure 20. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm R. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 500 m. 



       

Figure 21. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm S. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 200 m. 



       

Figure 22. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm T. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 400 m. 

 



       

Figure 23. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm U. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 225 m. 

 



        

Figure 24. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm V. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 300 m. 

 



      

Figure 25. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm W. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 250 m. 

 



      

Figure 26. Bootstrapped Concentrations, Resampling Histograms, and Map of Fields and Point 
Distributions for Farm X. Bootstraps used a total of 50,000 simulations to simulate a given mean 
dissolution percentage on the x-axis, with relative probabilities (%) for outcome on the y-axis. Histograms 
show the relative frequency (%) on the y-axis, against the given concentration value on the x-axis for 
major cations [Ca2+, Mg2+, Na+], Al, and Ti, with units given as mol-eq kg-1, %, and ppm, respectively. 
Paired t-tests were conducted on unbootstrapped populations, with significance displayed on bootstrapped 
plots for clarity. Maps of field and sampling distributions are also shown, with anonymized latitudes and 
longitudes, as well as total hectares included. The scale of the map is given in meters, with a single 
rectangle being equivalent to 200 m. 



 
Figure 27. Bootstrapped distribution of cation-based accounting, Al-corrected, and Ti-corrected 
weathering rate comparison for all presented fields. Each rate population is calculated on a sample-by-
sample basis for each field then bootstrapped with replacement (n=50,000). The x-axis shows the 
comparable dissolution rate, and the y-axis shows the probability of a given mean estimate given the 
population. Distributions for each method is shown in blue, and means of methods are shown with 
vertical dashed black lines.  



 
Figure 28. Simplified first-order kinetic model simulating basalt dissolution. Uncertainty is propagated 
using Monte Carlo simulation (N = 20,000) of ranges in soil pH, temperature, and XRD-derived 
mineralogy. Colored, dashed curves indicate the dissolution of individual mineral fractions based on a 
component additivity framework. The sum of these dissolved minerals constitutes the mean dissolution 
rate (dashed black curve). The shaded region shows a 1 standard deviation uncertainty envelope, with 
discrete ranges provided every 6 months. 

 


