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 The most represented magma storage depths in Icelandic volcanoes are in the range 1-

5 kbar, with modal values at about 2-3 kbar 
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Abstract 

We introduce a new approach, based on Machine Learning, to estimate pre-eruptive 

temperatures and storage depths using clinopyroxene-melt pairs and clinopyroxene-only 

chemistry. The model is calibrated for magmas of a wide compositional range, it complements 

existing models, and it can be applied independently of tectonic setting. Additionally, it allows 

the identification of the main chemical exchange mechanisms occurring in response to pressure 

and temperature variations on the base of experimental data without a-priori assumptions. 

After the validation process, performances are assessed with test data never used during the 

training phase. We estimate the uncertainty using the Root Mean Square Error (RMSE) and 

the coefficient of determination (R2). The application of the best performing algorithm (trained 

in the range 0-40 kbar and 952-1882 K) to clinopyroxene-melt pairs from primitive to 

extremely differentiated magmas of both sub-alkaline and alkaline systems returns a RMSE on 

the order of 2.6 kbar and 40 K for pressure and temperature, respectively. We additionally 

present a melt- and temperature-independent clinopyroxene barometer in the range 0-40 kbar, 

characterized by a RMSE of the order of 3 kbar. Tested for tholeiitic compositions in the range 

0-10 kbar, the melt- and temperature-independent clinopyroxene barometer has a RMSE of 1.7 

kbar. We finally apply the proposed approach to clinopyroxenes from Iceland, providing new, 

independent, insights about pre-eruptive storage depths of Icelandic volcanoes. The general 

applicability of this model will promote the comparison between the architecture of plumbing 

systems across tectonic settings and facilitate the comparison between petrologic and 

geophysical studies. 

 

 

Keywords: Machine-Learning; clinopyroxene-melt thermometers; clinopyroxene-melt 

barometers; clinopyroxene-only barometer, Icelandic magmatism 

 

1 Introduction 

 

Unraveling pre-eruptive temperatures and storage depths of magmas feeding active 

volcanoes is a fundamental topic in petrology and volcanology (e.g., Devine et al., 1998; 

Putirka 2008; Putirka 2018). As an example, accurate temperature estimations allow the correct 

application of diffusion chronometry (e.g., Costa et al., 2020; Petrone et al., 2016; 2018). Also, 

a reliable definition of pre-eruptive storage depts is mandatory in the characterization of 
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volcanic plumbing systems (Devine et al., 1998; Kennedy et al., 2018; Petrelli et al., 2018; 

Ubide & Kamber, 2018).  

The development of current geo-thermometers and barometers relies on the modeling 

of entropy and volume changes occurring in equilibrium reactions between melts and crystals 

(Putirka, 2018; Putirka, 2008). This approach, based on the thermodynamic characterization of 

the magmatic system, provides a well-established theoretical framework, and it is widely 

applied to estimate pre-eruptive magma temperature and storage depths  (Masotta et al., 2013; 

Neave et al., 2019; Nimis, 1995; Nimis and Ulmer, 1998; Putirka, 2008; Putirka et al., 2003). 

The typical calibration procedure for cpx thermometers and barometers consists in five main 

steps: a) Identify chemical equilibria associated with large variations of entropy and volume, 

respectively (Putirka, 2008); b) retrieving a consistent experimental dataset with known T and 

P (e.g., the LEPR dataset; Hirschmann et al., 2008); c) calculate the cpx components from 

chemical analyses; d) define a regression strategy; e) model validation (Putirka, 2008).  

Several studies reported the calibration of cpx and cpx–melt geothermobarometers in 

different tectonic settings (Putirka, 2008). The earliest attempts were carried out using a simple 

system based on cpx only (Nimis, 1995; Nimis & Ulmer, 1998). Although inviting for its 

simplicity, these early calibrations perform worse than models based on cpx-melt pairs, thus a 

melt in ‘apparent’ equilibrium with each investigated crystal is typically required (Neave et al., 

2019; Putirka, 2008). Calibrations based on cpx-melt pairs are now widely accepted with 

advantages, potential pitfalls, and limitations that have been extensively discussed by Putirka 

(2008). One of the main risks to consider during the calibration procedure of any method is the 

potential overfitting of the experimental data, which results in poor accuracy in real-world 

applications (Putirka, 2008). Additionally, many barometers and thermometers can only be 

applied within a particular, sometimes extremely restricted, range of melt chemistry (i.e., local 

calibrations; Masotta et al., 2013; Mollo et al., 2018; Neave et al., 2019; Putirka, 2008; Putirka 

et al., 2003), as they are developed to solve specific problems where generalized calibration 

fails (Masotta et al., 2013; Mollo et al., 2018; Neave & Putirka, 2017). Finally, the 

identification of equilibrium crystal-melt pairs is not always trivial, which potentially 

introduces additional sources of error (Zellmer et al., 2014).  

Recently, various studies demonstrated the potentials of Machine Learning (ML) in the 

solution of petro-volcanological problems (Bolton et al., 2020; Caricchi et al., 2020; Itano et 

al., 2020; Li et al., 2020; Petrelli et al., 2017; Petrelli & Perugini, 2016; Ren et al., 2019; Ueki 

et al., 2020). One common feature for ML models is that they do not need to solve complex 

problems using an a priori defined conceptual model (e.g., the definition of a thermodynamic 
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reaction) but they can follow a data-driven approach (Caricchi et al., 2020; Hazen, 2014; Hazen 

et al., 2019; Morrison et al., 2017), and unravel complexities in large datasets through a so-

called learning process (Shai & Shai, 2014). 

In the present study, we test the potentials of Machine Learning approaches to be used 

as thermometers and barometers. In detail, we report on the development of cpx and cpx-melt 

thermometers and barometers in a wide range of P-T-X conditions using Machine Learning 

(ML) algorithms. We define a strategy to avoid overfitting and demonstrate the robustness of 

the calibrated models over a wide range of chemical compositions of the melt phase (i.e., a 

generalized calibration). We compare the performance of ML algorithms with classical and 

established calibrations of cpx based thermometers and barometers. We finally present a 

temperature-independent, cpx only barometer that we apply and discuss in the framework of 

Icelandic magmatism providing new and independent insights about the architecture of the 

Barðarbunga volcanic plumbing systems. 

 

2 Material and Methods 

 

2.1 Experimental dataset 

 

The global dataset used for the present study consists of a 1403 experimentally 

produced clinopyroxenes in equilibrium with a wide range of silicate melt compositions (Tab. 

S1; Fig. 1) at pressures and temperatures in the range 0.001-40 kbar and 952-1883 K, 

respectively (a detailed description of the dataset has been reported as Supplementary Material, 

Text S1). As input parameters, we used the major element compositions of melt (SiO2, TiO2, 

Al2O3, FeOt, MnO, MgO, CaO, Na2O, K2O, Cr2O3, P2O5, H2O) and clinopyroxene (SiO2, TiO2, 

Al2O3, FeOt, MnO, MgO, CaO, Na2O, K2O, Cr2O3) phases. Data below the detection limits 

were reported as 0 wt %. The system was considered anhydrous  (i.e., H2O = 0 wt%) when 

H2O was not explicitly reported. The dataset is a collection of literature data and it is reported 

as Supplementary material (Table S1; Text S1).  

 

2.2 Data Standardization 

 

Standardization of the dataset is a common requirement for many machine-learning 

estimators. In the present study, we transformed the original dataset by removing the mean and 

scaling to unit variance: 
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𝑥̃𝑖
𝑒 =

𝑥𝑖
𝑒 − 𝜇𝑒

𝜎𝑒
 

 

where 𝑥̃𝑖
𝑒, 𝑥𝑖

𝑒 are the transformed and the original value of each component belonging to the 

population of the chemical analyses of the element el (i.e., SiO2, TiO2, etc…), characterized by 

an average 𝜇𝑒 and a standard deviation 𝜎𝑒. 

 

2.3 Classic regression and Machine Learning algorithms 

 

We use six different algorithms: Ordinary least squares Linear Regression 

(Montgomery et al., 2012) plus ML-based Stochastic Gradient Boosting (Friedman, 2002), 

Extremely Randomized Trees (ERT, Geurts et al., 2006), Random forests (Breiman, 2001), k-

nearest neighbors (Bentley, 1975), and decision trees (Breiman et al., 1984) regressions. We 

report a detailed description of the principles behind each algorithm as Supplementary Material 

(Text S2). We selected these six algorithms for two main reasons: 1) they are all well 

established and widely used in literature, 2) they are all based on rules that follow the “wisdom 

of the crowds” idea or a simple mathematical expression of similarity (k-nearest neighbors), 

making them easily comprehensible to non experts. We used the scikit-learn implementation 

for both classic regression and Machine Learning algorithms (Pedregosa et al., 2011). Scikit-

learn is a Python open-source library that supports supervised and unsupervised learning 

(https://scikit-learn.org/ - Pedregosa et al. 2011). This package focuses on bringing machine 

learning to non-specialists using a general-purpose high-level language (Pedregosa et al. 2011). 

We selected to use the scikit-learn package as this will allow other users to easily replicate our 

results. In addition, it represents a powerful framework for the solution of petrological and 

mineralogical problems in fields of clustering, classification, dimensionality reduction, and 

regression (Petrelli & Perugini, 2016). 

 

2.4 Strategies and Metrics 

 

The goodness of the results has been evaluated coupling two parameters: the coefficient 

of determination and the root mean squared error metrics. The combination of these two 

metrics, associated with a robust procedure to avoid the overfitting of the input data, provides 
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a widely recognized strategy to evaluate the goodness of predictions in regression analyses 

(Branco et al., 2016). 

Coefficient of determination (R2): It provides an indication of goodness of fit and 

therefore a measure of how well unknown samples are likely to be predicted by the model: 

 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛

𝑖=1

∑ (𝑦𝑖 − 𝑦̅)2𝑛
𝑖=1

 

 

where 𝑦̂𝑖 and 𝑦𝑖 are the predicted and the expected values respectively, and 𝑦̅ =
1

𝑛
∑ 𝑦𝑖

𝑛
𝑖=1 . 

The best possible score for R2 is 1.0 and can also assume negative values. In detail R2 scores 

outside the range from 0 to 1 can occur when the selected algorithm fits the data worse than a 

horizontal hyperplane, meaning that utilized regressor is not suitable to model the studied 

problem. 

Root Mean Squared Error (RMSE): it is the square root of the sum of all errors divided 

by the number of values: 

𝑅𝑀𝑆𝐸 = √
∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛

𝑖=1

𝑛
 

 

RMSE is the equivalent of Standard Error of Estimate (SEE), and it is characterized by the same 

physical unit of the investigated parameter, in our case K and kbar for temperature and pressure, 

respectively. RMSE is always non-negative with a value of 0 indicating a perfect fit to the data, 

corresponding to an ideal R2 value equal to 1. In detail, the RMSE and R2 values are both a 

measure of the ‘prediction ability’ of a regression method, with the first providing a 

dimensional estimate of the errors associated with a prediction, and the second measuring the 

goodness of correlation between expected and predicted values. 

 

Dataset balancing and training of the ML algorithm: To avoid potential accuracy biases 

due to training of the ML algorithm using a target unbalanced dataset, we inspected the P and 

T histogram distributions and, following the suggestion provided by Branco et al. (2016), we 

randomly subsampled majority (i.e., oversampled) classes. In detail, we resampled the dataset 

using a binning of 2 kbar and we randomly removed samples form the classes that were over-

represented. In our case the class with most experiments was 0 to 2 kbar. The comparison 

between the calibration performed using the unbalanced and the balanced dataset shows that 
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the unbalance dataset tends to underestimate the pressure by 0.5 kbar. Hence the relative effect 

of using the balance vs the total dataset is less important with the increase of the pressure 

estimates. Also, similar tests should be performed by the users (of any thermo-barometer) when 

working on magma chemistries that are extreme with respect to the compositions within the 

calibration dataset. We reported the balanced dataset, which is the only one we have used 

throughout the article, in Table S2 and Figure 1B and 1C. As a first step, 119 experiments (Tab. 

S4) were removed from the balanced dataset and never used during the training process to test 

the predictive performance of the ML algorithms (test dataset). The remaining data (Tab. S3) 

were randomly split in two portions: one sub-dataset (70%) was used for training (i.e., train 

dataset) and the second (30%) for validating (i.e., validation dataset) the P and T predictions. 

We suggest to follow the approaches described here to reduce overfitting and produce unbiased 

performance tests for any model and not only when using machine learning.  

 

Robustness of the provided results: To provide a robust performance estimation of each 

ML algorithm, we performed n=1000 replications of the random splitting, training, and 

validation procedures and analysed the distributions of R2 and RMSE.  

 

Feature relative importance: In Extremely Randomized Trees (Geurts et al., 2006) and 

Random forests (Breiman, 2001) methods, the rank of a feature used as a decision node in a 

tree can be used to evaluate its relative importance with respect to the predictability of the target 

variable (Louppe at al., 2013). More precisely, the features used at the top of a tree contribute 

to the final prediction decision to a larger extent than those at lower levels (Louppe at al., 2013). 

To estimate the ‘feature relative importance, the scikit-learn implementation (Pedregosa et al. 

2011), utilizes the Mean Decrease in Impurity (MDI) procedure (Louppe at al., 2013).  

 

2.5 Cpx-melt Thermometers and Barometers from Literature 

 

 To validate the robustness of our approach, we compare the results obtained applying 

ML algorithms to pressure and temperature estimation on cpx-melt pairs, with those obtained 

using the equations reported by Neave and Putirka (2017), Putirka (2008), and Putirka et al. 

(2003). These equations are only applicable in specific ranges of melt composition. Putirka et 

al. (2003) calibrated two equations (i.e., Model A for pressure and Model B for temperature) 

on the basis of a jadeite crystallization and jadeite-diopside plus hedenbergite (Jd-DiHd) 

exchange equilibria for sub alkaline, mafic to evolved, volatile-bearing lava compositions in 
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the pressure and temperature ranges of 0-40 kbar and 1200-2100 K, respectively. Equation 33 

by Putirka (2008) expand the Jd-DiHd calibrations to a larger span of P experiments conducted 

up to P < 70 kbar. The Equation 32c by Putirka (2008) is a barometer based on the partitioning 

of Al between clinopyroxene and melt. Finally, Neave and Putirka (2017), calibrated a Jd-in-

clinopyroxene equation for P estimation in the 1 atm to 20 kbar range to improve the accuracy 

of P estimations of tholeiites at pressures relevant to magma storages at crustal levels. 

The above-reported equations for P and T estimations based on cpx-melt pairs are only 

a part of the many different calibrations that have been reported in the literature (Masotta et al., 

2013; Neave et al., 2019; Neave & Putirka, 2017; Nimis, 1995; Nimis & Ulmer, 1998; Putirka, 

2008; Putirka et al., 2003). However, they represent a comprehensive set of equations to assess 

performances and the generalization capabilities of the algorithms we present here. 

 

3 Results 

 

Figures 2A reports the R2 probability density distributions for pressure estimations 

performed on the validation dataset in the range 0.001- 40 kbar using six ML algorithms on 

cpx-melt pairs chemical compositions (i.e., 22 features, 12 major elements for the silicate melt 

and 10 major elements for the clinopyroxenes). Extremely Randomized Tree regression 

technique (Geurts et al., 2006) is the best performing ML algorithm, with a R2 probability 

density distribution characterized by a modal value equal to 0.91 and a RMSE value of 2.6 kbar 

(Fig. 2A). The modal R2 of other ML algorithms presented here ranges between 0.7 and 0.9, 

with the RMSE of 3-4.4 kbar. To compare the performance of the ERT algorithm we consider 

two well-established calibrations (Fig. 2B; Putirka, 2008; Putirka et al., 2003). Within the same 

compositional ranges of the melt phase provided by the authors, and with an accurate 

knowledge of the temperature, the R2 of these models are comparable to those of the ERT 

algorithm (Fig. 2B). However, the ERT algorithm performs better on the entire validation 

datasets, which implies that it can be applied to cpx from magmas of a wider compositional 

range and without a-priori knowledge of the investigated temperatures (Fig. 2B). Finally, we 

test the capacity of the different ML algorithms to predict pressure using exclusively cpx 

chemistry (i.e., 10 features only; Fig. 2C). ERT remains the best performing among the 

investigated ML algorithms, with a modal R2 equal to 0.88 and a RMSE equal to 3.2 kbar. 

Importantly, the predictive capacity of this algorithm does not deteriorate significantly by 

removing the melt chemistry from the training features (Fig. 2A, C).  
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Figures 3A reports the R2 probability density distribution for thermometry in the range 

952-1883 K using the six ML algorithms on cpx-melt pairs (i.e., 22 features). As for the 

pressure estimates, the Extremely Randomized Trees regression technique shows the best 

distribution of R2, with a modal value of 0.94 and a RMSE equal to 40 K (Fig. 3A). Also, the 

comparison with the equation 33 reported by Putirka (2008) highlights that: a) the equation 33 

shows the same predictive capabilities of the ERT model within the constraints reported by 

Putirka (2008), b) the ERT model perform better when working with the entire validation 

dataset, indicating a superior generalization capability, i.e. applicable on a wider compositional 

range with respect to existing calibrations. Using exclusively cpx chemistry (i.e. 10 features) 

to predict temperature leads to a general decrease of the performance of all ML algorithms, 

however, ERT remains the best performing ML algorithm with a R2 probability density 

distribution characterized by a modal value of 0.83 and a RMSE equal to 66 K (Fig. 3C).  

To better  visualize the predictive performances of the ERT for pressure (Fig. 4A) and 

temperature (Fig. 4B) using clinopyroxene-melt pairs, Figure 4 shows the results of one of the 

1000 P-T estimates obtained for the validation datasets, and used to generate the R2 probability 

density distributions reported in Figures 2 and 3. In the diagrams of Figure 4, the results of a 

model that perfectly predicts the expected values, will lie on a one to one straight line (black 

lines in Fig. 4).  

The good pressure and temperature predictive performances of the ERT is confirmed 

by its application to the test dataset, which was never used during the training and validation 

phase (Supplementary Tab.4; Figs. 5, 6). Figures 5 and 6 highlight R2 scores for the ERT 

algorithm of 0.94 for both pressure and temperature estimates with RMSEs of  2.9 kbar (Fig. 

5A) and 51 K (Fig. 6A), respectively. Also, figure 5 reports the R2 and RMSE scores obtained 

by the application the Eq.32c (Putirka, 2008) and the calibration proposed by Neave and 

Putirka (2017) on the test dataset. Finally, Figure 6B shows the R2 and RMSE scores for the 

Eq.33 (Putirka, 2008) on the test dataset. 

 

4 Discussion 

 

4.1 Capacity of Machine-Learning to estimate pre-eruptive pressures and temperatures 

 

Our results indicate that the ML approach we propose provides estimates for both 

pressure and temperature that are comparable to existing model but applicable over a wider 

compositional range. The main elements controlling the predictive capacity of our ERT are 
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Al2O3, Na2O, CaO content of cpx and MgO of the melt and MgO, CaO, FeOt of the melt, for 

pressure and temperature, respectively (Fig. 7). Thus, pressure information in pyroxene-

bearing magmas are mainly stored in Na2O, Al2O3, and CaO in pyroxene with an important 

contribution of MgO in the melt (Fig. 7A). This explains why the capacity of the algorithm to 

predict pressure decreases (from 0.91 to 0.88) when not taking into account the chemistry of 

the melt phase. The reported results are in agreement with previous studies relating pressure 

and temperature changes to cpx chemistry (e.g., Gaetani, 2004; Putirka, 2008). As an example, 

it is well known tha Na, Al and Ca in cpx are strogly affected by pressure variations (e.g., 

Gaetani, 2004; Nimis, 1995; Nimis and Ulmer 1998; Putirka, 2008). The dominant control of 

MgO, CaO, and FeO in the melt on the temperature estimates is also not surprising, and is in 

agreement with thermodynamic methods based on the melt phase only (Helz & Thornber, 

1987; Montierth et al., 1995; Putirka, 2008; Thornber et al., 2003). The strong control of these 

elements also accounts for the significant drop in the capacity of the algorithm to predict 

temperature when using only cpx chemistry (R2 from 0.94 to 0.83). Summarizing, Figure 7 

higlights that, in agreement with previous studes (e.g., Gaetani 2004; Nimis and Ulmer 1998), 

pressure and temperature changes are mainly recoded by cpx and melt, respectively. However, 

coupling the informations stored in both the cpx and melt phases, the predictive capability of 

the ERT model increases since both the crystal and melt structure exert an important control 

on element partitioning as response of temperature and pressure changes (e.g., Gaetani, 2004; 

Putirka, 2008).  

We show that a ML approach improves the performance of thermo-barometers over the 

full range of pressure and temperature investigated (Figs. 3, 4). Our interpretation of these 

improved performances relies on simple but significant evidence: current methods are based 

on chemical exchanges models considering pure end-members components (i.e., Augite, 

Diopside, Hedenbergite, and Jadeite). While it is demonstrated that the crystallographic 

structure and chemistry of cpx changes in response to pressure or temperature (Nimis and 

Ulmer, 1998), it is clear that the assumption of end-member purity cannot fully capture the 

relationships between cpx chemistry and intensive parameters such as pressure and temperature 

especially when dealing with natural material (i.e. underfitting). ML methods do not rely on 

any assumption and can also capture compositional variations of cpx not directly linked to 

pressure or temperature. As an example, Cr is generally not included in current models because 

it does not vary directly in response to P and T changes. However, Figure 7 shows that Cr 

content in the liquid phase is a feature of average importance to recalculate P and T, thus not 

including it, will have a detrimental effect on the predictive capacity of our model. The relative 



 

 
©2020 American Geophysical Union. All rights reserved. 

importance of Cr is very likely a consequence of its compatibility during magma fractionation, 

with high Cr concentration indicating generally high pressure and/or temperature of cpx 

crystallisation (Ishii et al., 1992). However, when using ML algorithms and in general models 

involving many elements that are non-linearly related, the issue of overfitting must be 

addressed carefully (Putirka, 2008), as explained in the method section. 

 On the other hand, existing calibrations seem performing better in specific 

compositional ranges. As an example, Masotta et al. (2013) reported SEE of the order of 1.15 

kbar and 18 K, for phonolitic and trachytic melts between 0 and 15 kbar and a temperature 

range of 300 K, respectively. Extending the compositional range to tephritic-phonolite and 

phonolitic-tephrite melts, the SEE increase from 1.15 to 3.4 kbar (Masotta et al., 2013). Neave 

and Putirka (2017) reported a calibration for pressure estimations of anhydrous tholeiitic 

magmas with SEE of 1.4 kbar.  

To test the performance of ERT on specific compositional field of the melt phase, we 

compared its performance with those of the calibration proposed by Neave and Putirka, (2017). 

In particular, we utilized the same test dataset for Tholeiites reported in Appendix 1 by Neave 

and Putirka (2017). Then, following Neave and Putirka (2017), we train the ERT algorithm 

excluding all data reported in the test dataset for Tholeiites and data from Yang et al. (1996), 

Villiger et al. (2007, 2004), Grove et al. (1992), and Yang et al. (1996). Figure 8A, 8B show 

the results derived by the application of the ML technique to the test dataset for Tholeiites on 

the cpx-melt pairs and clinopyroxenes only, respectively. The results of the calibration 

proposed by Neave and Putirka (2017) are also reported in Figure 8C. The application of the 

ERT algorithm on cpx-melt pairs (Fig. 8A) returns a RMSE of 1.5 kbar, and a R2 of 0.78. 

Training the ML algorithm using the clinopyroxene composition only, the RMSE rises to 1.7 

kbar, with a regression line characterized by a R2 fo 0.73 (Fig. 8B). These results are in 

statistical agreement with those obtained by Neave and Putirka (2017; Fig. 8C) indicating that 

the performance of the ERT is comparable to other calibrations in restricted pressure and 

compositional ranges. The results reported in Figure 8 further demonstrate the good 

performance of ML algorithm both when dealing with the global dataset and with specific 

compositions of the melt phase. 

The evidence that pyroxenes stores most of the information about pressure, motivated 

us to further investigate the capacity of the ERT based exclusively on cpx chemistry. Using a 

full clinopyroxene based, melt-free, and temperature-independent barometer (i.e., only based 

on the clinopyroxene major element composition), although characterized by larger RMSEs, 

has some significant advantages over the application of pressure estimators based on crystal-
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melt pairs. The most significant is that, finding a melt composition that is in equilibrium with 

each studied clinopyroxene is often challenging, and entails additional uncertainty on  pressure 

estimates (that are generally not propagated). 

In some cases, textural relationships between crystals and their carrier melts (i.e., matrix 

glasses) suggest that these two phases were in equilibrium at the time of quenching (Neave & 

Putirka, 2017). Also, tests to check for the equilibrium between crystals and melts have been 

developed (Mollo et al., 2013; Putirka, 1999). However, it is not always easy to find the ‘right’ 

melt in equilibrium with the analysed clinopyroxenes. To overcome this limitation, iterative 

equilibrium melt-matching strategies have been proposed (Neave et al., 2019; Neave & Putirka, 

2017; Winpenny & Maclennan, 2011). An efficient solution to estimate the error associated 

with a wide range of melt chemistries in apparent equilibrium with the studied cpx crystals was 

proposed by Neave et al. (2019) for a study of the Holuhraun-Bárðarbunga eruption (Iceland). 

All cpx-melt pairs in apparent equilibrium were used to provide a pressure estimate allowing 

error propagation and highlighting an additional 1-sigma errors associated with this procedure 

of up to 0.84 kbar (Neave et al., 2019). We follow this approach and report in Figure 9A all the 

Icelandic magma compositions available in the Georoc database (georoc.mpch-

mainz.gwdg.de/). To provide an estimate of the error associated with the procedure adopted for 

the selection of cpx-melt pairs in equilibrium with a single cpx, we identify those compositions 

in apparent equilibrium with the cpx composition ‘292’ reported by Neave and Putirka (2017) 

from the Laki eruption. We accepted as in ‘apparent equilibrium’ all the cpx-melt pairs passing 

the criteria reported by Neave et al. (2019). Then, we calculated the pressures using the 

calibration reported by Neave and Putirka (2017). We estimated a supplemental uncertainty, 

associated with selecting the equilibrium melt composition, of the order of 1.2 kbar (2-sigma; 

Fig. 9B). Such additional source of uncertainty is absent in cpx-only calibrations, indipendenlty 

of the adopted calibration, either classical or based on ML. However, this does not remove the 

assumption of equilibrium crystallization for cpx, which if not addressed would result in 

pressure estimate that could be profoundly incorrect (Mollo et al., 2013; Neave et al., 2019; 

Putirka, 2008). In theory, ML methods could be trained to identify and deal with non-

equilibrium systems, however, the dataset of non-equilibrium experiments is still not mature 

enough to successfully develop statistically robust calibrations. Also, analytical biases must be 

avoided (Neave & Putirka, 2017; Putirka, 2008). As a consequence, a strategy to ensure that 

pressure estimations are based only on clinopyroxenes crystallising at or near equilibrium is 

still mandatory. To avoid analytical biases we suggest following the approach of Neave and 

Putirka (2017): a) removal of all analyses that results in non-stoichiometric cpx chemical 
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formula; b) exclusion of analyses with a Jadeitic component lower than 0.01, which represent 

Na2O contents at or below the detection limit of EPMA. Regarding the equilibrium assumption, 

we suggest starting with petrographic observations of the analysed crystals. Also, we suggest 

ensuring in the system at least one melt composition in ‘apparent equilibrium’ with the studied 

clinopyroxenes, following the procedure reported by Neave et al. (2019).  

 

4.2 Application of the cpx only ERT barometer to Icelandic volcanoes 

The results reported by Neave et al. (2019, 2015) and Neave and Putirka (2017), show 

that most of the current cpx-melt barometers seem to overestimate storage pressures when 

applied to Icelandic magmas. In the specific case of H2O-poor tholeiites, Neave and Putirka 

(2017) reported substantial pressure-dependent inaccuracies by commonly used 

clinopyroxene-liquid barometers when applied on experimental data in the 0.001-10 kbar, with 

some models overestimating pressures of experimental products of about 3 kbar (i.e., ~ 12 km). 

As a consequence, Neave and Putirka (2017), developed a new calibration, specific for 

tholeiitic compositions.  

To test our calibration on Icelandic magma feeding systems, we start applying the cpx-

only ERT algorithm to the same dataset of natural samples used in Neave and Putirka (2017; 

Fig. 10). This comparison highlights a general agreement between the ERT estimates and those 

based on the calibration reported by Neave and Putirka (2017). In detail, crystallization 

pressure distributions are mostly in the range 0-5 kbar for Holuhraun 1-2, Laki, Saksunarvatn, 

and Skuggafjoll. Thjorsa and Borgarhraun system highlight pressure estimates in the range 0-

6 and 1-11 kbar, respectively. The application of the cpx only ERT barometer to the data 

reported by Caracciolo et al. (2020) for eruptions ranging from ~100 ka to 1477 AD in the 

Barðarbunga volcanic system (Iceland), returns crystallization pressures in the range 0-5 kbar, 

with an average value of  2.1 ± 0.9 kbar (Fig 11A). The obtained estimates are in agreement 

with clinopyroxene-melt (Neave & Putirka, 2017) and olivine–plagioclase–augite–melt 

(Hartley et al., 2018) barometry, returning crystallization pressures of 2.2 ± 0.7 (1s) and 1.9 ± 

0.8 (1s) kbar, respectively (Caracciolo et al., 2020). Crystallization pressure estimates by the 

ERT barometer also agree with those reported in Figure 10A (2.0 ± 0.5 kbar), for the Holuhraun 

1-2 eruptions, dated 797 and 1862–1864, respectively (Hartley & Thordarson, 2013). 

Additionally, we apply the cpx only ERT barometer to the analyses reported by 

Caricchi et al. (2020) and Geiger et al. (2016) for the 2014-15 Holuhraun eruption 

(Barðarbunga volcanic system; Fig. 11A). Observing Figure 11, it emerges that: 1) 

clinopyroxenes registered crystallization pressures mostly in the range 1-6 kbar; 2) combining 
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all pressure estimates (Fig. 11B), the pressure range with the highest probability (i.e., 74 %) is 

1-3 kbar; 3) the average of all pressure estimations for the Barðarbunga volcanic system by the 

ERT barometer is 2.3 ± 1.1 kbar. Summarizing, crystallization pressure estimates by the cpx-

only, melt- and temperature-independent ERT barometer point to a distribution in the range 1-

6 kbar with temporally persistent (i.e., last 100 ka), final magma storage zone in the range 1-3 

kbar. These results are in agreement with those reported by Caracciolo et al. (2020), 

Halldórsson et al. (2018) and Neave et al. (2019) and are consistent with geophysical 

observations (Hartley et al., 2018). In the attempt to complement these results and provide a 

generalize interpretation, we extend the application of the ERT barometer to a larger dataset of 

Icelandic cpx compositions. In detail, we selected all crystals hosted in volcanic rocks from 

basaltic to rhyolitic compositions erupted by Icelandic volcanoes and reported in the Georoc 

dataset (georoc.mpch-mainz.gwdg.de/). We discarded non stochiometric analyses and those 

resulting in Jd compositions lower than 0.01. Also, we checked the ‘apparent equilibrium’ by 

matching cpx compositions with those of whole rock by the Georoc database belonging to the 

area of interest. Observing the probability distributions reported in Figure 12A, it emerges that 

the most represented pressure range is 1-5 kbar, with a probability of occurrence close to 85 

%, and a modal value at 2.3 kbar. Also, the density distribution show a tail at higher pressures, 

registering values up to 25 kbar. Assuming an average crustal density of 2800 kg/m3 

(Tarasewicz et al., 2012), the probability density distribution of Figure 12A highlights a strong 

probability for magma storages at crustal levels between 2.5 and 14 km, with depths as high as 

70 km. Clinopyroxenes crystallized in magmas of different chemistry show that that the deepest 

pressures are registered by basaltic magmas (Figure 12B). This is not surprising and it support 

the idea reported in Figure 13, depicting crustal magmatic reservoirs (i.e., stored at pressures 

below 5 kbar) fed by primitive magmas from deeper levels (i.e., about 25 kbar, corresponding 

to about 70 km; Fig. 13). Also, our estimates suggest that more chemically evolved magmas 

are stored at pressures below 7 kbar (i.e., less than 20 km; Fig. 12 C, D), mostly in the range 

1-5 kbar (i.e., 2.5 and 14 km), with modal values at about 2-4 kbar (5.5 and 10 km; Fig. 13).  

 

5 Conclusions 

We reported a new approach based on Machine-Learning (ML) to estimate pre-eruptive 

temperatures and pressures. The approach does not assume any a-priori knowledge of chemical 

exchange between the crystal and the carrier melt. Our results highlight that the ML approach 

can be applied on a much wider compositional range than existing models. It complements 

existing calibrations and can be used as an independent tool, also to validate the results obtained 
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by current models based on the thermodynamic of the system. Additionally, we present a ML 

barometer based exclusively on clinopyroxene (cpx) chemistry that we show performs well in 

the challenging case of Iceland, where a general overestimation of magma storage depths by 

currently established cpx-melt barometers, recently required the development of a specific 

calibration. The use of a barometer based exclusively on clinopyroxene instead of cpx-melt 

pair, although characterized by slightly higher RMSE when applied to experimental data, has 

the important advantage of not requiring the knowledge of the equilibrium melt composition, 

which removes the error associated with cpx-melt equilibrium pairing.  

Being suitable to investigate a large spread of chemical compositions, we discussed the 

crystallization depths of cpxs hosted in magmas of different compositions, better constraining 

the nature of volcanic plumbing systems below Icelandic volcanoes. The wide range of magma 

chemistry to which the reported method is applicable allows for the comparison of the 

architecture of plumbing systems across tectonic settings and provides an additional approach 

to to compare pre-eruptive magma storage conditions obtained by geophysics and petrology.  
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Figure 1. Total Alkaly vs. Silica diagram (A) and probability density distributions for SiO2 

and Na2O + K2O  (B) of the global dataset utilized in the present study. A) Total Alkaly vs. 

Silica diagram dyspling the train-test (in red) and the external check (in blue) dataset, 

respectively. B) Probability density distribution for SiO2 and Na2O + K2O. 
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Figure 2. Probability density distributions of the coefficient of determination (R2) for pressure 

estimations on the validation datasets: A) Comparison among the Machine learning algorithms 

calibrated using clinopyroxene-liquid pairs (22 features); A) Comparison between the 

Extremely Randomized Trees regression ML algorithm and regression based thermodynamic 

models currently available in literature, all calibrated using clinopyroxene-liquid pairs (22 

features); C) Comparison among the Machine learning algorithms calibrated using 

clinopyroxene analyses only (10 features).   
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Figure 3. Probability density distributions of the coefficient of determination (R2) for 

temperature estimations on the validation datasets: A) Comparison among the Machine 

learning algorithms calibrated using clinopyroxene-liquid pairs (22 features); A) Comparison 

between the Extremely Randomized Trees regression ML algorithm and regression based 

thermodynamic models currently available in literature, all calibrated using clinopyroxene-

liquid pairs (22 features); C) Comparison among the Machine learning algorithms calibrated 

using clinopyroxene analyses only (10 features). 
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Figure 4. Binary plot reporting the figures of merits (R2 and RMSE) for the pressure (A) and 

temperature (B) estimations performed during one of the 1000 repetitions of the random 

splitting of the dataset, training and subsequent test. RMSE are 2.5 kbar and 40 K, for the 

pressure and temperature, respectively. 
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Figure 5. Binary plot reporting the figures of merits (R2 and RMSE) for pressure estimations 

performed on the test dataset. A) Extremely Randomized Trees regression on clinopyroxene-

liquid pairs (i.e., 22 features); B) Extremely Randomized Trees regression on clinopyroxene 

analyses (i.e., 10 features); C) Equation 32c (Putirka, 2008) on clinopyroxene-liquid pairs; C) 

Model A (Putirka et al., 2003) on clinopyroxene-liquid pairs. 
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Figure 6. Binary plot reporting the figures of merits (R2 and RMSE) for temperature 

estimations performed on the test dataset. A) Extremely Randomized Trees regression on 

clinopyroxene-liquid pairs (i.e., 22 features); B) Eq. 33 (Putirka, 2008) on clinopyroxene-liquid 

pairs.of the Extremely Randomized Trees regression algorithm: A) training for pressure 

estimations; b) training for temperature estimations. The R2 of both cpx-melt and cpx-only 

calibrations are also reported.   
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Figure 8. Binary plot reporting the figures of merits (R2, RMSE, and regression statistics) for 

pressure estimations performed on the Tholeiites dataset check reported in Neave and Putirka 

(2017). A) Extremely Randomized Trees regression on clinopyroxene-liquid pairs (i.e., 22 

features); B) Extremely Randomized Trees regression on clinopyroxene analyses (i.e., 10 

features); C) Caribration for P reported by Neave and Putirka (2017) on clinopyroxene-liquid 

pairs. 
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reported by Neave and Putirka (2017) (in blue). B) Probability density distribution and kernel 
density estimations for pressure estimations of the liquid-clinopyroxene pairs generated by 
marching the analysis ‘292’ with all the magmas that are in apparent equilibrium with it. 

 
Figure 10. Probability density distributions for crystallization pressures obtained by the 

application of the fully clinopyroxene based ML calibration on the analyses reported by Neave 

and Putirka (2017). A) Holuhran; B) Laki; C) Saksunarvatn; D) Skuggafjoll; E)Thjorsa; F) 

Borgarhraun. Results reported by Neave and Putirka (2017) are also reported as reference. 
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Figure 11. Probability density distributions for crystallization pressures obtained by the 

application of the fully clinopyroxene based ML calibration on the Barðarbunga volcanic 

system: A) data by Caracciolo et al. (2020) for eruptions in the time range of 100 ka to 1477AD, 

Caricchi et al. (2020) and Geiger et al. (2016) for the 2014-15 Holuhraun eruption; B) A 

combination of pressure estimates in panel A. 
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Figure 12. Probability density distributions for crystallization pressures obtained by the 

application of the fully clinopyroxene based ML calibration on cpx analyses from Georoc: A) 

the whole dataset; B) cpx hosted in basaltic magmas; C) cpx hosted in andesitic magmas; B) 

cpx hosted in dacitic and rhyolitic magmas. 
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Figure 13. Schematic view of a generalized volcanic plumbing system below Icelandic 

volcanoes based on the results reported in the present manuscript. Examples of recent eruption 

are also reported. 


