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Abstract 14 

The viscosity of volcanic melts governs magma transport, eruption dynamics, and a 15 

broad range of magmatic processes, so predicting it as a function of temperature, composition, 16 

and dissolved water content is central to physical volcanology. Yet no freely accessible tool 17 

integrates global machine-learning predictions, physically motivated viscosity equations, and 18 

composition-specific models calibrated to avoid nanocrystallization and water-loss artefacts — 19 

experimental biases that can lead conventional viscometry to overestimate melt viscosity. Nor 20 

can existing tools show how different assumptions about the dependence of melt fragility on 21 

dissolved water propagate into viscosity predictions at eruptive temperatures — a debated 22 

question with direct consequences for conduit-flow modelling and eruption-style assessment. 23 

Here we present MELVIS (MELt VIScosity), an open-source web application built 24 

with Python and Streamlit. MELVIS comprises three integrated modules: (1) a viscosity 25 

calculator based on the artificial neural network of Langhammer et al. (2022), developed using 26 

a database of 3,482 measurements spanning basanite to rhyolite including hydrous 27 

compositions, with batch processing and TAS-based compositional classification; (2) a 28 

hydrous modelling module that parameterises the glass transition temperature Tg(H2O) and 29 

melt fragility m(H2O) under three alternative fragility–water relationships, making explicit how 30 

model assumptions propagate into viscosity predictions at eruptive temperatures; and (3) a 31 

library of seven composition-specific, artefact-free MYEGA models for key volcanic systems. 32 

All modules yield closed-form MYEGA parameterisations suitable for direct implementation 33 

in numerical eruption models. 34 

https://annviscositycalculator.streamlit.app/
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1. Introduction 37 

The shear viscosity (η) of volcanic melts exerts a dominant control on the fluid 38 

dynamics of magmas and, consequently, on the style, intensity, and hazard potential of volcanic 39 

eruptions (Dingwell, 1996; Gonnermann and Manga, 2007; Papale, 1999). Viscosity governs 40 

magma ascent rates, the rheological response to deformation, degassing and outgassing 41 

regimes, and the transition between effusive and explosive behavior (Cassidy et al., 2018; 42 

Sparks, 2003). Given that the viscosity of natural magmas spans more than fifteen orders of 43 

magnitude — from approximately 10−2 to 1012 Pa·s — primarily in response to variations in 44 

temperature, melt composition, dissolved volatile content (especially H2O), and the presence 45 

of suspended crystals and bubbles, its accurate prediction is critical for numerical models of 46 

volcanic eruptions, pyroclastic density current scenarios, and ash-cloud transport simulations 47 

(Gonnermann and Manga, 2012; Marzocchi et al., 2012). Because viscosity is a primary input 48 

to the conservation equations solved in conduit, plume, and pyroclastic-flow codes (de’ 49 

Michieli Vitturi and Aravena, 2021; Gonnermann and Manga, 2012; La Spina et al., 2016), 50 

even modest uncertainties in its value propagate into large differences in simulated mass 51 

eruption rate (La Spina et al., 2021, 2017; Mastin, 2002; Melnik, 2000; Papale, 1999; Textor 52 

et al., 2005), fragmentation depth (Dominijanni et al., 2026), and dispersal footprint, making 53 

accurate viscosity prediction essential for forecasting the range of plausible scenarios at active 54 

volcanic systems. 55 

Over the past five decades, much effort has gone into developing predictive models for 56 

melt viscosity. Early Arrhenian models (Bottinga and Weill, 1972; Shaw, 1972) were effective 57 

at high (near-liquidus) temperatures but failed when extrapolated to the low-temperature 58 

regime near the glass transition temperature, where silicate melts exhibit pronounced non-59 

Arrhenian behavior (Richet and Bottinga, 1995). Subsequent models adopted three-parameter 60 

non-Arrhenian formulations. The Vogel-Fulcher-Tammann (VFT) equation (Fulcher, 1925; 61 
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Tammann and Hesse, 1926; Vogel, 1921) is an empirical expression in which viscosity 62 

diverges at a finite temperature T0, with parameters log η∞, a pseudo-activation constant B, and 63 

T0; Giordano et al. (2008) recast VFT in terms of the viscosity at infinite temperature (log η∞), 64 

the glass transition temperature (Tg), and the steepness index or fragility (m) (Angell, 1995). 65 

The MYEGA (Mauro-Yue-Ellison-Gupta-Allan) equation (Mauro et al., 2009) is instead 66 

derived from the Adam-Gibbs configurational-entropy framework and is natively expressed in 67 

the same (log η∞, Tg, m) parameters, providing a physically grounded link between viscosity 68 

and intrinsic melt transport properties. 69 

Global chemical models have been developed to predict viscosity across a wide 70 

compositional range. The model of Giordano et al., (2008) (hereafter GRD) uses a VFT 71 

formulation with 18 adjustable parameters calibrated on more than 1,770 measurements, and 72 

the model of Hui and Zhang (2007) (hereafter HZ) employs a four-parameter empirical 73 

equation with 37 coefficients fitted to 1,451 data points. More recently, Langhammer et al. 74 

(2022) trained an artificial neural network (ANN) on a database of 3,482 viscosity 75 

measurements for volcanic melts spanning virtually the entire compositional space of terrestrial 76 

magmas. The ANN uses melt composition (including H2O), temperature, a structural 77 

polymerization parameter, and the alkali ratio as inputs, and achieves significantly higher 78 

predictive accuracy (RMSE = 0.45 log10 on unseen test data) than the GRD (RMSE = 1.23 79 

log10) and HZ (RMSE = 0.89 log10) models on the same test set. To provide physically sound 80 

interpolation at eruptive temperatures — where no training data exist due to the experimental 81 

gap between 105 and 108 Pa·s — Langhammer et al. (2022) introduced a “synthetic data” 82 

approach: the ANN generates viscosity values in the high- and low-viscosity ranges, and these 83 

are fitted with the MYEGA equation to produce continuous, physically motivated viscosity 84 

curves. More recently, Le Losq et al. (2025) trained a greybox ANN refined by a Gaussian 85 

process on a larger database of 28,898 measurements covering phospho-alumino-silicate melts 86 



6 

from SiO2 to multicomponent magmatic compositions and pressures up to 30 GPa, achieving 87 

a comparable accuracy (RMSE ≈ 0.4 log10) while extending predictions to high-pressure 88 

regimes relevant to deep magmatic and planetary settings. 89 

A further, increasingly recognised limitation concerns the input data on which these 90 

models are calibrated. Numerous studies have shown that the low-temperature viscosity of 91 

volcanic melts measured by conventional viscometry (micropenetration, parallel plate) around 92 

the glass transition temperature (Tg) is frequently affected by amorphous unmixing and by the 93 

nanocrystallization of transition-metal-bearing phases — most commonly Fe-Ti oxides — as 94 

well as by water loss and iron oxidation during the measurement itself (Abeykoon et al., 2026; 95 

Bondar et al., 2025; Di Genova et al., 2020, 2017; Fanesi et al., 2025; Kleest et al., 2020; 96 

Okumura et al., 2022; Scarani et al., 2022; Valdivia et al., 2025, 2023). These processes 97 

systematically increase the measured viscosity relative to that of the homogeneous, crystal-free 98 

melt, with deviations that can reach up to two orders of magnitude in the worst cases (Di 99 

Genova et al., 2020; Scarani et al., 2022). Because viscosity measurements in the Tg region 100 

constrain the steepness of the viscosity–temperature curve, biased data propagate directly into 101 

a biased estimate of the melt fragility (m) — the parameter that, in MYEGA and related non-102 

Arrhenian formulations, controls the extrapolation from the high-viscosity regime to the much 103 

lower viscosities relevant at eruptive temperatures. A current frontier in viscosity modelling is 104 

therefore the derivation of the correct fragility for natural melts and the explicit treatment of its 105 

uncertainty (Cassetta et al., 2021; Di Genova et al., 2023; Stopponi et al., 2026; Valdivia et al., 106 

2025). To date, none of the global models discussed above allows the user to quickly compute 107 

the viscosity of a given composition as a function of temperature and water content while 108 

exploring the effect of plausible variations in melt fragility — a capability that is essential both 109 

for propagating measurement uncertainty into eruption simulations (Abeykoon et al., 2026; 110 

Dominijanni et al., 2026) and for assessing how nanocrystallization- and/or water loss-related 111 
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biases in the underlying database may affect predicted viscosities at eruptive conditions (Fanesi 112 

et al., 2025; Valdivia et al., 2025, 2023). 113 

Alongside these scientific questions, there is also a practical need to make viscosity 114 

predictions readily accessible to the volcanological community. Several global models are 115 

distributed only as equations, spreadsheets, or standalone scripts, and a few have been made 116 

available as browser-based applications (Langhammer et al., 2022; Le Losq et al., 2025). 117 

Building on these resources, there remains room for a tool that brings together a global multi-118 

component predictor for volcanic melts, composition-specific MYEGA parameterisations, and 119 

the ability to modulate melt fragility. Such a tool would let users examine, for a given 120 

composition, how plausible variations in fragility propagate into the predicted viscosity–121 

temperature–water relationship and into the uncertainty on extrapolated eruptive viscosities. 122 

Equally important, it should return, for any user-defined composition, a closed-form 123 

parameterisation of viscosity versus temperature and dissolved water content that can be 124 

plugged directly into conduit and magma-ascent models, where the viscosity–T–H2O 125 

relationship is a primary input controlling ascent velocity, fragmentation, and expected eruptive 126 

style. 127 

Here we present MELVIS (MELt VIScosity), an open-source web application that fills 128 

this gap. MELVIS integrates three complementary computational modules into a single, 129 

browser-based interface: (1) a global ANN viscosity calculator for multi-component anhydrous 130 

and hydrous melts (Langhammer et al., 2022), (2) a module for parameterizing temperature-, 131 

water- and fragility-dependent viscosity using the MYEGA equation coupled with the literature 132 

Tg model (Langhammer et al., 2021; Schneider et al., 1997), and (3) a library of pre-calibrated 133 

viscosity models for specific volcanic compositions in which the bias introduced by sub-134 

liquidus nanocrystallisation and/or water loss on the original viscosity measurements has been 135 

quantified and removed, providing parameterizations representative of the homogeneous, 136 

https://annviscositycalculator.streamlit.app/
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crystal-free melt. The application is built with Python 3.11 and Streamlit, is hosted online, and 137 

its complete source code is available on GitHub under an open-source license. 138 

 139 

2. Design and implementation 140 

2.1. Software architecture and technology stack 141 

MELVIS is implemented entirely in Python 3.11 and deployed as a web application 142 

using the Streamlit framework. The core computational dependencies include TensorFlow Lite 143 

(tflite-runtime, for lightweight ANN inference), NumPy for numerical operations, the pyrolite 144 

library (Williams et al., 2020) for geochemical data handling and oxide-to-mole-fraction 145 

conversions, and openpyxl for Excel file input/output. The application is structured as a multi-146 

page Streamlit app with a home landing page and three functional modules, each accessible via 147 

the sidebar navigation. 148 

The ANN model is stored as a TensorFlow Lite (.tflite) file and loaded once per session 149 

using Streamlit’s @st.cache_resource decorator, ensuring efficient memory use and fast 150 

inference across multiple user queries. All viscosity equations and helper functions (mole-151 

fraction conversion, MYEGA evaluation, composition normalization preserving H2O) are 152 

implemented as inline Python functions within the application code, avoiding external 153 

compiled dependencies. 154 

 155 

2.2. Module 1: ANN-based viscosity calculator 156 

The first module implements the trained ANN of Langhammer et al. (2022), which 157 

predicts the viscosity of volcanic melts as a function of chemical composition and temperature. 158 

Users input oxide compositions (SiO2, TiO2, Al2O3, FeO, MnO, MgO, CaO, Na2O, K2O, P2O5, 159 

Cr2O3, Fe2O3, H2O) in weight percent, either manually for a single sample or via batch upload 160 

of a CSV file enabling multi-sample calculations. 161 

https://github.com/DiGenovaDanilo/ViscosityCalculator
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Before ANN inference, the application performs the following preprocessing steps 162 

automatically. First, iron redistribution is applied using a factor of 1.11 to account for the higher 163 

molar weight of Fe2O3 (Langhammer et al., 2022): if only total iron as FeOT is reported (Fe2O3 164 

= 0), it is split as FeO = FeOT/2 and Fe2O3 = FeOT × 1.11/2; if only total iron as Fe2O3T is 165 

reported (FeO = 0), it is split as FeO = Fe2O3T/(2 × 1.11) and Fe2O3 = Fe2O3T/2.  This step 166 

ensures that both ferrous and ferric iron are always represented in the input vector, consistent 167 

with the ANN training protocol. Second, the composition is normalised to 100 wt.% with H2O 168 

preserved outside the anhydrous normalisation. Third, mole fractions are computed from the 169 

normalised weight percentages. Two derived structural parameters are then calculated from the 170 

mole fractions: the structural modifier SM, defined as the sum of the mole fractions of FeO, 171 

MnO, MgO, CaO, Na2O and K2O; and the alkali ratio, defined as K2O/(Na2O + K2O). Note 172 

that Cr2O3 is included in the composition input but its mole fraction is not passed to the ANN, 173 

consistent with the original model architecture of Langhammer et al. (2022). The resulting 15-174 

element input vector (temperature, 12 oxide mole fractions, SM, and the alkali ratio) is then z-175 

score standardised using the mean and variance of the ANN training dataset. The ANN model 176 

is loaded in TensorFlow Lite format and cached in memory at application startup to avoid 177 

repeated loading across user interactions. 178 

For each composition, the module generates synthetic viscosity data by inverting the 179 

ANN via bisection. The bisection search is performed in the normalised temperature space used 180 

during ANN training, with the search bracket corresponding to the physical range of 300–3000 181 

K. The target log10η values used to generate synthetic data points depend on the SiO2 content 182 

of the composition: for mafic melts (SiO2 ≤ 60 wt%), the low-viscosity targets are log10η = 0.0, 183 

0.5, 1.0, 1.5, 2.0, while for more silicic compositions (SiO2 > 60 wt%), they are log10η = 2.0, 184 

2.5, 3.0, 3.5, 4.0, 4.5. In both cases, the high-viscosity targets are log10η = 9.5, 10.0, 10.5, 11.0, 185 

11.5. These synthetic temperature–viscosity pairs are then fitted with the two-parameter 186 
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MYEGA equation (Mauro et al., 2009) with fixed pre-exponential term A = log10η∞ = −2.9 187 

(Langhammer et al., 2022): 188 

 189 

𝑙𝑜𝑔10𝜂(𝑇) = 𝐴 + (12 − 𝐴)
𝑇𝑔

𝑇
∙ 𝑒𝑥𝑝 [(

𝑚

12−𝐴
− 1) (

𝑇𝑔

𝑇
− 1)] , (1)     190 

 191 

where Tg is the glass transition temperature (defined at log10η = 12), m is the melt 192 

fragility index (Angell, 1995), and T is the temperature in Kelvin. Fitting Eq. (1) to the synthetic 193 

data yields Tg and m for each composition, which are then used to reconstruct smooth viscosity–194 

temperature curves over a user-defined temperature range. 195 

The module produces two main outputs. The first is an interactive viscosity–196 

temperature plot displaying MYEGA curves for all samples (Fig. 1), together with a Total 197 

Alkali–Silica (TAS) diagram (Le Bas et al., 1986) (Fig. 2) that classifies each sample by 198 

volcanic rock type and rock subclass (sodic vs. potassic series), following the scheme of 199 

Middlemost (1994) using the pyrolite library (Williams et al., 2020). 200 

 201 
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Figure 1. Anhydrous melt viscosity as a function of temperature for the 19 volcanic and 

experimental compositions included in the MELVIS default example dataset. Curves are 

MYEGA fits (Eq. 1) with A = −2.9 (Langhammer et al., 2022, 2021) computed from glass 

transition temperatures Tg and fragility indices m derived from the ANN synthetic data 

approach (Langhammer et al., 2022). Sample abbreviations follow the original publications 

(see Table S1). The figure is generated automatically by Module 1 (Viscosity Calculator) 

upon batch upload of a CSV file. 

 202 

Each sample is plotted as a symbol colour-coded according to a user-selected 203 

petrological property: the glass transition temperature Tg (°C) (Fig. 2a), the fragility index m 204 

(Fig. 2b), or the melt viscosity log10η at a user-specified temperature (1200 °C in Fig. 2c). This 205 

combination allows the user to visualise, at a glance, systematic compositional trends in melt 206 

physical properties across a suite of volcanic samples. The second is a downloadable Excel file 207 

containing two sheets: (i) the normalised input compositions with the iron redistribution flag 208 

for each sample, and (ii) the viscosity curves including Tg, m, and temperature–viscosity pairs, 209 

with the MYEGA equation embedded as an Excel formula in a dedicated column to allow 210 

independent recalculation by the user. 211 
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Figure 2. Total Alkali–Silica (TAS) diagram (Le Bas et al., 1986) for the 19 compositions 

of the default MELVIS dataset (Table S1), generated automatically by Module 1 (Viscosity 

Calculator). Rock fields and sub-classifications (sodic vs. potassic series) follow Middlemost 

(1994) as implemented in the pyrolite library (Williams et al., 2020). Each symbol is colour-

coded according to a user-selected rheological property: (a) glass transition temperature Tg 

(°C), (b) fragility index m, and (c) melt viscosity log10η (η in Pa·s) at a fixed temperature of 

1200 °C. All values are derived from MYEGA fits to ANN-generated synthetic viscosity 

data (Langhammer et al., 2022). The colour scale is shown to the right of each panel. 

 213 

2.3. Module 2: Anhydrous and hydrous viscosity modelling 214 

The second module enables users to parameterise the dependence of melt viscosity on 215 

both temperature and dissolved water content, combining the MYEGA equation (Eq. 1) with 216 

the Tg(H2O) model of Schneider et al. (1997) as implemented by Langhammer et al. (2021). 217 

The user provides an anhydrous composition (entered manually or selected from the batch 218 

results of Module 1) and a list of H2O contents in wt.% at which to evaluate viscosity. The 219 

anhydrous composition undergoes the same iron redistribution and normalisation 220 

preprocessing described in Section 2.2. 221 
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For each specified H2O content, the ANN is queried by adding water to the anhydrous 222 

composition and recomputing the normalised input vector, with H2O preserved outside the 223 

anhydrous normalisation. The ANN inversion procedure (Section 2.2) is then applied to each 224 

hydrous composition to obtain the corresponding glass transition temperature Tg and fragility 225 

index m, yielding a set of ANN-derived (Tg, m) pairs as a function of water content. 226 

The glass transition temperature is parameterised as a function of water content in mol% 227 

using a power concentration expansion of the Gordon and Taylor (1952) equation (Eqs. 9–10 228 

of Langhammer et al., 2021): 229 

 230 

𝑇𝑔(𝑥𝐻2𝑂) = 𝑤1 ∙ 𝑇𝑔,𝐻2𝑂 + 𝑤2 ∙ 𝑇𝑔,𝑑 + 𝑐 ∙ 𝑤1 ∙ 𝑤2(𝑇𝑔,𝑑 − 𝑇𝑔,𝐻2𝑂) + 𝑑 ∙ 𝑤1 ∙ 𝑤2
2(𝑇𝑔,𝑑 − 𝑇𝑔,𝐻2𝑂), (2)  231 

 232 

with 233 

𝑤1 =
𝑥𝐻2𝑂

𝑏(100−𝑥𝐻2𝑂)+𝑥𝐻2𝑂
     and    𝑤2 =

𝑏(100−𝑥𝐻2𝑂)

𝑏(100−𝑥𝐻2𝑂)+𝑥𝐻2𝑂
, (3) 234 

 235 

where 𝑥𝐻2𝑂 is the mol% of dissolved water, Tg,d is the anhydrous glass transition 236 

temperature obtained from the ANN, Tg,H₂O = 136 K is the glass transition temperature of pure 237 

water (Kohl et al., 2005), w1 and w2 are weighting functions dependent on xH2O and a fitting 238 

parameter b, and c and d are additional fitting parameters. Nonlinear least-squares optimisation 239 

is used to fit b, c and d to the ANN-derived Tg values. 240 

Three models are implemented for the fragility index as a function of water content. 241 

The first assumes m constant and equal to the anhydrous value md. The second uses the 242 

analytical relationship between Tg and m derived from the MYEGA equation (Eq. 12 of 243 

Langhammer et al., 2021): 244 

 245 
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𝑚(𝑥𝐻2𝑂) = 𝑚𝑑 + (12 − 𝐴) ∙ 𝑙𝑛 (
𝑇𝑔(𝑥𝐻2𝑂)

𝑇𝑔,𝑑
) , (4) 246 

 247 

The third model fits an exponential saturation function to the ANN-derived m values at 248 

each water content, anchored at md at zero water content: 249 

 250 

𝑚(𝑥𝐻2𝑂) = 𝑚𝑖𝑛𝑓 + (𝑚𝑑 −𝑚𝑖𝑛𝑓) ∙ 𝑒𝑥𝑝(−k ∙ 𝑥𝐻2𝑂), (5) 251 

 252 

where minf is the limiting fragility approached at high water contents and k is a decay 253 

rate constant. ANN-derived m values that violate a monotonically decreasing trend are 254 

excluded before fitting, and bounds enforcing minf < md and k > 0 are applied. The model is 255 

fitted by a grid search over initial parameter values to minimise the root-mean-square residual. 256 

Importantly, the choice to impose a decreasing m(H2O) relationship is not grounded in a 257 

universal physical expectation: fragility is theoretically expected to remain approximately 258 

constant or even increase with dissolved water content (see Section 4.3 for a detailed 259 

discussion). Rather, the monotonically decreasing behaviour is observed empirically in 260 

viscosity datasets and models of volcanic melts from the literature (Giordano et al., 2008) and 261 

has been tentatively attributed to nanocrystallization and/or water loss during high-temperature 262 

viscosity measurements (Cassetta et al., 2021; Dominijanni et al., 2026; Stopponi et al., 2026; 263 

Valdivia et al., 2025, 2023). Indeed, the composition-specific models provided in Module 3 264 

(Sections 2.4 and 4.3), whose fragility was calibrated from datasets depurated of measurement 265 

artefacts, predominantly show fragility that remains constant or increases with dissolved water 266 

content. The three fragility models implemented here — constant m, Eq. 4, and Eq. 5 — are 267 

therefore not mutually exclusive physical descriptions but complementary tools that allow the 268 
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user to explore how different assumptions about m(H2O) propagate into the reconstructed 269 

viscosity–temperature–H2O relationships. 270 

The module produces two groups of outputs. The first group is displayed immediately 271 

after the ANN calculations and consists of five panels: Tg vs. H2O, m vs. H2O (showing all 272 

three fragility models alongside the ANN-derived points, with excluded non-monotone points 273 

marked), and one viscosity–temperature curve panel per fragility model (Fig. 3). 274 

 275 

 

Figure 3. Hydrous viscosity modelling outputs from Module 2 (Anhydrous and Hydrous 

Modelling) for the Fondo Riccio latite composition from Campi Flegrei (FR; Di Genova et 

al., 2014)(Di Genova et al., 2014). From left to right: (a) glass transition temperature Tg (°C) 

as a function of H2O content (mol%), showing ANN-derived values (symbols) and the 

literature fit (Langhammer et al., 2021; Schneider et al., 1997) (Eq. 2; solid line) with fitted 

parameters b, c, and d; (b) fragility index m as a function of H2O content, showing the three 

fragility models implemented in MELVIS — constant m (dotted line), Eq. 4 after 

Langhammer et al. (2021) (dashed line), and exponential saturation fit (Eq. 5) to ANN-

derived m values (solid line), with ANN-derived m values; and (c-e) three panels of melt 

viscosity log10η (η in Pa·s) as a function of temperature for H2O contents ranging from 0 to 

5 wt.%, computed using the constant m, Eq. 4, and Eq. 5 fragility models, respectively. All 

MYEGA curves use A = −2.9 (Langhammer et al., 2022). 

 276 

The second group is an optional section "Viscosity vs H2O at a fixed temperature", 277 

where the user specifies a temperature, an H2O range, and several evaluation points. The 278 

module then computes log10η at the fixed temperature as a function of H2O content for each of 279 

the three fragility models, smoothed using a monotone cubic spline (PCHIP interpolation), and 280 

displays three individual panels and a combined overlay figure (Fig. 4). 281 

 282 
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Figure 4. Melt viscosity log10η (η in Pa·s) as a function of dissolved H2O content at a fixed 

temperature of 1050 °C for the Fondo Riccio trachytic composition (FR; Di Genova et al., 

2014), computed by the optional "Viscosity vs H2O at a fixed temperature" section of 

Module 2 (Anhydrous and Hydrous Modelling). Results are shown for the three fragility 

models implemented in MELVIS: (i) constant m, (ii) m following Eq. 4 (Langhammer et al., 

2021), and (iii) exponential saturation fit (Eq. 5) to ANN-derived m values. Curves are 

monotone cubic spline interpolations (PCHIP) through viscosity values computed at discrete 

H2O contents via MYEGA fits (Eq. 1; A = −2.9; Langhammer et al., 2022). The spread 

among the three panels illustrates the sensitivity of viscosity predictions at eruptive 

temperatures to the assumed fragility–water relationship. 

 283 

All results are exported to a downloadable Excel file containing six sheets: (i) a 284 

Parameters sheet reporting all fitted model parameters (b, c, d, minf, k, RMSE values) with 285 

descriptions; (ii) a Tg and m vs H2O sheet tabulating the ANN-derived and fitted Tg and m 286 

values at each water content for all three fragility models; (iii) a chemistry check sheet showing 287 

the input composition, the composition after iron redistribution, and the composition 288 

normalised to 100 wt.% used for ANN inference, together with mol% values; and (iv–vi) three 289 
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viscosity curve sheets (one per fragility model) containing temperature–viscosity pairs with the 290 

MYEGA equation embedded as an Excel formula for independent user verification. 291 

 292 

2.4. Module 3: Specific composition models 293 

The third module provides pre-calibrated viscosity models for seven specific volcanic 294 

and experimental compositions, each parameterised using data from viscometry, differential 295 

scanning calorimetry (DSC), and/or spectroscopic measurements. All models are implemented 296 

as MYEGA curves with composition-specific parameters; however, unlike Modules 1 and 2, 297 

no ANN inference is performed here — all MYEGA parameters are hardcoded from their 298 

respective published calibrations. 299 

The compositions and their parameterisations differ in the nature of the independent 300 

variable, the fragility model, and the wt.%–to–mol% conversion used: 301 

(1) Stromboli basalt (Valdivia et al., 2023): A hydrous basaltic model (0–5 wt.% H2O) 302 

using the Tg(H2O) parameterisation (Eq. 2) and constant fragility m = 40.7. The wt.%–to–mol% 303 

conversion uses the effective molar weight of the dry melt (MWdry = 64.28 g/mol), calculated 304 

from the Stromboli composition reported in Valdivia et al. (2023). This model was calibrated 305 

to correct for viscosity measurement artefacts arising from nanocrystallization and/or water 306 

loss during conventional high-temperature viscometry. 307 

(2) Peridotite (Di Genova et al., 2023): A hydrous model calibrated using 308 

micropenetration and DSC-derived viscosities combined with high-temperature viscometry 309 

and Brillouin spectroscopy. Tg(H2O) follows Eq. 2, and fragility decreases linearly with H2O 310 

content in mol% due to the extremely depolymerised melt structure. No TAS classification is 311 

displayed for this composition, as peridotite plots outside the standard TAS diagram range. The 312 

wt%–to–mol% conversion uses MWdry = 51.01 g/mol. 313 
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(3) Andesite (Valdivia et al., 2025): An anhydrous model in which the independent 314 

variable is not H2O content but rather the weight fraction of transition metals (FeOT + TiO2 + 315 

MnO) relative to the fully transition-metal-bearing end-member composition AND100 (x = 0–316 

100%). Both Tg and m vary as linear to quadratic functions of this parameter, addressing the 317 

effects of nanoscale chemical heterogeneities on andesitic melt viscosity. 318 

(4) Colli Albani tephri-phonolite (Fanesi et al., 2025): A hydrous model (0–5 wt.% 319 

H2O) for the Pozzolane Nere magma. Tg(H2O) follows Eq. 2, with an empirical quadratic wt%–320 

to–mol% conversion. Fragility increases linearly with dissolved water content, revealing a 321 

4300-fold viscosity increase upon dehydration at eruptive temperature. 322 

(5) Metaluminous/peralkaline haplogranite HPG8 (Stopponi et al., 2026): An 323 

anhydrous model in which the independent variable is excess Na2O content in mol% (x = 0–20 324 

mol%). This model departs from the standard MYEGA formulation: A varies with x as A = 325 

−1.55 − 6.35 · 0.55x, Tg varies as Tg = 1034 · (1 + x)−0.1 K, and m varies linearly as m = 22.95 326 

+ 0.70 · x, with all coefficients calibrated from experimental data. 327 

(6) Vesuvius 472 CE phonotephrite (Dominijanni et al., 2026): A hydrous model with 328 

Tg(H2O) following Eq. 2, an empirical quadratic wt.%–to–mol% conversion, and fragility 329 

increasing linearly with dissolved water content. 330 

(7) AMS-B1 trachyte (Abeykoon et al., 2026): A hydrous model for this Campi Flegrei 331 

composition implementing two MYEGA variants: one with fixed A ≈ −5.01 and one with A 332 

varying with H2O content as A ≈ −2.22 − 2.85 · 0.40x, where x is H2O in mol%. In both variants, 333 

Tg (H2O) follows Eq. 2 and fragility increases linearly with dissolved water. The wt.%–to–334 

mol% conversion uses a linear empirical calibration. 335 

For all compositions, the module displays the reference composition on an interactive 336 

TAS diagram (except Peridotite), together with the MYEGA parameter table. Upon 337 

calculation, three figures are produced: (i) viscosity as a function of temperature at the specified 338 
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water contents (or compositional parameter values), showing both the linear m(H2O) model 339 

and the constant m model as solid and dotted lines respectively; (ii) Tg and m as a function of 340 

the independent variable, displayed on a shared axis with a secondary fragility axis, showing 341 

both the linear and constant m parameterisations; and (iii) log10η at a user-specified fixed 342 

temperature as a function of the independent variable, again comparing both fragility 343 

treatments (Fig. 5). Individual figures and an Excel file containing all viscosity curves with 344 

embedded MYEGA formulas are available for download. 345 

 346 

 

Figure 5. (a) Viscosity modelling outputs from Module 3 (Specific Composition Models) 

for the Vesuvius 472 CE phonotephrite (Dominijanni et al., 2026). (a) Melt viscosity log10η 

(η in Pa·s) as a function of temperature for H2O contents of 0–5 wt.%, computed using a 

linearly varying fragility m(H2O) (solid lines) and constant m (dotted lines). (b) Glass 

transition temperature Tg (°C, blue, left axis) and fragility index m (orange/red, right axis) as 

a function of H2O content, showing the linear m parameterisation (dashed red line: m = 35.92 

+ 0.18857·x, where x is H2O in mol%) and the constant m model (dotted orange line: m = 

35.92). (c) Melt viscosity log10η (η in Pa·s) at the estimated eruptive temperature of 950 °C 

as a function of dissolved H2O content, comparing the linear m model (solid purple line) and 

constant m model (dotted orange line). All MYEGA curves use A = −2.9 (Langhammer et 

al., 2022). 

 347 

3. Computational workflow and algorithms 348 

3.1. ANN inference pipeline 349 

The ANN architecture and training follow Langhammer et al. (2022). The network 350 

consists of two hidden layers with 256 and 208 neurons, respectively, using the leaky ReLU 351 
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activation function (α = 0.3). The output layer returns a single value (log10η, with η in Pa·s). 352 

The model was trained using the Adam optimiser with AMSGrad on a database containing 353 

3,194 training/validation points and 288 test points. In MELVIS, the original TensorFlow 354 

SavedModel is deployed in TensorFlow Lite format, which is architecturally equivalent but 355 

optimised for lightweight inference and loaded once at application startup via a cached 356 

resource. 357 

The ANN input vector consists of 15 features: temperature, the mole fractions of 12 358 

oxides (SiO2, TiO2, Al2O3, FeO, MnO, MgO, CaO, Na2O, K2O, P2O5, Fe₂O₃, H₂O; note that 359 

Cr2O3 is included in the user input but excluded from the ANN input vector, consistent with 360 

the original model architecture), the structural modifier SM, and the alkali ratio K2O/(Na2O + 361 

K2O). All 15 features are standardised prior to inference. Temperature is first normalised by 362 

dividing by the maximum temperature in the training dataset (2023 K, corresponding to the 363 

Ne375 composition), and then z-score standardised along with all other input features, using 364 

the mean and variance of the training dataset. 365 

ANN inference is used inversely to generate synthetic viscosity–temperature data 366 

points: for a given composition, the bisection method is applied in the standardised temperature 367 

space to find the temperature corresponding to each target log₁₀η value. The physical 368 

temperature search bracket of 300–3000 K is mapped to its standardised equivalents and 369 

bisection iterates until the residual between the predicted and target viscosity is less than 10⁻3 370 

log10 (compared to 10⁻5 used in the original implementation of Langhammer et al., 2022). The 371 

recovered temperatures are then back-transformed to Kelvin. The resulting synthetic (T, log10η) 372 

pairs are subsequently fitted with the MYEGA equation to extract Tg and m (Section 3.2). 373 

 374 

3.2. MYEGA fitting procedure 375 
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The two-parameter MYEGA equation (Eq. 1) with A = −2.9 fixed is fitted to the ANN-376 

derived synthetic (T, log10η) data pairs using `scipy.optimize.curve_fit` with initial guesses Tg 377 

= 900 K and m = 30, and bounds constraining both parameters to positive values. Since bounds 378 

are specified, the underlying algorithm is the Trust Region Reflective method rather than 379 

Levenberg–Marquardt. The fit yields Tg and m for the anhydrous composition (or for each 380 

hydrous composition in Module 2), which are then used to reconstruct smooth viscosity–381 

temperature curves via Eq. 1. 382 

For the Tg(H2O) parameterisation in Module 2 (Eq. 2), a different strategy is employed 383 

because the three-parameter objective surface (b, c, d) contains multiple local minima that 384 

make gradient-based methods unreliable. A grid search over 150 combinations of initial values 385 

(b0 ∈ {0.05, 0.1, 0.2, 0.3, 0.5, 1.0}, c0 ∈ {0.5, 1.0, 1.5, 2.0, 3.0}, d0 ∈ {−3.0, −2.0, −1.5, −1.0, 386 

−0.5}) is performed, and each starting point is refined by Nelder–Mead minimisation of the 387 

RMSE between the ANN-derived Tg values and the model predictions, with the physical 388 

constraint b > 0 enforced. The best solution across all starting points is retained, and early 389 

termination is applied if RMSE < 0.5 K is achieved. The anhydrous Tg,d is held fixed at the 390 

ANN-derived value and is not a free parameter in this fit. 391 

For the exponential saturation fragility model m(xH₂O) (Eq. 5), fitting is also performed 392 

via a grid search over 30 combinations of initial values (minf,0 ∈ {0.5md, 0.6md, 0.7 md, 0.8 md, 393 

20, 25}, k₀ ∈ {0.1, 0.2, 0.3, 0.5, 1.0}), each refined by `scipy.optimize.curve_fit` (Trust Region 394 

Reflective) with bounds 0 < minf < md − 0.1 and 10⁻4 < k < 10. The best solution by RMSE is 395 

retained. If no solution converges within the specified bounds, the model falls back to a linear 396 

anchored approximation with minf = 0.7 md and k = 0.2. 397 

 398 

4. Verification and example applications 399 

4.1. ANN module verification 400 
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The ANN implemented in MELVIS reproduces the performance reported in 401 

Langhammer et al. (2022), from which the model weights are taken without modification. The 402 

raw ANN achieves RMSE = 0.09 and 0.12 log10 on the training and validation sets (3,194 403 

points), respectively, and RMSE = 0.45 log10 on an independent test set (288 points), compared 404 

to RMSE = 0.89 (HZ) and 1.23 (GRD) on the same test set. The synthetic MYEGA model, 405 

which constrains the η–T relationship to a physically motivated functional form, achieves 406 

RMSE = 0.20 log10 on the training/validation set and RMSE = 0.52 log10 on the test set 407 

(Langhammer et al., 2022). 408 

To facilitate user-level verification, MELVIS provides two built-in tools. First, a default 409 

example dataset of 19 well-characterised volcanic compositions (Table S1) spanning the range 410 

from basanite to rhyolite is pre-loaded in Module 1, allowing users to immediately reproduce 411 

published viscosity curves without supplying their own data (Clocchiatti et al., 1994; Di Fiore 412 

et al., 2022; Di Genova et al., 2017, 2014, 2013; Giordano and Dingwell, 2003; Hofmeister et 413 

al., 2016; Iacono Marziano et al., 2007; Morrison et al., 2020, 2019; Richet et al., 1996; 414 

Romano et al., 2003; Sehlke and Whittington, 2016, 2015; Stabile et al., 2016; Vetere et al., 415 

2007). Second, the downloadable Excel output includes the MYEGA equation embedded as a 416 

live spreadsheet formula, enabling users to independently recalculate log10η at any temperature 417 

directly from the exported Tg and m values and confirm consistency with the application output. 418 

Users are advised to verify that their input compositions fall within the chemical 419 

training domain of the Langhammer et al. (2022) model before interpreting results. 420 

Compositions that are strongly anomalous relative to the training database — such as highly 421 

reduced melts, carbonate-rich compositions, or compositions with unusually high Cr2O3 — 422 

may yield unreliable ANN predictions, and the application does not currently implement an 423 

explicit domain boundary check. 424 

 425 
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4.2. Specific composition example: metaluminous/peralkaline haplogranite HPG8 426 

The metaluminous-to-peralkaline haplogranite HPG8 (Stopponi et al., 2026) is selected 427 

here as the illustrative example for Module 3 because it showcases a compositional regime and 428 

a MYEGA formulation that are fundamentally different from all other entries in the module. 429 

Unlike the hydrous volcanic compositions discussed in sections 2.4 and 4.3, HPG8 is an 430 

anhydrous system in which the independent variable is excess Na2O content in mol% (x = 0–431 

20 mol%), representing the progressive peralkalinity of the melt. Moreover, the pre-432 

exponential MYEGA term A is not fixed but varies with composition as A(x) = −1.55 − 6.35 · 433 

0.55x. 434 

To reproduce this example, the user selects "Anhydrous metaluminous and peralkaline 435 

haplogranitic melts — Stopponi et al. (2026)" from the Module 3 dropdown and sets Tmin = 700 436 

°C, Tmax = 1500 °C, excess Na2O values of 0, 5, 10, 15, 20 mol%, and a fixed temperature of 437 

800 °C for the viscosity vs composition panel. Three figures are produced upon calculation 438 

(Fig. 6). 439 

The viscosity–temperature panel (Fig. 6a) shows that increasing excess Na2O from 0 to 440 

20 mol% dramatically reduces melt viscosity across the entire temperature range, from 1012 441 

Pa·s near Tg at metaluminous conditions to values approaching low-viscosity melts at high 442 

peralkalinity. This reflects the combined effect of decreasing Tg — from 760.8 °C at x = 0 to 443 

489.5 °C at x = 20 mol% — and increasing fragility from m = 22.95 at x = 0 to m = 36.95 at x 444 

= 20 mol% (Fig. 6b). The simultaneous decrease in Tg and increase in m with peralkalinity 445 

reflects the depolymerising role of excess Na2O on the haplogranitic network (Stopponi et al., 446 

2026). At the fixed temperature of 800 °C (Fig. c), viscosity decreases by approximately 7 log 447 

units from metaluminous (x = 0) to the most peralkaline composition (x = 20 mol%), 448 

demonstrating the sensitivity of melt mobility to alkali excess at magmatic temperatures 449 

relevant to peralkaline silicic volcanism. 450 
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 451 

 

Figure 6. Viscosity modelling outputs from Module 3 (Specific Composition Models) for 

the metaluminous-to-peralkaline haplogranite HPG8 (Stopponi et al., 2026), as a function of 

excess Na2O content (x = 0–20 mol%). (a) Melt viscosity log10η (η in Pa·s) as a function of 

temperature (700–1500 °C) for excess Na2O contents of 0, 5, 10, 15, and 20 mol%. The pre-

exponential MYEGA term A varies with composition as A(x) = −1.55 − 6.35 · 0.55x. (b) 

Glass transition temperature Tg (°C, left axis) following Tg(x) = 1034 · (1 + x)−0.1 K, and 

fragility index m (right axis) following m(x) = 22.95 + 0.70 · x, both as functions of excess 

Na2O content. Tg decreases while m increases with peralkalinity, reflecting the 

depolymerising effect of excess Na2O on the haplogranitic melt structure. (c) Melt viscosity 

log10η (η in Pa·s) at 800 °C as a function of excess Na2O content, illustrating the strong 

compositional control on melt mobility at magmatic temperatures relevant to peralkaline 

silicic volcanism. All curves are computed from the calibration of Stopponi et al. (2026). 

 452 

4.3. Fragility–water parameterisation and its effect on eruptive viscosity: Stromboli 453 

basalt 454 

Stromboli basalt is chosen for this comparison for a specific and important reason: its 455 

viscosity was first characterised by Misiti et al. (2009) using conventional viscometry, and 456 

those data were subsequently incorporated into the training databases of the Langhammer et 457 

al. (2022) ANN. The viscosity data of Misiti et al. (2009) are therefore directly embedded in 458 

the global ANN model that underlies MELVIS Module 2. Valdivia et al. (2023) later 459 

reinvestigated the same composition using a combination of DSC-derived viscosities, Brillouin 460 

spectroscopy, and analysis of nanocrystallization and/or water-loss effects, producing a 461 

revised, artefact-free parameterisation that forms the basis of the Module 3 entry. The 462 

availability of two independent calibrations for the same composition — one potentially 463 
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contaminated by nanocrystallization and/or water-loss artefacts and embedded in global 464 

models, one corrected for these effects — makes Stromboli basalt uniquely suited to quantify 465 

how artefact-affected training data propagate into viscosity predictions at eruptive conditions, 466 

and to test the practical consequences of different fragility–water assumptions. 467 

The Stromboli composition is entered in Module 2 ("Anhydrous and Hydrous 468 

Modelling", Fig. 7a,b) to generate ANN-based viscosity–water curves under three fragility 469 

parameterisations, and the same composition is then accessed via Module 3 ("Specific 470 

Composition Models", Fig. 7c) to retrieve the artefact-free calibration of Valdivia et al. (2023). 471 

All results are compared at the eruptive temperature of 1150 °C across a water content range 472 

of 0–5 wt.%. 473 

Module 2 produces three viscosity–H2O curves at 1150 °C (Fig. 7a), each 474 

corresponding to a different fragility model. Under model (i), fragility is held constant at m = 475 

41.1, the anhydrous value returned by the ANN for this composition. Under model (ii), fragility 476 

decreases with water content following Eq. 4 (Langhammer et al., 2021), approaching m ≈ 35 477 

at 5 wt.% H2O. Under model (iii), fragility approaches approximately 36 at 5 wt.% H2O 478 

following the exponential saturation fit (Eq. 5) applied to ANN-derived m values at each 479 

discrete water content, with fitted parameters. At 5 wt.% H2O and 1150 °C, the three models 480 

predict viscosity values of 10-0.22, 100.34, and 100.32 Pa·s respectively, corresponding to viscosity 481 

ratios relative to the anhydrous value (102.46 Pa·s) of 479-fold, 132-fold, and 138-fold. The 482 

spread among the three curves directly quantifies the uncertainty introduced by the choice of 483 

fragility parameterisation alone, independently of any compositional uncertainty. 484 

Figure 7b shows the underlying fragility–water relationships for the three models. Two 485 

models (ii and iii) exhibit a monotonically decreasing m with increasing H2O content, as 486 

imposed by the ANN model inference combined with the constraints described in Section 3.2. 487 

The same monotonic decrease of m with dissolved water is built into widely used global 488 
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parameterisations: the GRD model of Giordano et al. (2008), for instance, predicts a systematic 489 

reduction in both Tg and m with increasing volatile content. As discussed in recent literature 490 

(Valdivia et al., 2023; 2025; Stopponi et al., 2026 and references therein), this apparent 491 

decrease is likely an artefact of nanocrystallization and/or water loss during conventional 492 

viscometry around Tg, which systematically inflate viscosity measurements and thus produce 493 

an artificially steep fragile-to-strong transition. Configurational heat capacity data, Brillouin 494 

spectroscopy, and melt dynamics studies predominantly indicate that melt fragility either 495 

remains approximately constant or increases with dissolved water content (Cassetta et al., 496 

2021; Fanesi et al., 2025; Stopponi et al., 2026; Valdivia et al., 2023). The spread among the 497 

three Module 2 fragility curves, therefore, reflects both the potential influence of experimental 498 

artefacts on the calibration data (models ii and iii) and the choice of a physically based fragility 499 

parameterisation that holds (at least) m constant (model i). This constitutes an irreducible 500 

epistemic uncertainty that cannot be resolved without independent spectroscopic or 501 

calorimetric constraints on m(H2O). 502 

Figure 7c shows the viscosity curve from Module 3, which uses the artefact-free 503 

calibration of Valdivia et al. (2023): a constant fragility of m = 40.7 — spectroscopically, 504 

viscometrically, and DSC validated — combined with the Tg(H2O) parameterisation of Eq. 2. 505 

At 5 wt.% H2O and 1150 °C, this model predicts 10-0.14 Pa·s, compared to ≈100.33 Pa·s from 506 

the two ANN-based curves in Module 2, where fragility decreases upon water dissolution. 507 

Notably, the anhydrous ANN fragility (m = 41.1) and the Valdivia et al. (2023) spectroscopic 508 

value (m = 40.7) differ by 0.4 units, which is within the stated uncertainty of the ANN 509 

(Langhammer et al., 2022), confirming the consistency of the two approaches at anhydrous 510 

conditions. 511 

Fig. 7 demonstrates the complementary value of the two modules: Module 2 provides 512 

a rapid, chemistry-agnostic assessment of how viscosity responds to water dissolution under 513 
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different fragility assumptions, while Module 3 delivers a physically grounded, artefact-free 514 

prediction for systems where nanocrystallization during viscometry is a documented concern. 515 

The ability to overlay and compare these outputs within a single application is one of the 516 

principal design objectives of MELVIS. 517 

 518 

   

Fig. 7. Comparison of hydrous viscosity predictions at the eruptive temperature of 1150 °C 

for the Stromboli basalt (Valdivia et al., 2023). (a) Melt viscosity log10η (η in Pa·s) as a 

function of dissolved H2O content (0–5 wt.%) computed by Module 2 (Anhydrous and 

Hydrous Modelling) under three fragility parameterisations: constant m = 41.1 (model i), m 

decreasing with H2O following Eq. 4 (model ii; Langhammer et al., 2021), and m following 

an exponential saturation fit to ANN-derived values (model iii; Eq. 5). The spread among 

the three curves quantifies the epistemic uncertainty introduced by the choice of fragility–

water assumption alone. (b) Fragility index m as a function of H2O content for the three 

Module 2 models. Models ii and iii show a monotonically decreasing trend with increasing 

H2O content, reflecting the behaviour of viscosity models calibrated on conventional 

viscometry data potentially affected by nanocrystallization and/or water-loss artefacts. (c) 

Melt viscosity log10η (Pa·s) at 1150 °C as a function of H2O content from Module 3 (Specific 

Composition Models), using the artefact-free calibration of Valdivia et al. (2023): constant 

fragility m = 40.7 combined with the Langhammer et al. (2021) Tg(H2O) parameterisation 

(Eq. 2). The anhydrous viscosities from Module 2 (m = 41.1) and Module 3 (m = 40.7) are 

mutually consistent within ANN uncertainty (Langhammer et al., 2022), while predictions 

diverge with increasing H2O content due to the different fragility–water assumptions. All 

MYEGA curves use A = −2.9 (Langhammer et al., 2022). 

 519 

5. Discussion 520 

5.1. Advantages of an integrated platform 521 

MELVIS addresses a practical need in the volcanological community by combining 522 

three complementary modelling approaches within a single, browser-accessible interface. 523 

Existing web-based tools estimate the viscosity of individual compositions at specified 524 

temperatures, but none offers hydrous modelling with user-adjustable fragility, artefact-525 
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corrected composition-specific calibrations, or batch processing of multi-sample datasets in 526 

one environment. MELVIS combines these capabilities in one platform, reducing data transfer 527 

between tools. 528 

The ANN module (Module 1) enables rapid viscosity estimation across a broad 529 

chemical space, from foidite/basanite to rhyolite, including hydrous compositions. Its batch 530 

processing mode accepts multi-sample CSV files and returns viscosity curves, Tg and m values, 531 

and a TAS diagram for all samples simultaneously. The TAS diagram is coloured by a user-532 

selected rheological property — Tg, fragility index m, or log10η at a fixed temperature — 533 

allowing compositional and physical property information to be visualised jointly across a suite 534 

of samples, a capability not available in existing viscosity tools. All results are exported to 535 

structured Excel files in which the MYEGA equation is embedded as a live spreadsheet 536 

formula, enabling users to independently recalculate viscosities at any temperature directly 537 

within their own workflows without any programming. 538 

The hydrous modelling module (Module 2) allows researchers to parameterise Tg(H2O) 539 

and m(H2O) from ANN-derived data and to compare three physically distinct fragility–water 540 

models side by side, propagating each into viscosity–temperature–H2O surfaces. This explicit 541 

treatment of fragility modulation is particularly relevant for assessing how experimental 542 

artefacts in viscometry data affect model predictions, as discussed in Section 4.3. 543 

The specific composition library (Module 3) provides access to the most recent 544 

experimentally validated, nanocrystallization-free viscosity models for key volcanic systems. 545 

The module is designed for extensibility: adding a new composition requires only defining a 546 

Python dictionary of MYEGA parameters and their water-content dependencies. New models 547 

from ongoing experimental campaigns can therefore be incorporated rapidly as they are 548 

published. 549 
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The web-based deployment via Streamlit removes all barriers associated with software 550 

installation, dependency management, and platform compatibility — users access MELVIS 551 

from any browser without installing Python or any library. For advanced users and for long-552 

term reproducibility, the full source code is openly available on GitHub and archived on 553 

Zenodo with a permanent DOI (https://doi.org/10.5281/zenodo.19945908). The 554 

requirements.txt lists all dependencies needed to reproduce the application locally (with numpy 555 

constrained to versions below 2 for interpreter compatibility). 556 

 557 

5.2. Limitations and future directions 558 

Several limitations of the current implementation should be acknowledged to guide the 559 

appropriate use of MELVIS. 560 

Training domain boundaries. The ANN of Langhammer et al. (2022) is inherently 561 

interpolative, and predictions for compositions outside the training database may be unreliable. 562 

The approximate training domain spans SiO2 = 37–80 wt.% and H2O = 0–6 wt.% for most 563 

compositions. MELVIS currently does not implement an automated domain-boundary check: 564 

the application will return a numerical result for any input composition without warning the 565 

user if that composition is chemically anomalous relative to the training set. 566 

Iron redox assumption. When only total iron is provided (as either FeO or Fe2O3 alone), 567 

MELVIS redistributes it. Since FeO and Fe2O3 exert different structural roles in silicate melts 568 

(Chevrel et al., 2013; Kolzenburg et al., 2018; Mysen et al., 1980), the magnitude of the 569 

resulting viscosity error is composition-dependent and is not currently quantified by the 570 

application. Users working with compositions of known redox state are advised to specify both 571 

FeO and Fe2O3 explicitly. 572 

Cr2O3 handling. Although Cr₂O₃ is accepted as an input oxide, its mole fraction is 573 

silently excluded from the ANN input vector, consistent with the original model architecture 574 

https://doi.org/10.5281/zenodo.19945908
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of Langhammer et al. (2022). For ultramafic or mantle-derived compositions with significant 575 

Cr2O3 contents — such as komatiites or picrites — this exclusion introduces an unquantified 576 

compositional error in the normalised input vector. The training domain of the ANN does not 577 

cover these compositions well, regardless, but this limitation should be borne in mind. 578 

Fragility–water parameterisation in Module 2. Of the three fragility models available 579 

in Module 2, two (models ii and iii) are constrained to be monotonically decreasing with water 580 

content, reflecting the empirical behaviour observed in conventional viscometry datasets that 581 

may be affected by nanocrystallization and/or water loss artefacts (Section 4.3), while the third 582 

(model i) holds fragility constant at the anhydrous value. Consequently, none of the Module 2 583 

models can currently capture an increase in fragility with dissolved water — behaviour that is 584 

physically expected and experimentally supported by spectroscopic measurements for several 585 

compositions (Cassetta et al., 2021; Valdivia et al., 2023; Fanesi et al., 2025; Stopponi et al., 586 

2026). For such systems, the composition-specific models of Module 3 provide the appropriate 587 

framework. A future direction is to allow Module 2 users to freely specify the sign and 588 

functional form of m(H2O), including increasing or non-monotone parameterisations. 589 

Numerical robustness of Tg(H2O) fitting. The Nelder–Mead grid search used to fit the 590 

(Langhammer et al., 2021; Schneider et al., 1997) parameters (b, c, d) may not converge to a 591 

physically meaningful solution, particularly when the input water content array is sparse, 592 

irregular, or covers a narrow range. In such cases, the application falls back to a linear 593 

approximation, which may not adequately represent the curvature of Tg(H2O). Users should 594 

inspect the RMSE of the Tg fit reported in the Excel output and treat results with RMSE > 5 K 595 

with caution. 596 

Volatile species beyond H2O. The ANN and all Module 3 models consider H2O as the 597 

only dissolved volatile. The effects of dissolved CO2, Cl, F, and S on melt viscosity are not 598 
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accounted for. Integration of multi-volatile viscosity models is a natural future extension of 599 

MELVIS. 600 

Pressure effects. All viscosity calculations in MELVIS assume ambient pressure. 601 

Pressure effects on silicate melt viscosity, which become significant at depths greater than a 602 

few kilometres for low-viscosity mafic melts (Liebske et al., 2005), are not currently 603 

implemented. This limits the applicability of MELVIS to near-surface and syn-eruptive 604 

conditions. Pressure-dependent viscosity models now exist (Duan, 2014; Le Losq et al., 2025) 605 

and can be used if necessary. 606 

Multiphase rheology. MELVIS models the viscosity of bubble-free, crystal-free silicate 607 

melts. Natural magmas ascending through volcanic conduits commonly carry suspended 608 

crystals and/or bubbles, both of which modify the bulk rheology substantially. Established 609 

multiphase models (Costa et al., 2009; Kolzenburg et al., 2022; Vona et al., 2011) could be 610 

integrated in future releases as optional correction layers applied to the melt viscosity output, 611 

providing a more complete description of magma rheology under natural eruptive conditions. 612 

 613 

6. Conclusions 614 

MELVIS is an open-source, browser-based platform for computing the viscosity of 615 

volcanic and experimental silicate melts, developed to bridge the gap between recent advances 616 

in experimental volcanology — particularly the identification of nanocrystallization and water-617 

loss artefacts in conventional viscometry — and their practical application in research and 618 

teaching workflows. 619 

The platform integrates three complementary modelling approaches. The ANN module 620 

(Module 1) implements the trained network of Langhammer et al. (2022) and provides rapid 621 

viscosity estimation across a broad chemical space from basanite to rhyolite, with batch 622 

processing of multi-sample datasets, TAS-based classification coloured by rheological 623 
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properties, and reproducible Excel outputs with embedded MYEGA formulas. The hydrous 624 

modelling module (Module 2) allows users to parameterise Tg(H2O) and to compare three 625 

fragility–water models side by side, making explicit how different assumptions about m(H2O) 626 

propagate into viscosity predictions at eruptive temperatures — a capability not available in 627 

existing web-based viscosity tools. The specific composition library (Module 3) provides pre-628 

calibrated, artefact-free MYEGA models for seven volcanic and experimental compositions 629 

spanning Stromboli basalt, Peridotite, Andesite, Colli Albani tephriphonolite, Vesuvius 472 630 

CE phonotephrite, Campi Flegrei trachyte AMS-B1, and metaluminous–peralkaline 631 

haplogranite HPG8. 632 

The example applications presented in this paper demonstrate the practical 633 

consequences of model choice. For the Stromboli basalt, comparison between Module 2 and 634 

Module 3 shows that the choice of fragility parameterisation alone introduces substantial 635 

spread in the predicted viscosity–water relationship at eruptive temperature, underscoring that 636 

melt fragility modulation with dissolved water remains one of the primary sources of 637 

uncertainty in hydrous viscosity modelling. 638 

MELVIS is freely accessible at https://annviscositycalculator.streamlit.app/, with full 639 

source code archived on GitHub and Zenodo 640 

(https://github.com/DiGenovaDanilo/ViscosityCalculator  and 641 

https://doi.org/10.5281/zenodo.19945908) to ensure long-term reproducibility. Future 642 

developments will focus on automated training-domain boundary checking, integration of 643 

multi-volatile effects (CO2, Cl, F), and multiphase rheology corrections for crystal- and bubble-644 

bearing magmas. The modular architecture of the platform is designed to accommodate new 645 

composition-specific models as they emerge from ongoing experimental campaigns, and 646 

contributions from the community are welcomed through the GitHub repository. 647 

 648 

https://annviscositycalculator.streamlit.app/
https://github.com/DiGenovaDanilo/ViscosityCalculator
https://doi.org/10.5281/zenodo.19945908
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Code availability 649 

MELVIS is open-source software available at: 650 

Online deployment: https://annviscositycalculator.streamlit.app/ 651 

Zenodo archive: https://doi.org/10.5281/zenodo.19945908 652 

GitHub repository: https://github.com/DiGenovaDanilo/ViscosityCalculator 653 

The application is implemented in Python 3.11 and depends on the following libraries: 654 

streamlit, tflite-runtime, numpy (<2), pandas, matplotlib, scipy, openpyxl, pyrolite, plotly, and 655 

streamlit-plotly-events. The trained ANN is distributed as a TensorFlow Lite file (model.tflite) 656 

and loaded through the tflite-runtime interpreter. The repository includes all source code, the 657 

model.tflite file, and a requirements.txt listing the dependencies for local deployment. 658 

 659 

Acknowledgments 660 

D. Di Genova acknowledges funding from the European Research Council (ERC) 661 

under the European Union’s Horizon Europe research and innovation programme 662 

(NANOVOLC, ERC Consolidator Grant — No. 101044772). 663 

 664 



35 

References 665 

Abeykoon, S., Calabrò, L., Di Genova, D., Kurnosov, A., Bamber, E.C., Bondar, D., 666 

Valdivia, P., Vona, A., Carroll, M.R., Romano, C., Arzilli, F., 2026. Viscosity of 667 

Trachytic Melt Constrained by Integrated Rheological and In Situ Spectroscopic 668 

Analyses : Insights From the Agnano ‐ Monte Spina Eruption (Campi Flegrei, Italy). J. 669 

Geophys. Res. Solid Earth 131, 1–22. https://doi.org/10.1029/2026JB033754 670 

Angell, C.A., 1995. Formation of Glasses from Liquids and Biopolymers. Science (80-. ). 671 

267, 1924–1935. https://doi.org/10.1126/science.267.5206.1924 672 

Bondar, D., Canizarès, A., Bilardello, D., Valdivia, P., Zandonà, A., Romano, C., Allix, M., 673 

Di Genova, D., 2025. Nanolite Crystallization in Volcanic Glasses: Insights From High-674 

Temperature Raman Spectroscopy and Low-Temperature Rock-Magnetic Analysis. 675 

Geochemistry, Geophys. Geosystems 26. https://doi.org/10.1029/2024GC011846 676 

Bottinga, Y., Weill, D., 1972. The viscosity of magmatic silicate: a model for calculation. 677 

Am. J. Sci. 678 

Cassetta, M., Di Genova, D., Zanatta, M., Ballaran, T.B., Kurnosov, A., Giarola, M., 679 

Mariotto, G., 2021. Estimating the viscosity of volcanic melts from the vibrational 680 

properties of their parental glasses. Sci. Rep. 11. https://doi.org/10.1038/s41598-021-681 

92407-5 682 

Cassidy, M., Manga, M., Cashman, K. V., Bachmann, O., 2018. Controls on explosive-683 

effusive volcanic eruption styles. Nat. Commun. 9, 2839. 684 

https://doi.org/10.1038/s41467-018-05293-3 685 

Chevrel, M.O., Giordano, D., Potuzak, M., Courtial, P., Dingwell, D.B., 2013. Physical 686 

properties of CaAl2Si2O8-CaMgSi2O6-FeO-Fe2O3 melts: Analogues for extra-687 

terrestrial basalt. Chem. Geol. 346, 93–105. 688 

https://doi.org/10.1016/j.chemgeo.2012.09.004 689 



36 

Clocchiatti, R., Del Moro, A., Gioncada, A., Joron, J.L., Mosbah, M., Pinarelli, L., Sbrana, 690 

A., 1994. Assessment of a shallow magmatic system: the 1888-90 eruption, Vulcano 691 

Island, Italy. Bull. Volcanol. 56, 466–486. https://doi.org/10.1007/BF00302828 692 

Costa, A., Caricchi, L., Bagdassarov, N., 2009. A model for the rheology of particle-bearing 693 

suspensions and partially molten rocks. Geochemistry, Geophys. Geosystems 10. 694 

https://doi.org/10.1029/2008GC002138 695 

de’ Michieli Vitturi, M., Aravena, Á., 2021. Numerical modeling of magma ascent dynamics, 696 

in: Forecasting and Planning for Volcanic Hazards, Risks, and Disasters. pp. 239–284. 697 

https://doi.org/10.1016/b978-0-12-818082-2.00006-8 698 

Di Fiore, F., Vona, A., Costa, A., Mollo, S., Romano, C., 2022. Quantifying the influence of 699 

cooling and shear rate on the disequilibrium rheology of a trachybasaltic melt from Mt. 700 

Etna. Earth Planet. Sci. Lett. 594, 117725. 701 

https://doi.org/https://doi.org/10.1016/j.epsl.2022.117725 702 

Di Genova, D., Bondar, D., Zandonà, A., Valdivia, P., Al-Mukadam, R., Fei, H., Withers, 703 

A.C., Boffa Ballaran, T., Kurnosov, A., McCammon, C.A., Deubener, J., Katsura, T., 704 

2023. Viscosity of anhydrous and hydrous peridotite melts. Chem. Geol. 625. 705 

https://doi.org/10.1016/j.chemgeo.2023.121440 706 

Di Genova, D., Kolzenburg, S., Wiesmaier, S., Dallanave, E., Neuville, D.R., Hess, K.-U., 707 

Dingwell, D.B., 2017. A chemical tipping point governing mobilization and eruption 708 

style of rhyolitic magma. Nature 552, 235–238. https://doi.org/10.1038/nature24488 709 

Di Genova, D., Romano, C., Alletti, M., Misiti, V., Scarlato, P., 2014. The effect of CO2 and 710 

H2O on Etna and Fondo Riccio (Phlegrean Fields) liquid viscosity, glass transition 711 

temperature and heat capacity. Chem. Geol. 377, 72–86. 712 

https://doi.org/10.1016/j.chemgeo.2014.04.001 713 

Di Genova, D., Romano, C., Hess, K.-U., Vona, A., Poe, B.T., Giordano, D., Dingwell, D.B., 714 



37 

Behrens, H., 2013. The rheology of peralkaline rhyolites from Pantelleria Island. J. 715 

Volcanol. Geotherm. Res. 249, 201–216. 716 

Di Genova, D., Zandonà, A., Deubener, J., 2020. Unravelling the effect of nano-717 

heterogeneity on the viscosity of silicate melts: Implications for glass manufacturing and 718 

volcanic eruptions. J. Non. Cryst. Solids 545, 120248. 719 

https://doi.org/10.1016/j.jnoncrysol.2020.120248 720 

Dingwell, D.B., 1996. Volcanic Dilemma: Flow or Blow? Science (80-. ). 273, 1054–1055. 721 

https://doi.org/10.1126/science.273.5278.1054 722 

Dominijanni, S., Calabrò, L., Bamber, E.C., Giuliani, G., Bondar, D., Valdivia, P., Arzilli, F., 723 

La Spina, G., Kurnosov, A., Vona, A., Longo, A., Di Genova, D., 2026. Modeling 724 

magma viscosity and ascent dynamics of the 472 CE sub-Plinian eruption of Somma-725 

Vesuvius (Italy). Earth Planet. Sci. Lett. 673. https://doi.org/10.1016/j.epsl.2025.119714 726 

Duan, X., 2014. Model for calculating the viscosity of natural iron-bearing silicate melts over 727 

a wide range of temperatures, pressures, oxygen fugacites, and compositions. Am. 728 

Mineral. 99, 2378–2388. https://doi.org/10.2138/am-2014-4841 729 

Fanesi, E., Di Genova, D., Valdivia, P., Bondar, D., Dominijanni, S., Abeykoon, S., Giuliani, 730 

G., Kurnosov, A., Giordano, G., Cassetta, M., Vona, A., Romano, C., Arzilli, F., 2025. 731 

A review of the differential scanning calorimetry shift–factor approach: Application to 732 

Colli Albani melt viscosity and implications for mafic Plinian eruptions. J. Volcanol. 733 

Geotherm. Res. 108276. https://doi.org/10.1016/j.jvolgeores.2025.108276 734 

Fulcher, G.S., 1925. Analysis of Recent Measurements of the Viscosity of Glasses. J. Am. 735 

Ceram. Soc. 8, 339–355. https://doi.org/10.1111/j.1151-2916.1925.tb16731.x 736 

Giordano, D., Dingwell, D.B., 2003. Non-Arrhenian multicomponent melt viscosity: a model. 737 

Earth Planet. Sci. Lett. 208, 337–349. https://doi.org/10.1016/s0012-821x(03)00042-6 738 

Giordano, D., Russell, J.K., Dingwell, D.B., 2008. Viscosity of magmatic liquids: A model. 739 



38 

Earth Planet. Sci. Lett. 271, 123–134. https://doi.org/10.1016/j.epsl.2008.03.038 740 

Gonnermann, H.M., Manga, M., 2012. Chapter 4: Dynamics of magma ascent in the volcanic 741 

conduit, in: Fagents, S.A., Gregg, T.K.P., Lopes, R.M.C.E. (Eds.), Modeling Volcanic 742 

Processes: The Physics and Mathematics of Volcanism. Cambridge University Press, pp. 743 

55–84. https://doi.org/10.1017/CBO9781139021562.004 744 

Gonnermann, H.M., Manga, M., 2007. The Fluid Mechanics Inside a Volcano. Annu. Rev. 745 

Fluid Mech. 39, 321–356. https://doi.org/10.1146/annurev.fluid.39.050905.110207 746 

Gordon, M., Taylor, J.S., 1952. Ideal copolymers and the second-order transitions of 747 

synthetic rubbers. i. non-crystalline copolymers. J. Chem. Technol. Biotechnol. 2, 493–748 

500. 749 

Hofmeister, A.M., Sehlke,  a., Avard, G., Bollasina, A.J., Robert, G., Whittington, A.G., 750 

2016. Transport properties of glassy and molten lavas as a function of temperature and 751 

composition. J. Volcanol. Geotherm. Res. 327, 330–348. 752 

https://doi.org/10.1016/j.jvolgeores.2016.08.015 753 

Hui, H., Zhang, Y., 2007. Toward a general viscosity equation for natural anhydrous and 754 

hydrous silicate melts. Geochim. Cosmochim. Acta 71, 403–416. 755 

https://doi.org/10.1016/j.gca.2006.09.003 756 

Iacono Marziano, G., Schmidt, B.C., Dolfi, D., 2007. Equilibrium and disequilibrium 757 

degassing of a phonolitic melt (Vesuvius AD 79 “white pumice”) simulated by 758 

decompression experiments. J. Volcanol. Geotherm. Res. 161, 151–164. 759 

https://doi.org/10.1016/j.jvolgeores.2006.12.001 760 

Kleest, C., Webb, S.L., Fanara, S., 2020. Rheology of melts from the colli albani volcanic 761 

district (Italy): a case study. Contrib. to Mineral. Petrol. 175. 762 

https://doi.org/10.1007/s00410-020-01720-1 763 

Kohl, I., Bachmann, L., Mayer, E., Hallbrucker, A., Loerting, T., 2005. Glass transition in 764 



39 

hyperquenched water? Nature 435, E1–E1. https://doi.org/10.1038/nature03707 765 

Kolzenburg, S., Chevrel, M.O., Dingwell, D.B., 2022. Magma / Suspension Rheology. Rev. 766 

Mineral. Geochemistry 87, 639–720. https://doi.org/10.2138/rmg.2022.87.14 767 

Kolzenburg, S., Di Genova, D., Giordano, D., Hess, K.-U., Dingwell, D.B., 2018. The effect 768 

of oxygen fugacity on the rheological evolution of crystallizing basaltic melts. Earth 769 

Planet. Sci. Lett. 487, 21–32. https://doi.org/10.1016/j.epsl.2018.01.023 770 

La Spina, G., Arzilli, F., Llewellin, E.W., Burton, M.R., Clarke, A.B., de’ Michieli Vitturi, 771 

M., Polacci, M., Hartley, M.E., Di Genova, D., Mader, H.M., 2021. Explosivity of 772 

basaltic lava fountains is controlled by magma rheology, ascent rate and outgassing. 773 

Earth Planet. Sci. Lett. 553, 116658. https://doi.org/10.1016/j.epsl.2020.116658 774 

La Spina, G., Burton, M.R., de’ Michieli Vitturi, M., Arzilli, F., 2016. Role of syn-eruptive 775 

plagioclase disequilibrium crystallization in basaltic magma ascent dynamics. Nat. 776 

Commun. 7, 13402. https://doi.org/10.1038/ncomms13402 777 

La Spina, G., de’ Michieli Vitturi, M., Clarke, A.B., 2017. Transient numerical model of 778 

magma ascent dynamics: application to the explosive eruptions at the Soufrière 779 

Hills Volcano. J. Volcanol. Geotherm. Res. 336, 118–139. 780 

https://doi.org/10.1016/j.jvolgeores.2017.02.013 781 

Langhammer, D., Di Genova, D., Steinle-Neumann, G., 2022. Modelling Viscosity of 782 

Volcanic Melts with Artificial Neural Networks. Geochemistry Geophys. Geosystems 783 

23. https://doi.org/10.1029/2022GC010673 784 

Langhammer, D., Di Genova, D., Steinle-Neumann, G., 2021. Modelling the viscosity of 785 

anhydrous and hydrous volcanic melt. Geochemistry Geophys. Geosystems 22, 1–26. 786 

https://doi.org/10.1029/2021GC009918 787 

Le Bas, M.J., Le Maitre, R.W., Streckeisen, A., Zanettin, B., 1986. A Chemical Classification 788 

of Volcanic Rocks Based on the Total Alkali-Silica Diagram. J. Petrol. 27, 745–750. 789 



40 

https://doi.org/10.1093/petrology/27.3.745 790 

Le Losq, C., Ferraina, C., Sossi, P.A., Boukaré, C.-édouard, 2025. A general machine 791 

learning model of aluminosilicate melt viscosity and its application to the surface 792 

properties of dry lava planets. Earth Planet. Sci. Lett. 656, 119287. 793 

https://doi.org/10.1016/j.epsl.2025.119287 794 

Liebske, C., Schmickler, B., Terasaki, H., Poe, B.T., Suzuki, A., Funakoshi, K., Ando, R., 795 

Rubie, D.C., 2005. Viscosity of peridotite liquid up to 13 GPa: Implications for magma 796 

ocean viscosities. Earth Planet. Sci. Lett. 240, 589–604. 797 

https://doi.org/10.1016/j.epsl.2005.10.004 798 

Marzocchi, W., Newhall, C., Woo, G., 2012. The scientific management of volcanic crises. J. 799 

Volcanol. Geotherm. Res. 247–248, 181–189. 800 

https://doi.org/10.1016/j.jvolgeores.2012.08.016 801 

Mastin, L.G., 2002. Insights into volcanic conduit flow from an open-source numerical 802 

model. Geochem. Geophys. Geosyst. 3, 1–18. https://doi.org/10.1201/9780429326097-803 

10 804 

Mauro, J.C., Yue, Y.Z., Ellison, A.J., Gupta, P.K., Allan, D.C., 2009. Viscosity of glass-805 

forming liquids. Proc. Natl. Acad. Sci. U. S. A. 106, 19780–4. 806 

https://doi.org/10.1073/pnas.0911705106 807 

Melnik, O., 2000. Dynamics of two-phase conduit flow of high-viscosity gas-saturated 808 

magma: large variations of sustained explosive eruption intensity. Bull. Volcanol. 62, 809 

153–170. https://doi.org/10.1007/s004450000072 810 

Middlemost, E.A.K., 1994. Naming materials in the magma/igneous rock system. Earth-811 

Science Rev. 37, 215–224. https://doi.org/https://doi.org/10.1016/0012-8252(94)90029-812 

9 813 

Misiti, V., Vetere, F., Mangiacapra, A., Behrens, H., Cavallo, A., Scarlato, P., Dingwell, 814 



41 

D.B., 2009. Viscosity of high-K basalt from the 5th April 2003 Stromboli paroxysmal 815 

explosion. Chem. Geol. 260, 278–285. https://doi.org/10.1016/j.chemgeo.2008.12.023 816 

Morrison, A.A., Whittington, A.G., Smets, B., Kervyn, M., Sehlke,  a., 2020. The rheology of 817 

crystallizing basaltic lavas from Nyiragongo and Nyamuragira volcanoes, D.R.C. 818 

Volcanica. 819 

Morrison, A.A., Zanetti, M., Hamilton, C.W., Lev, E., Neish, C.D., Whittington, A.G., 2019. 820 

Rheological investigation of lunar highland and mare impact melt simulants. Icarus 317, 821 

307–323. https://doi.org/10.1016/j.icarus.2018.08.001 822 

Mysen, B.O., Seifert, F., Virgo, D., 1980. Structure and redox equilibria of iron-bearing 823 

silicate melts. Am. Mineral. 65, 867–884. 824 

Okumura, S., Uesugi, K., Goto, A., Takeuchi, A., Miyake, A., 2022. Rheology of 825 

nanocrystal-bearing andesite magma and its roles in explosive volcanism. Commun. 826 

Earth Environ. 3, 1–7. https://doi.org/10.1038/s43247-022-00573-9 827 

Papale, P., 1999. Strain-induced magma fragmentation in explosive eruptions. Nature 397, 828 

425–428. 829 

Richet, P., Bottinga, Y., 1995. Rheology and configurational entropy of silicate melts, in: 830 

Stebbins, J.F., McMillan, P.F., Dingwell, D.B. (Eds.), Structure, Dynamics, and 831 

Properties of Silicate Melts. De Gruyter, Berlin, Boston, pp. 67–94. 832 

https://doi.org/doi:10.1515/9781501509384-005 833 

Richet, P., Lejeune, A.M., Holtz, F., Roux, J., 1996. Water and the viscosity of andesite 834 

melts. Chem. Geol. 128, 185–197. https://doi.org/10.1016/0009-2541(95)00172-7 835 

Romano, C., Giordano, D., Papale, P., Mincione, V., Dingwell, D.B., Rosi, M., 2003. The dry 836 

and hydrous viscosities of alkaline melts from Vesuvius and Phlegrean Fields. Chem. 837 

Geol. 202, 23–38. https://doi.org/10.1016/s0009-2541(03)00208-0 838 

Scarani, A., Zandonà, A., Di Fiore, F., Valdivia, P., Putra, R., Miyajima, N., Bornhöft, H., 839 



42 

Vona, A., Deubener, J., Romano, C., Di Genova, D., 2022. A chemical threshold 840 

controls nanocrystallization and degassing behaviour in basalt magmas. Commun. Earth 841 

Environ. 3. https://doi.org/10.1038/s43247-022-00615-2 842 

Schneider, H.A., Rieger, J., Penzel, E., 1997. The glass transition temperature of random 843 

copolymers: 2. Extension of the Gordon - Taylor equation for asymmetric Tg vs 844 

composition curves. Polymer (Guildf). 38, 1323–1337. https://doi.org/10.1016/S0032-845 

3861(96)00652-0 846 

Sehlke, A., Whittington, A.G., 2016. The viscosity of planetary tholeiitic melts: A 847 

configurational entropy model. Geochim. Cosmochim. Acta 191, 277–299. 848 

https://doi.org/10.1016/j.gca.2016.07.027 849 

Sehlke, A., Whittington, A.G., 2015. Rheology of lava flows on Mercury: An analog 850 

experimental study. J. Geophyical Res. Planets 175, 238. 851 

https://doi.org/10.1038/175238c0 852 

Shaw, H.R., 1972. Viscosities of magmatic silicate liquids: An empirical method of 853 

prediction. Am. J. Sci. 272, 870–893. 854 

Sparks, R.S.J., 2003. Dynamics of magma degassing. Geol. Soc. London, Spec. Publ. 213, 5–855 

22. https://doi.org/10.1144/GSL.SP.2003.213.01.02 856 

Stabile, P., Webb, S.L., Knipping, J.L., Behrens, H., Paris, E., Giuli, G., 2016. Viscosity of 857 

pantelleritic and alkali silicate melts: Effect of Fe redox state and Na/(Na+K) ratio. 858 

Chem. Geol. 442, 73–82. https://doi.org/10.1016/j.chemgeo.2016.09.003 859 

Stopponi, V., Giuliani, G., Calabrò, L., Bondar, D., Abeykoon, S., Romano, C., Dingwell, 860 

D.B., Di Genova, D., 2026. Viscosity and structure of Na2O-enriched haplogranitic 861 

melts: a DSC shift-factor calibration for peralkaline rhyolites. Chem. Geol. 702. 862 

https://doi.org/10.1016/j.chemgeo.2025.123196 863 

Tammann, G., Hesse, W., 1926. Die Abhängigkeit der Viscosität von der Temperatur bie 864 



43 

unterkühlten Flüssigkeiten. Zeitschrift für Anorg. und Allg. Chemie 156, 245–257. 865 

https://doi.org/10.1002/zaac.19261560121 866 

Textor, C., Graf, H.F., Longo, A., Neri, A., Ongaro, T.E., Papale, P., Timmreck, C., Ernst, 867 

G.G.J., 2005. Numerical simulation of explosive volcanic eruptions from the conduit 868 

flow to global atmospheric scales. Ann. Geophys. 48, 817–842. 869 

https://doi.org/10.4401/ag-3237 870 

Valdivia, P., Zandonà, A., Kurnosov, A., Boffa Ballaran, T., Deubener, J., Di Genova, D., 871 

2023. Are volcanic melts less viscous than we thought? The case of Stromboli basalt. 872 

Contrib. to Mineral. Petrol. 178, 1–18. https://doi.org/10.1007/s00410-023-02024-w 873 

Valdivia, P., Zandonà, A., Löschmann, J., Bondar, D., Genevois, C., Canizarès, A., Allix, M., 874 

Miyajima, N., Kurnosov, A., Ballaran, T.B., Fiore, F. Di, Vona, A., Romano, C., 875 

Deubener, J., Bamber, E.C., Longo, A., Di Genova, D., 2025. Nanoscale chemical 876 

heterogeneities control the viscosity of andesitic magmas. Commun. Earth Environ. 1–877 

15. https://doi.org/10.1038/s43247-025-02424-9 878 

Vetere, F., Behrens, H., Misiti, V., Ventura, G., Holtz, F., De Rosa, R., Deubener, J., 2007. 879 

The viscosity of shoshonitic melts (Vulcanello Peninsula, Aeolian Islands, Italy): Insight 880 

on the magma ascent in dikes. Chem. Geol. 245, 89–102. 881 

https://doi.org/10.1016/j.chemgeo.2007.08.002 882 

Vogel, H., 1921. Das Temperaturabhaengigkeitsgesetz der Viskositaet von Fluessigkeiten. 883 

Phys. Zeitschrift 22, 645–646. 884 

Vona, A., Romano, C., Dingwell, D.B., Giordano, D., 2011. The rheology of crystal-bearing 885 

basaltic magmas from Stromboli and Etna. Geochim. Cosmochim. Acta 75, 3214–3236. 886 

https://doi.org/10.1016/j.gca.2011.03.031 887 

Williams, M., Schoneveld, L., Mao, Y., Klump, J., Gosses, J., Dalton, H., Bath, A., Barnes, 888 

S., 2020. pyrolite: Python for geochemistry. J. Open Source Softw. 5, 2314. 889 



44 

https://doi.org/10.21105/joss.02314 890 

 891 


	Abstract
	1. Introduction
	2. Design and implementation
	2.1. Software architecture and technology stack
	2.2. Module 1: ANN-based viscosity calculator
	2.3. Module 2: Anhydrous and hydrous viscosity modelling
	2.4. Module 3: Specific composition models

	3. Computational workflow and algorithms
	3.1. ANN inference pipeline
	3.2. MYEGA fitting procedure

	4. Verification and example applications
	4.1. ANN module verification
	4.2. Specific composition example: metaluminous/peralkaline haplogranite HPG8
	4.3. Fragility–water parameterisation and its effect on eruptive viscosity: Stromboli basalt

	5. Discussion
	5.1. Advantages of an integrated platform
	5.2. Limitations and future directions

	6. Conclusions
	Code availability
	Acknowledgments
	References


       l o g 10 𝜂  ( T ) = A +  ( 12 − A )     T  g  T ∙ e x p  [  (   m  12 − A − 1 )  (     T  g  T − 1 ) ] ,     ( 1 )


    T  g  (   x    H 2 O ) =   w 1 ∙   T  g ,   H 2 O +   w 2 ∙   T  g , d + c ∙   w 1   ∙ w 2  (   T  g , d −   T  g ,   H 2 O ) + d   ∙ w 1 ∙     w 2 2  (   T  g , d −   T  g ,   H 2 O ) ,   ( 2 )


    w 1 =     x    H 2 O  b  ( 100 −   x    H 2 O ) +   x    H 2 O


    w 2 =   b  ( 100 −   x    H 2 O )  b  ( 100 −   x    H 2 O ) +   x    H 2 O


    x    H 2 O


  m  ( x   H 2 O ) =   m  d +  ( 12 − A ) ∙ l n  (     T  g  ( x   H 2 O )    T  g , d ) ,   ( 4 )


  m  ( x   H 2 O ) =   m  i n f +  (   m  d −   m  i n f ) ∙ e x p  ( − k ∙ x   H 2 O ) ,   ( 5 )

