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The growing interest in raw material extraction, particularly in trace elements, highlights the
need for innovative geochemical modeling techniques to predict element concentrations
accurately. This paper explores the predictive capabilities of a deep neural network (DNN)
in estimating the concentrations of 20 trace elements based on 11 major elements and pH
values. Using data from the BrineMine project, we applied DNNs to a challenging dataset
characterized by a small sample size and imbalanced distributions. In total, 1000 indepen-
dent DNN models were generated to address prediction accuracy and uncertainty instead of
relying on a single model. Two preprocessing methods, including synthetic minority over-
sampling technique for regression with Gaussian noise (SMOGN) statistical transformation,
were applied to improve the accuracy and decrease uncertainty further. Despite issues such
as low initial correlations between input features and target variables, imbalanced data
distributions, and extremely low concentrations, the DNN models provided reliable and
robust results, except for Cu and V. For 13 trace elements, the DNN models achieved
acceptable reliability with R*> > 0.8. Analyzing the weight distribution of the DNN revealed
that input features with high cross-correlation are prone to sharing the same information.
While input features such as Fe, pH, and Mg are highly correlated to several target variables,
accumulated local effects (ALE) scores indicate that Li has the highest influence, as it is the
only input feature with a high correlation coefficient to some of the target variables.

KEY WORDS: Deep neural network, Trace element, Uncertainty, BrineMine, Data distribution, ALE
values.

been extensively utilized across a broad range of
applications (Brunton & Kutz, 2022; Rabczuk &

Artificial intelligence (AI) and its subsets, such
as machine learning (ML), artificial neural networks
(ANNs), and deep neural networks (DNNs), have
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Bathe, 2023). ML is typically defined as computer
programs that learn from data (Jo 2021) and are
expected to become an industry standard, replacing
traditional analytical and numerical solutions. As
one of the most promising branches of ML, ANNs
consist of networks of neuron-like units that are
optimized by minimizing the loss between the true
and predicted values (Kanwisher et al., 2023). ANNs
generally comprise three layers: input, hidden, and
output. An ANN paradigm can have different
architectures resulting in variations such as recurrent
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neural networks (RNNs) and convolutional neural
networks (CNNs) (LeCun et al., 2015). Each variant
is designed to address specific problems: for exam-
ple, CNNs are widely used in computer vision tasks
(Zhao et al., 2024b), while RNN is a state-of-the-art
technology dealing with sequential data such as time
series, letters constructing words, and sentences
(Salehinejad et al., 2018). The number of hidden
layers distinguishes two types of models: shallow
neural networks with a single hidden layer and deep
neural networks (DNNs) with multiple hidden lay-
ers. The latter architecture allows the network to
understand more complex relations (Kufel et al.,
2023). The multiple hidden layers of DNN enable
the model to comprehend the hierarchical feature
representations of data and yield balanced weight
matrices (LeCun et al., 2015). Although DNNs im-
pose higher computational costs, recent advances in
graphics processing units (GPUs) have made it fea-
sible to operate computational tasks efficiently
(Wang et al., 2019). In particular, DNNs rely heavily
on simple dot products, which can be parallelized
effectively.

The accelerated expansion of ML in a wide
variety of applications, including the geothermal
sector, has been remarkable (Okoroafor et al.,
2022). Several studies applied ML methods for
mineral exploration and resource estimation from
geochemical data (Oh and Lee 2010; Dornan et al.,
2020; Enkhsaikhan et al., 2021; Liu et al., 2022;
Zhang et al., 2023; Ngombe et al., 2024). Most re-
search utilized shallow NNs, or methods such as K-
means clustering, regression trees, and so on, for the
existing geochemical data from ore deposits/mines
(Puzyrev et al., 2023). Recently, ML algorithms have
been deployed for re-purposing the legacy multi-
element geochemical data to gain advanced knowl-
edge, guide exploration, and detect anomalies
(Zhang et al., 2022; Bourdeau et al., 2023). For
example, Zhang et al. (2021) used the residual maps
to characterize possible geochemical anomalies. The
development of data-driven ML models for pre-
dicting geospatial information, e.g., mineral map-
ping, can be prone to different types of uncertainties
(Zhang et al., 2024b), noteworthy to be mentioned
in such kind of studies. The application of DNNs to
predict the concentrations of multiple elements in
geothermal brines remains largely unexplored
(Drumm et al., 2023). Ystroem et al. (2023) and
Gurgenc et al. (2024) demonstrated the effectiveness
of ANNSs in correlating aqueous element concen-
trations with subsurface temperatures across differ-
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ent geothermal settings. A key challenge in
developing robust DNN models is the acquisition of
sufficiently high-quality hydrogeochemical data
from geothermal brines, due to the extremely chal-
lenging sampling techniques required (Arnodrsson
et al., 2006) and the site-specific geochemical set-
tings.

Geothermal brine has a highly sensitive ther-
modynamic equilibrium (Hawkins & Tester, 2018)
and requires delicate sampling to ensure the relia-
bility of field campaigns. Changes in system param-
eters, such as temperature, pressure, and pH, can
lead to significant responses in the chemical system,
e.g., precipitation, dissolution, or degassing, which in
turn alter the chemical composition (Bourcier et al.,
2005; Cosmo et al., 2022). A range of technical
challenges contributes to the scarcity of geochemical
data from geothermal brines, as highlighted by Ar-
norsson et al. (2006). Firstly, access is often limited,
with sampling only feasible through fluid circulation
in boreholes. Representative downhole sampling
techniques, such as positive displacement downhole
samples, are costly and can only be conducted di-
rectly after the completion of the wells or during
workovers while the pump is dismantled. During
regular geothermal operations, fluid can interact
with the extraction equipment before even reaching
the sampler (Gunnlaugsson et al., 2014; Nitschke
et al., 2017; Wanner et al., 2017). Secondly, labor
and equipment costs associated with sampling cam-
paigns can be prohibitively high. Thirdly, due to the
site-specific (and even depth-specific) nature of
concentrations, the analytical data are rarely com-
parable, making it difficult to obtain a representative
geochemical dataset. Lastly, a range of interrelated
factors—such as phase, pH, Eh, flow rate, tempera-
ture, and pressure—govern concentration ranges,
further complicating system interpretation.

Data shortage and lack of precision can be
mentioned as the main outcomes of this highly
complex acquisition process (Zhang et al., 2024a). In
some cases, even a dataset may exist; however, the
unfavorable highly skewed (imbalanced) multi-
modal distributions for some elements hinder any
further investigation. The size and representative-
ness of a dataset play a crucial role in the perfor-
mance and reliability of machine learning models
(Drumm et al., 2023; Al-Fakih et al., 2024; Zhao
et al., 2024a; Mohammed et al., 2025). When trained
on small or unbalanced datasets, ML models often
exhibit higher predictive uncertainty due to limited
exposure to data variability. This is particularly
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critical in scientific and engineering applications
where data collection is costly or limited (Zhang &
Ling, 2018). Small datasets can amplify epistemic
uncertainty, making it difficult for the model to learn
the underlying data distribution accurately (Abdar
et al., 2021; Xu et al., 2023). Small dataset sizes not
only contribute to both bias and variance compo-
nents of epistemic uncertainty because they cause
some ambiguity in the optimal model parameters
due to sparsity in some regions but also hinder the
model convergence to a meaningful minimum gen-
erally (Heid et al., 2023).

While data insufficiency and imbalanced distri-
butions are widely acknowledged and addressed in
classification tasks (Lopez et al., 2013; Wu et al.,
2022; Talaei-Khoei & Motiwalla, 2023), they are less
frequently discussed in the context of regression
tasks. Classification problems are well-established
due to their broad applicability in areas such as
image recognition, spam detection, and disease
diagnosis, which have led to significant advance-
ments in this field. Various data augmentation
methods, particularly in computer vision and natural
language processing, have been developed to en-
hance dataset diversity (Mumuni & Mumuni, 2022).
Synthetic data generation, noise addition, and
bootstrapping are routine data augmentation meth-
ods (Batista et al., 2004; Li et al., 2018). One
promising approach for handling data imbalances in
classification problems is the synthetic minority
over-sampling technique (SMOTE), which gener-
ates new samples from the minority class (Nitesh
2002; Blagus & Lusa, 2013). Branco et al. (2017)
adapted SMOTE for regression tasks by incorpo-
rating Gaussian noise, resulting in a method known
as SMOGN (synthetic minority over-sampling
technique for regression with Gaussian noise). This
technique can be effectively applied to geochemical
data, which are often sparse and imbalanced. Com-
mon data augmentation methods are not well-suited
for small datasets, as they primarily rely on dupli-
cating existing data or adding noise rather than
introducing genuinely new information. This can
lead to an artificial inflation of model accuracy, as
the ML models may learn to recognize duplicated
patterns instead of capturing meaningful, generaliz-
able relationships within the data.

In this study, we aimed to evaluate the perfor-
mance of DNNs on a small dataset with imbalanced
target distributions. Specifically, the concentrations
of 20 trace elements serve as the target variables for
the multi-output regression, while the concentra-

tions of 11 major elements, along with the pH value,
make the input feature set. To address the model-
related uncertainties, rather than relying on a single
DNN model, we trained and tested 1000 DNN
models. We generated 1000 predictions for each
target variable, providing a range of possible out-
comes. Such an approach can project the existing
uncertainties merely generated by the model due to
sampling sparsity. Hence, the probability of the
outcomes (concentration of elements) can be ren-
dered rather than single deterministic results. The
hyperparameters of the DNN models were opti-
mized to create the most efficient and reliable con-
figuration for a base model. To improve predictive
accuracy and reduce uncertainty of the DNNs, we
applied two preprocessing strategies: SMOGN
resampling and statistical transformations (including
Yeo-Johnson, Box—Cox, and square root). Our pri-
mary contribution is to establish multiple indepen-
dent DNN models capable of predicting multiple
trace element concentrations in geothermal fluids.
The numerical insights gained from the improved
performance of the DNN models can later serve as a
guideline to optimize the sampling campaigns by
focusing on the most significant input features. Fi-
nally, we quantified and visualized the impact of
each input feature within the DNN models to help
demystify inner workings, i.e., transforming the tra-
ditional ‘“‘black box’ nature of NNs into a more
transparent ‘‘glass box”’.

DATA AND METHOD

This study dealt with a classical multi-dimen-
sional regression problem for geochemical data.
Therefore, data-driven DNNs were employed, as the
nature of the problem dictates these types of models.
Advanced physics-informed NN (PINN) techniques
and their constantly developing sub-branches are
promising tools that can conserve the laws of physics
and leverage the speed-up of the NNs (Raissi et al.,
2019; McClenny & Braga-Neto, 2023). PINNs solve
forward regression problems, but there is no
straightforward analytical/numerical relation be-
tween the input features and target variables in our
case. The only evident constraint is that the con-
centration of an element is always positive, which
can be enforced using appropriate activation func-
tions (Sharma et al., 2017).



Dataset

The dataset used in this study comprised 109
measurements collected as part of the BrineMine
project (Goldberg et al., 2023). The geothermal fluid
was sampled at the Insheim geothermal power plant,
located in the Upper Rhine Graben (URG), tar-
geting a reservoir approximately 3600 m deep with a
temperature of 165 °C. The sampled brine may
originate from different parts of the reservoir, but its
exact source cannot be accurately determined due to
the nature of brine production from geothermal
boreholes. Therefore, we assumed a single location
for all samples, disregarding the impact of geospatial
variability. The dataset contained monitoring data
from the production well and experimental data
from precipitation processes at the cold site of the
power plant after heat extraction. To account for
natural variations in the hydrochemical system,
several samples from the production well were
compared over one month, and no influence beyond
the measurement error was found. For the artifi-
cially controlled experimental setup, the operational
parameters (pH and residence time) were varied
under continuously monitored flow-through condi-
tions. This source diversity reinforces the already
existing challenges with geochemical datasets. The
technical details of the sampling are thoroughly de-
scribed by Goldberg et al. (2023). Here, we only
focus on the data quality for setting up the DNN
model.

The constituents of a hydrochemical system are
typically categorized into major and trace elements
based on their concentrations. In geochemistry,
major elements represent ions that form the domi-
nant rock-forming minerals in a reservoir (Kaasa-
lainen et al., 2015). Major elements—such as Na®,
K", Ca®*, and Mg*" as principal cations, and Cl~ and
SOAZ[ as major anions—are routinely included in
standard fluid analyses and are strongly linked to
temperature-dependent equilibrium between the
geothermal fluid and reservoir mineral assemblages
(Ellis & Mahon, 1964; Giggenbach 1988). Fe**/Fe**
and AI** are similarly important for the formation of
ferromagnesian and alumino-silicate minerals. Silica
concentrations reflect equilibrium with quartz or
chalcedony (Fournier 1966), while pH, representing
H" activity, influences ionic strength and mineral
solubility (Davies 1938). These thermodynamic and
geochemical controls indicate that the fluid compo-
sition carries a strong imprint of reservoir conditions
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and mineral-fluid interactions. The 20 target vari-
ables in this study represent trace elements, which
often substitute for major elements in mineral lat-
tices due to similarities in ionic radius and charge or
occur as structural defects. According to the Inter-
national Union of Pure and Applied Chemistry,
trace elements are defined as those present at con-
centrations below 100 ppm (Bulska & Ruszczynska,
2017). Their presence is indirectly governed by the
same thermodynamic equilibria and mineral assem-
blages that determine major element concentrations.
Because trace element analysis is more costly,
technically demanding, and sparsely sampled, mod-
els that can infer their concentrations from more
routinely available major element data offer a
valuable tool for geochemical monitoring and
exploration. Therefore, the regression strategy em-
ployed here, using 11 major elements and pH to
predict 20 trace elements, was grounded in well-
established geochemical principles and reflects do-
main-specific reasoning about elemental co-occur-
rence and solubility control in geothermal systems.

One of the primary challenges in our dataset
was the significant variation in element concentra-
tions. The large discrepancies in the absolute ranges
of the parameters of the dataset are presented in
Figure 1, while the most important characteristics
are summarized in Table 1. In total, 10 orders of
magnitude differences exist in the dataset. For some
elements like Fe or Mg several orders of magnitude
were measured in the sampling campaign, whereas
the bars of elements like Na or Y look like a dot in
Figure 1. The varying experimental setup, e.g.,
change in the pH, was an important driving force
behind the wide ranges of distributions for Fe and
Mg. Without a proper scaling method, parameters
with more diverse distributions will completely
dominate the behavior of the DNN model. The data
were directly split into the input features and the
target variables. The input features consisted of the
concentrations of 11 major elements and pH of the
fluid, while the concentrations of 20 trace elements
served as the target variables. Regarding the con-
centration variation, CI~ had a maximum concen-
tration of 71,973.6 ppm due to the high salinity of
the geothermal fluids in the URG (Pauwels et al.,
1993; Stober & Bucher, 2015; Sanjuan et al., 2016;
Driippel et al., 2020), whereas the maximum con-
centration of elements like V or Ga was as low as
0.002 ppm.

Although normalizing the data partially ad-
dresses the large discrepancies in the absolute ran-
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Figure 1. Measured concentration variation of 31 investigated ions and pH. Input features are in blue,
target variables in red. The 20 target variables and 11 input features are also separated by different
background colors, i.e., gray and green, respectively. The boxes represent the 25-75% interval. The y-axis
is on a logarithmic scale to have a better view of the magnitude differences in the measured

concentrations.

ges, the substantial variation still reflected the da-
taset’s heterogeneity. Another concern was the
limited size of the dataset. Neural network algo-
rithms typically assume that a dataset is sufficiently
large to represent an entire population, which is not
the case here. Small datasets are likely to exhibit
imbalanced distributions. The difference between
the mean and median values in Table 1 suggests this
imbalance. Figure 2 presents a violin plot of the
normalized data. As shown in this figure, many
elements have highly skewed distributions, and in
some cases, such as Mo and Al, a pronounced bi-
modal distribution was observed due to their sensi-
tivity to the experimental setup. This imbalance is
likely a consequence of both the small dataset size
and the inherent complexity of the data. Figure 3
illustrates the relationships between three input
features (Ca, Na, and pH) and three target variables
(V, Cu, and Mo). Including all 12 input features and
20 target variables would render the figure unread-
able. The diagonal of the pair plot shows the distri-
bution of each parameter, highlighting the
imbalanced distributions, weak initial correlations,
and large discrepancies in the absolute ranges of the
parameters.

Low initial correlations between input features
and some of the target variables can also degrade
the precision of a NN model. Figure 4 is a heat map
presenting the initial R* score measuring the corre-

lation between each input feature and the target
variable. Vanadium has extremely low correlation
coefficients with input features. Copper can be
nominated as the next one with a maximum R” score
of 0.26 with Al. Besides the low initial correlation,
the distribution of the Cu is also highly skewed with
possibly some outliers. The high correlation between
the pH and some of the target variables also pro-
nounces the impact of the experimental condition.

NN Development

In this study, four ML algorithms among several
existing ones were tested to map 12 input features
into 20 target variables. Random forest regression
(RFR) (Breiman, 2001), gradient boosting regres-
sion (GBR) (Friedman, 2001), support vector
regression (SVR) (Cortes & Vapnik, 1995), and
DNN were chosen as state-of-the-art AI methods
closely related to geochemical data predictions
(Rodriguez-Galiano et al., 2015; Okoroafor et al.,
2022). An extensive preliminary study revealed the
superiority of the DNN models for capturing the
complex relation between the 12 input features and
20 target variables. Table 2 contains the summation
of medians and standard deviations of the R* score
as a measure of the accuracy of the predictions. As
each algorithm was run 1000 times, the summations
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Table 1. Summary statistics including mean, median, standard deviation (Std), minimum (Min), and maximum (Max) of the available
dataset (numbers are rounded to avoid extra digits)

Variable Category Mean Median Std Min Max
Li Input feature 196.4 197.0 10.1 1721 216.6
Na 30592.8 29955.9 2972.6 25174.9 42292.7
Ca 6899.7 7434.5 1795.17 0.2 8458.4
SO 138.3 142.3 16.0 100.2 166.9
ClI” 64314.2 63962.1 2853.5 54316.6 71973.6
Br~ 184.0 181.8 11.4 151.2 2123
Al 0.06 0.02 0.07 0.0005 0.32
Si 66.3 78.1 56.7 0.4 180.5
pH 7.3 6.0 2.3 5.0 11.3
F~ 10.5 12.53 6.0 0 28.56
Fe 15.1 10.86 14.5 0.001 36.1
Mg 75.3 107.7 49.5 0.00001 1211
B Target variable 434 442 3.7 33.8 49.4
v 0.001 0.001 0.0002 0.0009 0.002
Cr 0.002 0.002 0.001 0.0006 0.007
Mn 17.8 27.9 14.3 0.002 32.9
Co 0.003 0.004 0.002 0.00001 0.005
Ni 0.008 0.005 0.009 0.0002 0.05
Cu 0.008 0.006 0.01 0.0002 0.07
Zn 6.9 8.1 3.8 0.06 12.4
Ga 0.0006 0.0008 0.0005 0.0 0.002
Be 0.02 0.02 0.02 0.0001 0.04
As 8.5 11.0 5.3 0.09 14.5
Rb 28.6 28.8 1.5 24.9 31.8
Sr 442.8 4427 21.6 386.2 496.5
Y 0.003 0.0030 0.0003 0.0024 0.004
Mo 0.0037 0.0042 0.0016 0.0002 0.0058
Cd 0.02 0.033 0.01 0.0005 0.04
Sb 0.13 0.18 0.09 0.003 0.29
Cs 17.53 17.57 0.68 14.84 19.3
Ba 35.0 35.1 1.8 28.8 38.6
Pb 0.5 0.2 0.4 0.001 1.9

The concentration of all elements is measured in ppm.

of the medians and standard deviations are pre-
sented in this table. The ML models predicted 20
target variables; therefore, the summation of the
median score should be less than 20.0. The DNN
models, with the highest summation of the median
of R? score, showed a slightly higher accuracy,
compared to other three methods. The standard
deviation of the 1000 predictions also indicated the
more stable behavior of the DNN models.

PyTorch library (Paszke et al., 2019; Ketkar &
Moolayil, 2021) of Python was chosen due to its
efficiency in DNN applications, especially for aca-
demia and research-focused projects. To address the
uncertainty in predictions, 1000 independent DNN
models were trained, with each model initialized
randomly utilizing different random train—test splits.
Additional models were tested to ensure robustness;
however, the distribution of R scores across target

variables remained consistent, indicating that the
1000 models sufficiently encapsulated the variability
in performance. The random initialization of the
model and train-test split allowed us to capture the
possible model-related, i.e., a subset of epistemic
uncertainties (Hiillermeier & Waegeman, 2021).
Our approach varied both the train-test splits and
model initialization, which can affect model training
and generalization. Given the small and imbalanced
nature of our geochemical dataset, this study fo-
cused on how variability in data sampling influences
model predictions, rather than on measurement
noise (i.e., aleatoric uncertainty). Among various
statistical measures of uncertainty, we chose the
quartile coefficient of dispersion (QCD) because it
offers a robust and interpretable way to quantify
variability in the R* scores of DNNs. Unlike stan-
dard deviation or coefficient of variation, QCD is
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Figure 2. Violin plot showing the normalized, using the robust scaler, distribution of the input features
(blue) and target variables (red). Despite being normalized using the robust scaler, most of the input
features and target variables still have highly skewed distributions.

not affected by outliers or skewed distributions,
which are common in small and imbalanced geo-
chemical datasets. Additionally, being a relative
measure, QCD allows meaningful comparison of
prediction stability across different trace elements.
QCD is defined as:

03— 0Oy
03+ 04

where Q; and Q5 are the first and third quartiles,
respectively. QCD captures the spread of the middle
50% of the data relative to its central tendency
(Rayat, 2018).

We first created a base case of 1000 DNN
models with optimized hyperparameters (see Ta-
ble 3 and Appendix). The optimal model architec-
ture and hyperparameters were determined after a
systematic analysis. Grid search was used as a
hyperparameter tuning technique that explores a
predefined range of input arguments by performing
an exhaustive search over all possible combinations
(Liashchynskyi and Liashchynskyi 2019). This
method aims to identify the model configuration that
yields the lowest error, i.e., the highest performance
score. Among the tested architectures, six are pre-
sented in Figure 12. Based on accuracy and calcu-
lation time, a DNN with two hidden layers was
chosen in this study. Given the dataset’s wide range,
spanning 10 orders of magnitude, it was necessary to
standardize the range of the features (Sola & Sevilla,

QCD = (1)

1997). Among the tested scaling techniques (min—
max, standard, and robust), the robust scaler was
chosen for its ability to handle outliers effectively.
For activation functions, the rectified linear unit
(ReLU) was selected due to its simplicity and effi-
ciency in preventing negative predictions for the
target variables, such as concentration values
(Ramachandran et al., 2017). Although we tested
the hyperbolic tangent (tanh) activation function
(Lau & Lim, 2018) and Leaky ReLU (J. Xu et al.,
2020), they added computational complexity without
improving the performance (Fig. 13). A learning
rate of 0.1 was chosen, as it provided a better bal-
ance between accuracy and convergence compared
to learning rates of 0.01 and 0.001. Adaptive mo-
ment estimation (Adam) (Kingma, 2014), stochastic
gradient descent (SGD) (Bottou, 2012), and Lim-
ited-memory Broyden-Fletcher—Goldfarb—Shanno
(L-BFGS) (Liu & Nocedal, 1989) algorithms were
compared to select an efficient optimizer (Fig. 14);
Adam and SGD outperformed L-BFGS in terms of
accuracy and computational cost. The accuracy of
Adam and SGD remained almost the same, but
Adam achieved this with 3 x lower computational
cost. Regarding the loss criterion, mean absolute
error (MAE), mean squared error (MSE), and log—
cosh loss functions (Saleh & Saleh, 2022) were tested
(Fig. 15). With MAE, small errors are as important
as the big ones, making the gradient independent of
error size. MSE heavily penalizes large errors by
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Figure 3. Cross-relation of three input features (Ca, pH, and Na) and three target variables (V, Cu, and Mo) in their original (measured)
ranges. The unit of concentration for all elements is ppm.

squaring the value that can make the caveat of
sensitivity to the outliers. Our small dataset was very
sensitive regarding outliers, which is also proved by
the better performance of MAE over MSE. The log—
cosh loss function is a mixture of MAE and MSE:

N
Llog—cosh = %Z log(COSh(f(xi) - yi) (2)

i=1

where N is sample size, f(x;) denotes the predicted
value and y; is the true value. Then, for small errors,
Liog—cosh 1S approximately %2, i.e., quadratic. For large
errors, it behaves linearly: Liog_cosh = |x| —log(2).
The high computation cost is the main drawback of
the log—cosh loss function. In this study, the results
of the 1000 DNN models did not improve by
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Table 2. Summation of the medians and standard deviations of
the four tested ML algorithms

ML algorithm 3" R? median ST R*Std
DNN 15.78 1.50
RFR 15.49 1.54
GBR 15.33 1.67
SVR 15.55 1.52

switching from MAE to the log—cosh loss function;
hence, the former option was chosen due to its lower
computational cost.

Additional advanced techniques were em-
ployed to further customize the DNN models. To
reduce the computational cost of training of the 1000

DNN models, early stopping was implemented. In
addition to minimizing runtime, early stopping helps
prevent overfitting (Yao et al., 2007). This technique
monitors changes in the validation loss. The optimal
fraction of the training—validation split can be
determined based on the number of data points and
model parameters (Amari et al., 1995; Hsieh 2009),
thus:

for large N,

1
fopt ~ \/T—I—\I;’ (3)

where f,; is the optimum fraction and N, represents
the number of model parameters.

As a general rule, overfitting is less of a concern
when ample data are available, and using a large



A. Dashti et al.

Table 3. Architecture and hyperparameters of the finalized base DNN model

Layers Neurons Scaler Activation Learning rate Optimizer Test size Loss Patience
Input 12 Robust scaler ReLU 0.1 Adam 0.2 MAE 100
Hidden 1 32

Hidden 2 16

Output 20

validation set may unnecessarily reduce training
efficiency. In our case, however, the dataset was
limited, making overfitting a potential issue. To
mitigate this, we employed early stopping and allo-
cated 20% of the training data for validation. The
method proposed by Amari et al. (1995) was not
applicable here, as it relies on the assumption of a
large dataset. The base DNN models were trained
for 2000 epochs while early stopping broke the
training loop if the validation loss did not improve
for 100 consecutive epochs, i.e., patience equals 100.
L2 regularization was added to the Adam optimizer
with the weight decay parameter (G. Zhang et al.,
2018). Then, Adam can apply a penalty proportional
to the square of the magnitude of the weights. This
helps prevent overfitting by discouraging the weights
from becoming too large, i.e., overfitting. Despite
normalizing the dataset using the robust scaler, the
batch normalization technique was also used to
normalize the inputs to each layer (Santurkar et al.,
2018). In our DNN model, batch normalization was
used after the linear transformation and before the
ReLU activation function.

To effectively address the imbalanced distribu-
tion of the dataset, SMOGN was applied as an extra
preprocessing step. The Python smogn library,
developed by Branco et al. (2017) (available at h
ttps://github.com/nickkunz/smogn), was used to
implement the SMOGN algorithm. The method is
thoroughly explained by its developers, and only a
brief overview is provided here. SMOGN resamples
the original dataset to improve representation in the
undersampled regions of the population. It redis-
tributes data by randomly undersampling the
majority class and over-sampling the minority class
to enhance diversity. When generating new data for
over-sampling, two strategies are employed: inter-
polation between two minority samples or the
addition of Gaussian noise to existing minority
samples. SMOGN first distinguishes minority sam-
ples from the majority. Then, for each minority
sample, it calculates the distance between that

sample and the others. Based on this distance,
SMOGN selects the appropriate over-sampling
technique. If the sample is close to others within the
minority group, new samples are generated through
interpolation. Otherwise, the sample is far from the
others and a Gaussian noise is added instead of
interpolation with unrelated samples.

To further improve the data distribution, an
additional step of redistribution was applied using
various transformation techniques. Specifically, the
square root, Box—Cox (Sakia, 1992), and Yeo-
Johnson (Weisberg, 2001) transformations were
employed on selected input features and target
variables. The square root method simply takes the
square root of the values, which can result in less
variance and skewness. The Box—Cox technique is
particularly useful for normalizing distributions and
stabilizing variance. Machine learning algorithms
often assume that the variance of residuals is con-
stant regardless of the values of the independent
variables, an assumption known as homoscedasticity
(Wang & Zhou, 2007). However, the fan-shaped
relationship between Na and V (Fig. 3) suggests
heteroscedasticity in our data. This can be addressed
by Box—Cox, although it only functions for positive
values, based on the following formulation:

{X"‘ll, if 240
log(x),

if =0
where x is original data, y(4) is transformed data,
and the parameter 4 determines the nature of the
transformation and is automatically estimated by the
SciPy library (Virtanen et al., 2020) in a way to
transform the data into the most normal distribu-
tion. In the default mode, SciPy uses maximum
likelihood estimation (MLE) method to estimate A.
Yeo-Johnson transformation is very similar to the
Box—Cox with slight differences. Yeo-Johnson can
be used to transform negative values and is very
efficient in dealing with skewed and heteroscedastic
datasets. The SciPy documentation provides a
comprehensive overview of the mathematical back-

y(4) = (4)
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Figure 5. Effect of Yeo-Johnson transform on the distribution of (a) SO3~ and (b) Cu. The transformation resulted in
more uniform distributions and a better data balance for both cases.

ground of the Yeo-Johnson transformation. Figure 5
shows two examples of the Yeo-Johnson transfor-
mation. In both cases, the distribution became more
uniform after the transformation. This effect on the
skewness was especially noticeable with Cu, where a
significant shift was visible before (heavily right
skewed) and after the transformation.

In this study, all preprocessing steps were con-
ducted after the data were split into training, vali-
dation, and test subsets, thereby avoiding any
information leakage. Specifically, the SMOGN
resampling technique was applied only to the train-
ing set, without any access to or influence from the
validation or test data. The test set remained un-
touched and was used exclusively for final evaluation
to ensure unbiased performance assessment. Simi-
larly, all data transformations, including feature
scaling (e.g., RobustScaler), were fit on the training
data only and then applied to the validation and test
sets.

One of the key limitations of data-driven NN
models is their lack of interpretability (Baker et al.,
2019; Willcox et al., 2021; Degen et al., 2023). In our
DNN model, direct human interpretation of the
relationships between the layers was simply impos-
sible. For instance, there were 384 weight and 32
bias values between the input layer and the first
hidden layer. Overall, our DNN model contained
1380 learnable parameters. To address this inter-

pretability issue, the accumulated local effects
(ALE) method was used as a model-agnostic ap-
proach for global explanations of the DNN models
(Apley & Zhu, 2020). ALE scores address a proper
functional decomposition of the model and, as such,
they are not sensitive to the possible interactions
among variables (Molnar et al., 2020). ALE calcu-
lates how much the prediction changes, on average,
when a slight change happens in an input feature.
The ALE method works by dividing the range of
each input feature into small, non-overlapping
intervals. For a given feature, ALE calculates the
local effect by measuring how the model’s prediction
changes when the feature value moves from one
interval to the next, while keeping other features
fixed. These local differences are then averaged over
all data points within each interval, and the effects
are accumulated across the feature range to con-
struct a function that represents the marginal effect
of the feature on the model’s output, which is
demonstrated mathematically as:

of(t, X —Jj)

ALEAZ)zzmm{/E&ﬁM_{ 5 ]dt ()

where f(-) is the prediction function, and X —j
represents all features except x;. This expression
captures the accumulated average effect of feature x;
on the model output as its value increases from the
minimum observed value z,,; to a specified point z.
The variable ¢ is used as a dummy integration vari-



able to avoid notational ambiguity, since x; is also
used to denote a fixed value at which the ALE is
evaluated. The term % represents the local
sensitivity of the prediction with respect to small
changes in x;, while the expectation £ X~ j|y—: EDSUTES
that this sensitivity is averaged over the conditional
distribution of the other features, thereby account-
ing for their dependence on x;.

One key advantage of ALE is that it provides a
reliable decomposition of feature effects, making it
particularly effective for interpreting complex
DNNs in the presence of correlated or interacting
features, similar to our case with 12 input features
and 20 target variables. The PyALE library devel-
oped in Python (https:/github.com/DanaJomar/Py
ALE) was used here to quantify the impact of the
input features. All the aforementioned techniques
and methods were developed in different Jupyter
notebooks and can be accessed via the Zenodo and
GitHub (see Code and Data Availability section) of
the first author.
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RESULTS

Figure 6 presents the distribution of the R>
scores (measuring the correlation between real and
predicted target variables) for 1000 DNN models.
As the figure shows, the accuracy of the prediction
increased in a stepwise manner with different color
codes. The highest performance was achieved when
SMOGN was applied first, followed by data trans-
formation. This combination led to the most
notable improvement in the DNN models’ predic-
tive accuracy compared to the base case, as revealed
through a systematic evaluation of different pre-
processing strategies. While the order of SMOGN
and data transformation can be reversed, doing so
generally results in lower model accuracy, indicating
that the sequence of preprocessing steps plays a
crucial role. Figure 16 compares four distinct pre-
processing strategies, highlighting their relative im-
pact on model performance. The base DNN model
shows an acceptable level of accuracy for the
majority of the trace elements. The predictions of
the base model were the worst for V, Cu, and Cs.
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Figure 6. Distribution of R* scores for 1000 different neural networks. For each target variable, three color-coded boxes and whiskers
show the changes in accuracy from the base DNN model (blue) to the models modified with the SMOGN resampling technique (green)

and data transformation methods (red).
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For many elements, a broad range of accuracies was
observed, primarily due to the initial distribution
and limited size of the dataset. One major factor
contributing to this variability was the train—test
split, which can lead to inconsistent accuracy across
models. Highly accurate predictions for V, Cu, and
Cs often result from “‘lucky” splits, where the test set
contains data points similar to those in the training
set. Additionally, random weight initialization and
differing optimization paths contribute to the vari-
ability in results. Although k-fold cross-validation is
typically used to ensure that each data point is tested
representatively (Fushiki, 2011) our small dataset
limited its ability to reduce the variability in model
precision.

In our study, early stopping not only prevented
overfitting but also significantly reduced computa-
tion time. In terms of computational cost, early
stopping lowered the runtime by one order of
magnitude, reducing it from 75 to 8 min for the 1000
DNN models on a Lenovo laptop equipped with
Intel Core i7-10510U CPU (1.8-2.3 GHz, 4 cores),
16 GB of RAM, running a 64-bit operating system.
No GPU acceleration or specialized hardware
accelerators were used. The learning curves of the
1000 DNN models of the base case are plotted in
Figure 7. The training loss (blue curves) was calcu-
lated during the training phase, while testing loss
measured the model accuracy for predicting the data
not seen during training. As Figure 7 indicates, the
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Figure 7. Learning curves of training (blue lines) and testing (red
lines) of the 1000 DNN models of the base case. An early stopping
with patience of 100 epochs decided when to break the training
loop.

model was well-trained and generalized effectively
to unseen data. The variability observed in the loss
trends across the 1000 models can be attributed to
the random initialization of the models and the
variation in train-test splits. Although the learning
curves could be smoothed by lowering the learning
rate, this would not enhance the model’s final pre-
cision. Moreover, a lower learning rate would sig-
nificantly increase computation time; for instance,
using a learning rate of 0.001 instead of 0.01 resulted
in four times longer training durations due to the
additional iterations required to optimize the mod-
el’s weights.

There was a significant increase in accuracy
when transitioning from the base case to the pre-
processed data with SMOGN, particularly for V and
Cu, where precision nearly doubled. Accuracy im-
proved across all 18 remaining trace elements as well
(Fig. 6). In addition to applying SMOGN, modifying
the distribution of certain input features and target
variables also increased the DNN model’s accuracy.
We compared the model results by applying differ-
ent data transformation techniques and choosing the
most optimal distribution for each variable to de-
liver the highest prediction accuracy. For example,
adjusting the distribution of Cu using the Yeo-
Johnson method significantly enhanced the predic-
tion accuracy. Likewise, transforming the distribu-
tion of pH as an input feature slightly improved the
prediction accuracy for most of the target variables.
The applied transformation methods can be sum-
marized as follows:

e Yeo-Johnson: Fe, SO?, Pb, B, Y, Cs, V,
Cue Box-Cox: pH, Nie Square root: Rb

Figure 8 shows the impact of the Yeo-Johnson
transformation on the Fe (as an input feature) for
the prediction of Be. While the true relationship
between the 12-dimensional input features and the
target variables was far more complex, this fig-
ure provides a simplified visualization of the cross-
correlation between two elements. Although the
residuals between the two cases (with and without
transformation) remained the same, their distribu-
tions differed significantly. Without transformation,
the residuals exhibited a fan-shaped pattern, indi-
cating heteroscedasticity. Applying a simple Yeo-
Johnson transformation to Fe altered its relationship
with Be, effectively addressing this issue.
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Figure 8. Comparison of relationship of Fe and transformed Fe with Be. (a) Red dots (labeled as Original) represent scatter plot between
Fe and Be. The continuous red line is the regression line between Fe and Be. The relation of the transformed Fe with Be is shown by the
blue dots and line. (b) Residuals of the regression line and real values from subplot are visualized here. The regression between the
original Fe and Be makes a fan-shaped distribution for the red dots, while for the transformed Fe (blue dots), the distribution of the

residual is more homogeneous.

Figure 9 visualizes the extracted standard
deviation and median of 1000 calculated R” scores of
the base, SMOGN, and transformed cases. The
SMOGN and manual transformation successfully
increased the accuracy, i.e., the median R? scores for
all elements. For some elements like Ni, Sr, Mo, and
Cs, the SMOGN and manual transformation not
only increased the accuracy but also decreased the
uncertainty, i.e., standard deviation, of the DNN
models. For V and Cu the increase in the median
was significant, with slightly increased standard
deviations.

The performance of the DNN model improved
significantly with the application of SMOGN and
manual transformations. However, these enhance-
ments came at the cost of increased model com-
plexity. This was evident in the higher
computational cost and the increased number of
required epochs for training each model. The base
model required approximately 230 epochs (Fig. 7) to
map the input features to the target variables, while
the SMOGN and transformed cases required about
350 epochs. In terms of computational time, the
SMOGN and transformed cases took about 12 min
to train the 1000 DNN models, compared to 8
minutes for the base case. While the base model
struggled to find meaningful relationships between

the input features and some target variables, the
more complex SMOGN and transformed models
took longer but ultimately established more robust
relationships.

DISCUSSION

In this study, we established a logical frame-
work for understanding the behavior of the model,
drawing on factors such as the initial correlation
between input features and target variables, the
distribution of the dataset, and the absolute con-
centration values. Based on the performance of the
base case with the lowest accuracy, the predictions
of the DNN models can be categorized into three
groups according to the median R? scores:

Poor (R? < 0.6): V, Cu, Cs

Moderate (0.6 < R* < 0.8): Ni, Sr, Y, Ba, Cr
Good (R* > 0.8): B, Mn, Co, Zn, Ga, Be, As, Rb,
Mo, Cd, Sb, Pb

Starting with the worst-predicted element, V,
the primary issue behind the low accuracy of the
predictions was the extremely low initial correlation
with input features. The highest correlation coeffi-
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Figure 9. Standard deviation (black) and median (blue) of 1000 trained DNN models. The base, SMOGN, and transform cases are
represented by dotted, dashed, and solid lines, respectively.

cient for V was only 0.19, with Si. The concentration
of V typically ranges 5-80 ppm in granite (Nriagu
and Pacyna 1988). In the URG, a range of 0.005-
0.007 ppm concentration was measured for
geothermal brines in the Soultz-sous-Foréts
(Nitschke et al., 2014). However, in our dataset, V
concentrations lay at the lower end, with values
ranging 0.0009-0.002 ppm. For Cu, the maximum
initial correlation was just 0.26, with Al. In addition
to the low initial correlation, the distribution of Cu
was highly skewed, a problem also seen with other
elements such as Si and Al. In our dataset, the Cu
concentration ranged 0.0002-0.07 ppm, whereas
higher values (up to 0.37 ppm) were measured in the
URG (Nitschke et al., 2014; Sanjuan et al., 2016).
Furthermore, the concentration ranges of Al, which
were the most correlated input feature to Cu, were
also very low. Calculating the limit of detection
(LOD), based on the proposed scheme of Sch-
warzbauer and Jovancicevi¢ (2020), revealed that
eight elements, including Al and Cu, in our dataset
fell below this threshold. Table 4 lists the elements
and their respective counts of < LOD values. The
redox sensitivity of Cu can also impact its concen-
tration during sampling by forming copper sul-
fate/sulfide compounds. The formation of Cu-FeS
solid solutions has been documented in other
geothermal fields (Hardardottir et al., 2010),
including URG (Nitschke et al., 2014; Goldberg
2024). The bimodal distribution of Fe highlights the
complex geochemical interactions occurring in the
geothermal fluids during the sampling. Cesium, an-

Table 4. Number of < LODs for eight elements of the dataset.

Element Al Fe Cu Ni Ga Mo Be Co

No.<LODs 17 8 28 15 39 17 43 1

other poorly predicted element, had a low initial
correlation with the input features. While Cs showed
initial correlation ranges similar to Cu, its most
correlated feature, Li, was measured with greater
accuracy and without any < LOD value. Conse-
quently, the DNN models achieved better predic-
tions for Cs than for Cu. This underscores that
prediction accuracy is influenced by both the initial
correlation coefficient and the distribution of the
most correlated input feature(s).

A comparison of the elements in the moder-
ately predicted group highlights the significance of
data distribution. Regarding the initial correlation,
Ni and Y had the highest R” scores of 0.63 and 0.67
with Si and F~, respectively. Meanwhile, Sr had the
maximum R? score of 0.44 with Li. Despite this, the
prediction accuracy for Ni, Y, and Sr was nearly the
same. The reason is related to the multimodal dis-
tribution of Si and F~, whereas Li exhibited a more
balanced distribution. Similarly, for Ba the highest
correlations were with Si and SO2~, both of which
had distributions that degrade the predictions.

To further investigate the uncertainty in DNN
performance across different preprocessing strate-
gies, the QCD was computed for the R* scores of
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Figure 10. (a) QCD of 1000 R? scores for each target element across three preprocessing strategies: base
case without any preprocessing (red), SMOGN (green), and transformed (blue). (b) Box plots of QCD
values for all 20 target variables under three modeling approaches: Base (red), SMOGN (green), and
Transform (blue). Diamonds represent statistical outliers, with labels indicating the corresponding

elements.

each target variable (Fig. 10a). This figure provides a
quantitative measure of the uncertainty by capturing
the relative variability in model performance across
1000 predictions. A lower QCD value indicates
greater consistency and reduced uncertainty in the
model’s R® outcomes, highlighting the stabilizing
effect of SMOGN and data transformation methods.
The results revealed that certain elements, such as

V, Cu, and Cs, exhibited notably higher QCD values
in the base model configuration, indicating greater
instability in the neural network’s predictive per-
formance. Copper and V had relatively high uncer-
tainty and were among the most problematic target
variables, due to their very low concentration levels
in the input data. Therefore, integrating external
datasets with higher Cu and V concentrations could



Uncertainty-Aware Deep Neural Network Training

Li
.
Ca

Si
Na

CI~

807~

Input features

Br~
Al
Mg
pH
Fe

0.0 0.5 1.0 1.5

20 25 30 35 40

Average ALE score
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improve prediction accuracy and reduce model
uncertainty. The application of SMOGN and data
transformations consistently reduced QCD values
for most elements, suggesting that these prepro-
cessing techniques not only improved average model
accuracy but also contributed to a more stable and
reliable prediction outcome.

Figure 10b presents box plots of the QCD val-
ues for the three modeling approaches across all
target elements. Each box shows the median,
interquartile range, and overall spread of QCD
values for the respective method, while diamond
markers indicate statistical outliers. These outliers,
labeled with the corresponding element names,
highlight cases where the QCD markedly deviates
from the central distribution. For V, the QCD value
increased when switching from the SMOGN to the
Transform approach, indicating a wider spread in
the model’s performance across runs. However, this
was accompanied by an upward shift in the distri-
bution of R values, suggesting that while the pre-
dictions exhibited greater variability, the overall
accuracy improved. This reflects a trade-off between
consistency and performance, where higher accuracy

comes at the cost of increased variability. This
analysis underscores the importance of addressing
data imbalance and scale-related issues when mod-
eling trace elements, particularly for those at the
distributional extremes.

All the aforementioned interpretations were
primarily based on single cross-correlations between
the target variables and their most correlated input
features. To more accurately capture the full
dependency matrix of the DNN model with its 1380
tuned parameters, the average ALE score of the
base model is visualized in Figure 11 as a summary
plot for 1000 DNN models. The figure highlights the
wide variation in the importance of the input fea-
tures. As shown in Figure 11, Li had the highest
impact on the performance of the models. The ALE
scores showed discrepancies concerning the initial
correlation coefficients, shown as a heat map in
Figure 4. The reason can be linked to the shared
information, the nonlinear influence of the input
features, and possible interactions between the input
features. For example, Li was the only input feature
that had a high correlation coefficient with target
variables such as Rb and Sr. Compared to Li, input



features like Mg, pH, and Fe had far higher corre-
lation coefficients with several target variables.
However, the shared information between these
three input features decreased their importance. To
evaluate the robustness of the ALE score, two new
sets of DNN models, with 1000 runs, were tested: in
the first set Fe was removed from the input features
list, and in the second Li was removed. Figure 17
shows the accuracy of the three cases. As the fig-
ure shows, the performance of the DNN models
remained almost the same after removing the Fe
from the input features. The impact of the Li on the
accuracy of at least five target variables, e.g., B, Rb,
Sr, Cs, and Ba, is obvious.

There was a sharp improvement in the model’s
accuracy after statistical resampling of the dataset
using SMOGN. Our study confirmed that more
homogenous and uniform data distributions can al-
low the DNNs to see the diversity and establish
more robust relations, as also observed by Dashti
et al. (2024). Sampling a full range of concentrations
for all 31 major and trace elements at a single
location was impossible due to the site-specific
geochemical properties of geothermal fluids. Factors
such as reservoir lithology, temperature, pressure,
and regional flow impact water-rock interactions,
which in turn influence the concentration of ele-
ments in the produced fluid (Gallup, 1998; Stober &
Bucher, 2012). In our case, the fluid was highly en-
riched with CI™ and Na, while severely depleted in V
or Ga. Low concentration values posed significant
challenges for the developed DNN in this study.
Every measuring instrument has an intrinsic error
range, which becomes more pronounced at lower
concentration values. Impurities also contribute to
errors in geochemical sampling campaigns. There-
fore, the precision of the developed DNNs was
tightly linked to the accuracy of the measured con-
centrations.

Applications and Limitations

Although geochemical data are typically sparse,
the DNN models presented here were successfully
trained and tested using a dataset with only 109
measurements. In this study, we aimed to reveal
relationships between elements that may not be
immediately apparent and to demonstrate the fea-
sibility of making reliable predictions of trace ele-
ments in incomplete datasets, independent of the
specific elements included in the model. This study

A. Dashti et al.

was the development of 1000 DNN models rather
than relying on a single model. By evaluating the
accuracy, R?, for each of these models, the study
provides a comprehensive view of the performance
variability across different DNN models. This ap-
proach allows for a quantitative representation of
the uncertainty associated with the effects of sparse
training data on a specific neural network architec-
ture, offering deeper insights into how data scarcity
affects model reliability. Such a methodology is
particularly valuable in applications like geothermal
brine analysis, where uncertainty quantification is
critical for informed decision-making in resource
evaluation and process optimization.

Many legacy geochemical datasets contain
measurements for only major elements, often due to
the absence of advanced measuring tools, with the
samples no longer available. In cases where renewed
interest arises in those locations, the DNN models
could be used to predict the concentration of the
desired trace elements.

The developed DNN models can significantly
enhance raw mineral extraction from geothermal
brines by enabling the prediction of valuable trace
element concentrations using readily available ma-
jor element data. By providing insights into possible
ranges of trace elements, DNN models support
optimized extraction processes tailored to specific
brine compositions, maximizing yield and minimiz-
ing waste.

The development of DNN models could opti-
mize sampling campaigns, as the DNN can predict
the concentrations of 20 trace elements. Such mod-
els can be deployed to avoid repetitive samplings
during the monitoring phase of the geothermal
power plants. Therefore, a full set of analytically
measured elements during the exploration phase can
be used to avoid tedious samplings in the later
(monitoring) phase, reducing both time and costs.

The improved performance of the DNN on
preprocessed and transformed data further aids in
designing informed sampling campaigns. While the
size of the dataset remained constant, applied
transformation techniques enhanced accuracy by
creating more uniform data distributions. The Ma-
chine Learning for Enhancing Geothermal Energy
Production (MALEG) (Nitschke, 2024) project will
use insights from this study to optimize sampling
campaigns at various geothermal power plants. The
MALEG study and other geochemical sampling
campaigns can also further benefit from the results
achieved after quantifying the impact of each input
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feature. The calculated ALE scores revealed that
input features like Li have the biggest impact on the
accuracy of the DNN models. Therefore, measuring
more impactful elements should be prioritized to
enable an intelligent sampling campaign. Such
adjustments can significantly reduce the complexity
of geochemical data acquisitions in terms of time
and cost.

In terms of limitations, the findings of this study
highlight the sensitivity of data-driven DNN models
to the distribution of the input data. Explicit
enforcement of the physics or chemistry laws can
make the DNN models more robust. Our dataset
lacks such constraints and relies on the mathemati-
cal robustness of the data-driven NN approaches. In
our case, the highly biased distributions of the geo-
chemical data made the training process more
challenging and reduced the reliability of the DNN
models. Extrapolation is another challenging aspect
of such data-driven models. Our small dataset comes
from one single location covering a limited part of
the existing (wide range) geochemical concentra-
tions. Therefore, it is impossible to apply 12 input
features in a way to evaluate the reliability of the
DNN models in terms of extrapolation.

CONCLUSIONS AND OUTLOOK

The lack of large, high-quality datasets has long
been a central challenge for applying ML in fields
(such as geosciences and particularly in geochemical
studies) where data acquisition is costly, slow, and
highly purpose-driven. Unlike domains where ML
thrives on abundant data, geochemical datasets tend
to be small and expensive to expand. This mismatch
creates a systemic barrier to fully adopting data-
hungry ML techniques. In this study, we addressed
this challenge by demonstrating how deep learning
methods can be deployed to extract meaningful
patterns from limited and imbalanced geochemical
datasets. Specifically, we explored the feasibility of
predicting trace element concentrations based solely
on major elements, re-purposing small geochemical
datasets to support predictive modeling in a field
where ‘‘big data’ is often rare.

The small dataset, unfavorable data distribu-
tions, and extremely low concentration values posed
challenges to DNN performance. To address the

uncertainties, 1000 DNN models were used instead
of a single model. Techniques such as early stopping
and batch normalization improved the accuracy,
with 12 out of 20 elements achieving median R>
scores above 0.8. The worst predictions were for V,
Cu, and Cs, which had R? scores below 0.6 due to the
low initial correlations and imbalanced distributions.

The SMOGN resampling technique signifi-
cantly enhanced the model’s accuracy, particularly
for challenging elements like V, where the median
R? score improved from 0.19 to 0.55. Additional
transformations, such as square root, Box—Cox, and
Yeo-Johnson, further increased accuracy and re-
duced variability for trace elements such as Ni, Sr,
Mo, and Cs. Therefore, small geochemical datasets
with a limited number of measured elements can still
be used to predict the concentration of trace ele-
ments. The inherent instability and uncertainty of
data-driven models remain a limitation that can be
addressed by multiple independent DNN models.
Computed QCD for the R scores of each target
variable confirmed that applying SMOGN and data
transformations reduced prediction uncertainty for
most elements, highlighting the stabilizing effect of
these preprocessing strategies.

The ALE score of the 12 input features re-
vealed that Li was the most prominent input feature
due to its unique correlation with target variables.
Other input features had far higher correlation
coefficients with several target variables; however,
their impact was less than Li and they shared the
same information. Expensive geochemical mea-
surements and campaigns can be more informed by
the development of such studies that quantify the
impact of each input feature.

Future studies, as developed in the frame of the
MALEG project, can consider integrating data from
locations with different brines while ensuring stan-
dardized sampling protocols to avoid introducing
artifacts and enhance the robustness of the DNN
model. Combining small datasets from different
geothermal brines could also help achieve more
homogeneous distributions. DNN models can also
be developed to capture the relationship between
operational perturbations, such as modifying pH,
temperature, and other factors, and the response of
the geochemical system, such as changes in element
concentrations. Relating the measured element
concentrations from the more readily available



wellhead samples to the rarer downhole samples can
also be a highly promising new application of DNN
models in studies focused on the geochemistry of
geothermal brines.
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