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Abstract: In arid and semi-arid regions, like the North of Minas Gerais (NMG) in Brazil, groundwater serves as a
crucial resource. Due to the anticipated surge in demand for these resources, devising effective strategies for managing
and analyzing water resources is vital. This study aims to model the spatial distribution of potential groundwater areas
in the NMG by evaluating six Machine Learning Algorithms based on water flow data from 4,028 tubular wells
(Groundwater Information System - SIAGAS). The modeling was supported by environmental covariates connected
with water dynamics (climate, geology, relief, soil, and vegetation). The covariate selection technique (RFE-
Recursive Feature Elimination) selected the most important ones. The Random Forest (RF) model was the most
efficient in the prediction (R? 0.16 and an RMSE of 17.50 m3/h). The model captured the influence of critical
environmental covariates. The central and western regions of the NMG exhibited the highest groundwater potential,
with flow values from tubular wells in these areas 620% higher than the eastern regions. This disparity can be
attributed to the significant presence of psamitic, and carbonate sedimentary rocks characterized by high porosity and
fissures, extensive plateaus (recharge zones), and higher rainfall levels observed in the central and western regions.
The mapping results can serve as a valuable tool for public management, especially to define areas suitable for
groundwater use in the NMG. We encourage future studies for advances and improvements in groundwater modeling
processes in the region.

Keywords: Water resource. Hydrogeology. Minas Gerais semiarid. Spatial modeling. Random forest.

Resumo: Em regides aridas e semiaridas, como o Norte de Minas Gerais (NMG) no Brasil, as 4guas subterraneas
servem como um recurso crucial. Devido ao aumento previsto na procura destes recursos, ¢ vital conceber estratégias
eficazes para a gestdo e andlise dos recursos hidricos. O objetivo desse estudo foi realizar predig@o espacial de areas
potenciais de dgua subterranea no NMG empregando seis Algoritmos de Aprendizado de Maquina baseados em dados
de 4.028 pocos tubulares. A modelagem foi auxiliada por covariaveis ambientais que possuem conexdo com dinadmica
da agua (clima, geologia, relevo, solo e vegetagdo). A técnica de selecdo de covariaveis (RFE- Recursive Feature
Elimination) selecionou as mais importantes. O modelo Random Forest (RF) foi o mais eficiente na predi¢io (R? 0,16
e um RMSE de 17,50 m?/h), o modelo capturou a influéncia de importantes covaridveis ambientais. Espacialmente,
as regides central e oeste do NMG possuem maior potencial de agua subterrdnea, com valores de fluxo de pogos
tubulares nessas areas 620% maiores em comparagdo com as regides situadas a leste. As variagdes possuem conexao
ao predominio de rochas sedimentares psamiticas e carbondticas com alta porosidade e fissuras, extensos planaltos
facilitando a recarga e maior pluviosidade nas regides centro e oeste. Os resultados do mapeamento realizado podem
servir como uma ferramenta para a gestdo publica, definindo areas aptas para uso das aguas subterraneas no NMG.
Incentivamos estudos futuros para possiveis avangos e melhorias nos processos de modelagem de aguas subterraneas
na regiao.

Palavras-chave: Recurso hidrico. Hidrogeologia. Semiarido mineiro. Modelagem espacial. Random forest.
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1 INTRODUCTION

The sustainability of water resources will become an increasingly crucial point for development in
various regions worldwide, including those with vast water reserves. Brazil has the largest hydrological reserve
in the world (SHIKLOMANOYV, 2000), but it suffers from an uneven distribution of water resources across its
territory. Approximately 70% of water reserves are concentrated in the Amazon basin, while the Southeast
region, more populated (48.58 habitants/km?), has only 6%. Historically, due to high population growth rates,
the Southeast region has experienced an expansion of deforestation in the Atlantic Forest and Cerrado biomes
(KLINK; MACHADO, 2005; CERQUEIRA et al., 2019; PAIVA et al., 2020). The maintenance of this
situation implies a drastic reduction in water availability from 2050 onwards, with levels below the
recommended (UNEPE, 2002; GHISI, 2006). The ongoing challenge is developing water resource analysis
and management strategies to enhance water use efficiency. The challenges are even more remarkable in
regions with low rainfall, where the water crisis is more severe (MARANGON et al., 2020; YAO et al., 2020;
IPCC, 2022).

In Southeast Brazil, there are occasional records of droughts, as seen in 2015, which was declared the
“worst drought recorded in southeastern Brazil” (MEDEIROS et al., 2020). The current situation remains
challenging, with 130 municipalities in Minas Gerais facing a severe water crisis in 2023 (INMET, 2023).
Besides, some parts of Southeast Brazil are semi-arid, such as Northern Minas Gerais (NMG) (NOBRE et al.,
2016; EMPINOTTI et al., 2019). Water scarcity drives groundwater demand in semi-arid zones (TAYLOR et
al., 2013). This practice is widespread in NMG, where in some areas, groundwater serves as the primary water
source (CANDIDO et al., 2019). However, overexploitation of groundwater can result in depletion, and in
regions with low rainfall, this problem is more dramatic (GONCALVES et al., 2020; TENENWURCEL et al.,
2020; NANEKELY et al., 2023). The definition of potential areas for groundwater exploration emerges as a
fundamental fact (DAS et al., 2017).

Identifying potential areas for groundwater resources at the regional level requires an integrated
analysis of various conditioning factors (DAS et al., 2017; TENENWURCEL et al., 2020). The dynamics of
infiltration and evapotranspiration are influenced by the interaction of climatic, geological, pedological,
topographic, and phytophysiognomic factors (SOPHOCLEOUS, 2002). Complex models are necessary to
adequately capture this heterogeneity of factors (ZHOU; LI, 2011; ASHER et al., 2015). These models
establish potential groundwater contexts by analyzing environmental aspects, such as climatic geology, soil,
and vegetation, and using flow simulations, hydraulic conductivity, and Geographic Information Systems as a
tool. However, some models require extensive sample collection, data processing, time-consuming processes,
and expensive equipment for spatial prediction.

In spatial prediction, Machine Learning Algorithms (ML) have gained prominence in studies of
various fields of science. Predictive geospatial studies with ML are promising due to the increase in
software/hardware capacity and, at the same time, greater availability of data serving as explanatory covariates
of a given phenomenon (BERGEN et al., 2019; PADARIAN et al., 2020). Therefore, ML can generate
computationally robust simulations supported by geo-datasets of various environmental factors, including
studies in the spatial modeling of variables linked to groundwater dynamics (HUSSEIN et al., 2020; SAHOUR
et al., 2020; MOSAVI et al., 2021; SINGHA et al., 2021).

The NMG possesses accessible data concerning the flow of tubular wells, which are part of the
SIAGAS database (Groundwater Information System) (SIAGAS, 2023). However, these data have not yet
been utilized for spatial prediction through Machine Learning (ML) and environmental covariates for
prediction purposes. This methodology has the potential to identify areas with significant groundwater
extraction potential. Noteworthy studies employing exploratory data analysis have demonstrated this
interpretive trend (CANDIDO et al., 2019). Thus, the main objectives of this study were (i) to identify areas
with high groundwater potential based on variations in the flow values of tubular wells using predictive ML
models; (ii) to define the most effective ML model and the most important covariates for predicting the outflow
values of tubular wells; and (iii) investigate more explanatory environmental aspects for the distribution of
values in the predicted map.
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2 MATERIAL AND METHODS

2.1 Overview of the study area

The North of Minas is a region located in the Southeast of Brazil, between the coordinates of -41°33'
to -46°28' W and -14°24' to -18°33' S. It encompasses 89 municipalities and has a population of 1,722,156
inhabitants according to the 2010 survey (IBGE, 2010). Montes Claros is the largest city in the region the sixth
largest city in the state, with a population density of 13.4 inhabitants’km? (IBGE, 2010). Two municipalities
were not considered in the study area, due to the lack of some data (Varzea da Palma and part of Pirapora).

The region includes three major hydrographic basins: Sdo Francisco, Pardo, and Jequitinhonha. The
prevailing climate in the area is classified as Aw, according to the Kdppen system, and is characterized by an
irregular distribution of precipitation. The region experiences eight dry and four rainy months, with rainfall
ranging from 600 to 1200 mm year'!. Rainfall decreases from southwest to northeast (Figure 1).

Figure 1 — (a) Location of the NMG in South America, Brazil, and the state of Minas Gerais. (b) Spatial distribution of
tubular well points in the NMG. (c¢) Hydrogeological domains and precipitation ranges.
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Elaboration: The authors, adapted PINTO et al. (2003).

The region is characterized by a predominance of sedimentary or metasedimentary rocks, occasionally
interspersed with crystalline rocks. The relationships between geological domains and water dynamics are
summarized in the following characteristics: the Detrital and Alluvial Coverage domain is formed by
genetically heterogeneous systems; however, they have similar hydrogeological infiltration characteristics.
The sedimentary domain has granular psammite rocks, and groundwater circulation occurs in spaces
conditioned by unconsolidated sediments. The Carbonates domain comprises limestone and dolomite rocks,
which have a hydrological potential directly related to dissolution processes (PESSOA et al., 2020).

The Metapelite domain comprises the fractured metapelites associated with the metasilitic facies,
presenting secondary permeability. The Metapelite/Carbonate domain offers faciological variations, with
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intercalations and interdigitations between carbonate and pelitic lithotypes (ATMAN et al., 2011). In addition,
they are predominantly fractured and have discontinuities of karstification zones.

Shale domains are fractured and discontinuous systems, with the primary source of recharge from the
pluvial input and watercourses that intercept the quartz levels. The Quartzite domain is formed by lithofacies
of the Sao Francisco Supergroup, occurring at altitudes ranging from 1200 to 1400 m (Espinhago Mountain
Range), with a structure marked by folds, faults, and fractures. Finally, the Crystalline domain comprises
weathered mantle compartments above fractured crystalline rocks.

2.2 Database, models and procedures

The methodology employed in this study involved using Machine Learning Algorithms (ML) to
spatially predict water flow from tubular wells and identify areas with high groundwater potential based on
variations in these values. We evaluated six different ML with varying statistical analysis capabilities for
groundwater potential spatial modeling. Linear Regression Model (LM), Inverse Distance Weighting (IDW),
Multivariable Adaptive Regression Splines (EARTH - MARS), Support Vector Machine (SVM), Cubist (CB),
and Random Forest (RF) models.

The input variable used in modeling groundwater potential was flow data from tubular wells (measured
in m*/h) collected from 4028 wells in the NMG region (SIAGAS, 2023). The tubular wells have flow values
ranging from 0 to 100 m*/h and 92% of the samples are below 40 m?/h. This data consists of the dependent
variable, which will be predicted using ML models and with dataset support of environmental covariates
(independent variables). The entire methodological structure was implemented in the R software environment
(RCORE, 2023).

Among the models considered, the LM model is based on a straightforward statistical principle, a
desirable quality in machine learning studies to meet the parsimony principle (PADARIAN et al., 2020). The
IDW model is a widely used method of spatial interpolation modeling, which estimates unsampled cell values
by a linear weighted combination of the dataset and sample points (NISTOR et al., 2020). The EARTH-MARS
algorithm is an advanced nonlinear regression technique that involves two steps in the analysis, the forward,
which comprises the creation of an over-fitted model with various knots with candidate features, and the
backward, applying a pruning technique to remove redundant knots (MILBORROW et al., 2014). The SVM
aims to find a hyperplane in n-dimensional space, that is, the number of features that comprise the patterns
from the database (CORTES; VAPNIK, 1995). CB is based on the logic of decision tree rules, where iterative
regression trees are created to adjust previous errors of weak trees (QUILAN, 2010). Finally, RF is based on
creating uncorrelated decision trees from different datasets, and the final prediction is given by averaging all
trees (BREIMAN, 2001).

We fit machine learning models from an environmental covariates (independent variables) dataset to
understand the spatial pattern of flow values from tubular wells. These covariates were used for model training,
associating the covariate data and the flow data from tubular wells (i.e., dependent variable). We created a
dataset of 177 covariates encompassing climatic, geological, topographic, pedological, and vegetation
contexts. The database and modeling results available at <https://zenodo.org/records/10008537>. These
covariates are routinely used in modeling studies, including spatial modeling of groundwater (RAHMATI et
al., 2016; GOMES et al., 2019; SENA et al., 2020; MOSAVTI et al., 2021; SOUZA et al., 2022).

The covariates were selected based on their explanatory power in recharge dynamics and water
dynamics, which means that they contain information about runoff, infiltration, evapotranspiration, or
processes generating recharge in surface or shallow soil or geology. The climate covariates comprised 103
covariates from the WorldClim project, including monthly temperature, precipitation, bioclimatic data, and
mean and annual accumulated rates of these covariates (FICK; HIIMANS, 2017).

We used the Digital Elevation Model — SRTM (Shuttle Radar Topography Mission) to automatically
extract 36 topographic covariates using SAGA-GIS software (OLAYA; CONRAD, 2009; SENA et al., 2020).
Because the attributes of the terrain greatly influence runoff and infiltration rates, aspects directly linked to the

maintenance of groundwater (RAHMATI et al., 2016; MOSAVI et al., 2021).
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Other covariates were also prioritized, totaling thirty-eight raster data: Gamma-spectrometry data (K,
Th, U) were entered, representing levels of K, Th, and U elements and their combination, totaling eight
covariates. Gamma-spectrometry data are essential information and are connected to some soil and rock
properties (PINTO et al., 2003). Furthermore, categorical maps of geology, soil, climate, vegetation and
geomorphology also participated as covariates (PINTO et al., 2003; CPRM, 2007; UFV et al., 2010) — (12
covariates). Studies show a relatively more significant contribution to the prediction of groundwater potential
when inserted into categorical datasets (RAHMATI et al., 2016; MOSAVI et al., 2021).

Covariates linked to land cover were inserted, in this case, vegetation indices for winter and summer
periods (average) — (Landsat Soil Adjusted Vegetation Index-SAVI and Normalized Difference Vegetation
Index-NDVI) (USGS, 2023) — (four covariates). This temporal frame better captures the behavior of vegetation
in different periods, given that vegetation changes behavior in different seasons of the year. Data of covariates
related to groundwater, erosivity and basin indices for the NMG were also inserted, totaling fourteen covariates
(CANDIDO et al., 2019; SOUZA et al., 2022). Finally, X and Y coordinate grids were inserted to capture
some influence of the spatial dependence of the data.

In the end, the values of the covariates for each tubular well sample were extracted to form the data
matrix (dependent variable and independent variables). In this matrix, we apply a criterion to select the most
relevant covariates for predicting the flow values of tubular wells. This step is essential, as the presence of
redundant data can create problems in the modeling processes, such as increasing training time and overfitting
problems (COELHO et al., 2019; GOMES et al., 2019; SOUZA et al., 2022). Therefore, from the
findcorrelation function, we removed from the database pairs of covariates with high correlation (Pearson >
95%) (KUHN et al., 2020).

The newly generated data matrix associates the variable (tubular well points) and low correlation
covariate values (Pearson < 95%). The next steps included training processes with 75% samples and testing
(25%). The training phase uses known data to teach the model to make predictions. In this phase, we apply the
Recursive Feature Elimination — RFE to train the models and simultaneously select the most relevant set of
covariates for improved predictions. This is a crucial step, as it reduces the size of the database by considering
the adjustment of the hyperparameters of the evaluated models. Initially, the models were trained with all
covariates. Then, following a regressive elimination logic, less critical features were removed successively
until we obtained the smallest number of covariates without negatively affecting the model metrics (GOMES
et al., 2019; SOUZA et al., 2022).

In the testing phase of the model, we utilized a Holdout-test, where 25% of randomly selected samples
were reserved exclusively for testing, and they were not included in the training phase (GOMES et al., 2019).
The evaluation of the model's performance in Machine Learning relied on the holdout-test, a commonly used
technique to assess how well the model generalizes on unseen data, i.e., data not used during training. The
statistical indexes R> and RMSE — root mean squared error expressed the accuracy. To prevent biased
predictions based on a single sample group, we conducted the prediction process 100 times, utilizing random
samples for training and testing at each iteration (KUHN; JOHNSON, 2013; GOMES et al., 2019).

We compared the training and testing (holdout-test) phase metrics to assess the overfitting effect.
Furthermore, we used the Kruskal-Wallis test with Dunn’s multiple comparison tests to determine if there were
significant differences in the performance of these algorithms (95% confidence interval) (KRUSKAL,;
WALLIS, 1952). Finally, we carefully evaluated the generated maps to verify the result's consistency with the
regional landscape's logic. We interpreted data based on climatic, geological, pedogeomorphological, and land
cover aspects.

3 RESULTS
3.1 Model performance and covariate selection

We evaluated the performance of models with cross-validation and holdout-test. The RF showed the
best performance in predicting groundwater (R? = 0.16 and RMSE = > 17 m3/h), followed by CB, EARTH-
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MARS, SVM, LM, and IDW (Table 1 and Figure 2). The high RMSE shows the complexity of groundwater
mapping. Additionally, the low variation of the metrics (RMSE and R?) in the training and testing phases
indicates modeling with low overfitting.

Table 1 — Performance of models to predict the spatial distribution of discharge values from tubular wells. Metrics refer
to the mean after 100 predictions. Models: Linear Regression Model (LM), Inverse Distance Weighting (IDW),
Multivariable Adaptive Regression Splines (EARTH), Support Vector Machine (SVM), Cubist (CB), and Random
Forest (RF). Metrics: R-squared metric (R?), RMSE root mean squared error. SD — standard deviation, CV —coefficient

of variation.
Training — (5-fold cross-validation)
Model (R?») R-squared R-squared RMSE RMSE RMSE
R-squared SD Cv SD Cv
RF 0.17 0.02 10.99 17.30 0.38 2.19
LM 0.11 0.01 8.53 17.76 0.32 1.78
SVM 0.12 0.01 9.42 18.16 0.40 2.23
Cubist 0.15 0.02 10.62 17.79 0.40 2.26
EARTH 0.14 0.02 14.29 18.20 0.40 2.20
IDW 0.13 0.03 21.85 20.02 0.70 3.49
Testing — (holdout-test)
Model (RY») R-squared R-squared RMSE RMSE RMSE
R-squared SD Cv SD Cv
RF 0.16 0.02 15.12 17.50 0.71 4.06
LM 0.10 0.01 12.73 17.92 0.68 3.81
SVM 0.11 0.02 14.15 18.34 0.84 4.55
Cubist 0.14 0.02 15.50 17.98 0.66 3.68
EARTH 0.14 0.02 14.29 17.20 0.40 2.33
IDW 0.13 0.03 21.85 20.02 0.70 3.49

Elaboration: The authors (2022).

Figure 2 — Violin plot Chart for R? and RMSE values of models after 100 predictions. Equal letters represent non-
significant differences (confidence level of 95% p-value < 0.05) assessed by Kruskal-Wallis statistical.
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Elaboration: The authors (2022).

Initially, our study used a dataset with 177 input covariates. However, studies indicate that a large
dataset can decrease the performance of the models and lead to overfitting (KUHN; JOHNSON, 2013). Thus,
only ~41% of the covariates remained after applying the correlation cutoff and selecting covariates by RFE-
RF (Figure 3). In addition, the RFE-RF hierarchically ranked the covariates based on their importance (%
overall) (Figure 3).

The covariates selected by RFE can be separated into four large clusters using the K-means method
(Figure 3). The first cluster consists of only longitude and exploitable recharge data, which exhibit prominent
levels of importance at 100% and 98%, respectively. The second cluster comprises eight covariates with
importance levels ranging from 75% to 53%, including indicators of climate, topography, land cover,
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geochemistry, and water properties. The third cluster encompasses a more extensive and diverse set of
covariates, with importance levels ranging from 45% to 12%. Like the third, the fourth cluster contains various
environmental aspects but with lower importance levels (< 9.8%).

Figure 3 — Hierarchy of covariates based on relative importance (%overall), grouping based on importance values using
the K-means method.
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Elaboration: The authors (2022).
3.2 Spatial distribution: groundwater potential

The RF model prediction was based on data from 4,028 tubular wells, with flows ranging from 0 to
100 m*/h. However, in the prediction with the RF, the flow range represented on the map was 5 to 38 m3/h.
The Random Forest model is renowned for its ability to manage outliers, even though it does not explicitly
eliminate them. This is because the way decision trees are constructed in the random forest makes the model
less sensitive to outliers (BREIMAN, 2001). As a result, when combining multiple decision trees in the random
forest, predictions are determined by averaging (in the case of regression), which leads to the exclusion of high
values in the map representation. Consequently, 8.7% of the data (350 points) with flow values above 38.1
m?/h were not represented on the map (Figure 4). The final map obtained by RF is based on the average of 100
spatial predictions (Figure 4a). The coefficient of variation of the prediction was higher in areas with slopes
and or with low sample density (Figure 4b).

The central-western region of the study area has the most significant potential for groundwater, with
flow rates from tubular wells of 13 to 38 m3/h (Figure 4a). The average flow values of the tubular wells
represented by sub-basin confirm this argument (Figure 4c). The hydrogeological domains of this region are
sedimentary and metasedimentary rocks with low metamorphism and high fissure density (Figure 5). The relief
is formed by plateaus and depressions, which have low slopes, except for the steep areas of the highlands. Soils
in this relief have rapid permeability, including Oxisols (Latossolos) in most parts and Quartzipsamments
(Neossolos Quartzarénicos).

The eastern region of the study area exhibits lower flow rates, with an average ranging from 5 to 13
m?/h. The hydrogeological units are metamorphic, composed of schists and quartzites (Figure 5). The relief is
characterized by mountain relief, with slopes ranging from 20 to 75%. The pedology presents Oxisols on the
plateaus, while on the steep slopes, there are occurrences of Inceptisols, Entisols (Lithics), and rocky outcrops.
This litho-pedological complexity associated with low sample coverage (Figure 1c) supports a high coefficient
of variation for this zone (Figure 4b).
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Figure 4 — (a) Groundwater potential map (b) coefficient of variation of the 100 predictions. (c) average flow values of
tubular wells in sub-basins.
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Figure 5 — Distribution of groundwater potential values in the hydrogeological domains with the representation of the
histogram of values.
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4 DISCUSSION

4.1 Model performance

We evaluated six machine learning (ML) models to predict groundwater potential in NMG from tube
well flow. More complex models have greater efficiency in this modeling (RF and CB). The IDW interpolation
model generated lower accuracy metrics. Generally, poor performance may be influenced by the spatial
distribution of samples, point density, and the presence of outliers (STEIN, 2012). In the case of NMG tubular
wells, their highest concentration coincides with the highest flow values (central and western parts) (Figure
1b). Thus, this characteristic of the data must also have affected the quality of predictions with the LM and
EARTH-MARS models. Previous studies show that complex data regarding environmental characteristics
require equally complex predictive models in modeling (KUHN; JOHNSON, 2013; GOMES et al., 2019;
PADARIAN et al., 2020).

The best metrics in the predictions were observed in more complex models, including RF and CB.
However, the RF model presented significantly higher R? values than the CB (K-W: p-value <0.05) (Figure
2). These results confirm a standard behavior of the RF in previous studies, that is, better performance
compared to less robust models (BREIMAN, 2001; LIAW; WIENER, 2002; NAGHIBI et al., 2017; GOMES
etal., 2019; SOUZA et al., 2020). Despite the better accuracy, R? values were low and RMSE high, confirming
the spatial complexity of the predicted variable.

The acceptability of the RMSE depends on the specific context of the problem. There is an intrinsic
challenge to measuring the variable in the case of flow from tubular wells. Data are momentary and reflect
flow stability. Thus, this implies that even close wells can present different discharge values. Several factors,
such as rainy seasons or periods of less precipitation, can influence this variation in flow. Furthermore, the
study area presents an environmental complexity that makes it even more challenging to obtain an accurate
prediction (MACHADO; SILVA, 2010; CANDIDO et al., 2019; COSTA, 2021). However, the spatial
distribution of groundwater potential corresponded to the environmental context of the study area despite the
limitation of metrics.

RF modeling uses a set of non-overestimated correlation environmental covariates, and this is an
advantage in ML for making the model more straightforward and more reproducible (COELHO et al., 2019;
SOUZA et al., 2022). In addition, the RFE function allowed for selecting a subset of relevant covariates for
groundwater potential prediction (Figure 3). However, the RFE selected many covariates, confirming the
complexity of the predicted variable. The chosen covariates are associated with hydrological cycle factors and
are potentially promising for future groundwater modeling studies (RAHMATI et al., 2016).

The longitude covariate emerged as the most significant, capturing an effect of the spatial distribution
of the data. There is a spatial pattern with wells with higher flows in the west and southwest areas and high
rainfall (MELLO et al., 2007; GUIMARAES et al., 2010). Areas with higher precipitation are expected to have
higher water table recharge and flow from wells. However, it is essential to consider that other environmental
factors can also play a significant role in this process.

The second covariate is a data that has a connection with water recharge and exploitation potential
(Exploitable Water Recharge); this explains the high level of importance, as the covariate estimates the
precipitated water available for groundwater recharge and, which can be considered an exploitable resource
(CANDIDO et al., 2019).

Topographic covariates derived from the SRTM-DEM were frequently used in modeling (Figure 3).
These covariates can potentially characterize spatial patterns of water distribution on the ground, influencing
runoff and water infiltration variations and impacting the flow values in tubular wells (MOSAVI et al., 2021).
In general, steep slopes lead to poor infiltration that hinders groundwater recharge, while low-slope areas,
especially in highlands, have a higher rate of groundwater recharge (MAKONYO; MSABI, 2021).

Climatic factors were crucial in the modeling and included climatic data from WorldClim (FICK;
HIJMANS, 2017). These covariates show the spatial behavior of climatic variables, and in the case of the study
area, there are well-marked spatial patterns of these variables (GUIMARAES et al., 2010). Regions positioned
further west have higher precipitation levels, implying a more significant source of aquifer recharge. Therefore,
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the covariates that capture this climate behavior gained greater importance in the prediction. These factors
explain the greater importance of covariates annual erosivity, bioclimatic, average precipitation, as they
indicate climate trends (Figure 3) (MELLO et al., 2007; GOMES et al., 2019; SOUZA et al., 2022).

The gamma-spectrometry and geological map covariates were selected with an importance level
between 45% and 57%. These covariates explain the variation and litho-pedological characteristics as a
function of rock class (i.e., geology map) and geochemical characteristics (gamma-spectrometry). The
different litho-pedological features have a strong influence on infiltration rates, which affects the flow level of
tubular wells (RAHMATI et al., 2016; CANDIDO et al., 2019; MAKONYO; MSABI, 2021).

The covariates linked to the land cover aspects of the landscape were also relevant in the prediction
indicated by the selection of the NDVI and SAVI indices. The indices are sensitive to detect vegetation
patterns. The physiognomies of the NMG are predominantly deciduous and semi-deciduous, expressing a
contrast in the landscape with vegetation that remains evergreen throughout the year (RIBEIRO; WALTER,
1998; SILVA, L. A. et al., 2020). This gradient of phytophysiognomies is a response to climatic seasonality
and the geological/pedological context, and all these factors (climate geology, pedology, and land cover) are
fundamental to influence the dynamics of infiltration and surface runoff (RAHMATI et al., 2016).

4.2 Groundwater potential mapping by RF model

The spatial prediction performed by RF showed consistency with the region's environmental
conditions. The eastern areas, where shale, crystalline, and quartzite hydrogeologies predominate, have the
lowest flow values in tubular wells (Figure 5). These hydrogeologies are represented by fissured/fractured
aquifer systems where water circulation occurs in rock fissures, fractures, and faults. The primary characteristic
of these systems is the absence or minimal presence of empty spaces in the rocks (BANKS et al., 1996). Studies
suggest that these characteristics result in uncertainties in water productivity in wells, mainly when technical
criteria for this aquifer are not implemented (INOCENCIO et al., 2021).

Geomorphological conditions of the areas to the eastern also affects water production from the tubular
wells in that region. High slope reliefs in the eastern region contribute to surface runoff; this behavior is
exemplified by a complex of mountains (Espinhago Mountain Range) (COSTA, 2021). Water recharge in the
eastern part is also reduced due to the predominance of small plateaus (COSTA, 2021), implying a smaller
area for water infiltration. Despite this, these plateaus play a crucial role in the recharge of adjacent regions
with lower elevations.

The low flow of tubular wells in the eastern region is also influenced by climatic factors, such as less
precipitation (Figure 4). The characteristics of a semi-arid climate, characterized by scarce and irregularly
distributed rainfall alongside prolonged periods of severe drought, further compound the challenges, leading
to a diminished water potential compared to other regions (CANDIDO et al., 2019; SILVA, J. L. et al., 2020).
Other environmental factors, such as the presence of shallow soils, also contribute to reducing infiltration rates
(BOSQUILIA et al., 2019). In areas with deeper soils, evergreen forest vegetation predominates and has a
prominent level of evapotranspiration, but these areas are sustainable.

Several environmental factors in the eastern areas can potentially explain the reduced water production
levels observed in tubular wells within this region. Furthermore, land use practices, such as plateaus for
eucalyptus plantations, can reduce water production. Studies in the NMG show that this activity can have high
real evapotranspiration rates in summer, like wetlands such as Palm Swamp Veredas (SILVA, L. A. et al.,
2020). Considering the climatic context of low rainfall in the eastern portion is also essential. Studies around
the world suggest that eucalyptus plantations in watersheds under low precipitation regimes can negatively
affect the water balance due to their water consumption (LITTLE et al., 2009; GONCALVES et al., 2017;
OUYANG et al., 2021).

The central and western areas of NMG have a predominance of tubular wells with higher flow rates,
suggesting more significant groundwater potential. This region's climatic, geological, and geomorphological
factors are crucial for this behavior. The hydrogeology of the central region is dominated by the karst-fissure
system (Carbonates, Metacarbonates, Metapelites), which has a high potential for underground water resources

depending on the structural arrangement of the rock (PESSOA et al., 2020). The rocks in this domain are overly
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complex due to the development of preferential infiltration paths through the dissolution of carbonates (sinks,
dissolution conduits). This increases groundwater productivity in wells intersecting fracture and karstification
zones (ATMAN et al., 2011; PESSOA et al., 2020).

Higher levels of rainfall in the central and western areas are a vital factor for aquifer recharging and
maintaining water flow levels in tubular wells in the region. The area receiving this volume of rain consists of
plateaus that function as a recharge zone and supply water to lower topography areas through infiltration and
percolation. These plateaus have facilitated infiltration due to the predominance of sedimentary rocks
(TENENWURCEL et al., 2020). For example, the Urucuia Aquifer system in the NW can reach up to 80 m in
thickness with a high potential for water recharge (GASPAR et al., 2012).

In areas of plains and depressions, such as the Sdo Francisco River depression, high groundwater
potential values follow the direction of the main river channel (Sdo Francisco River). Sedimentary geology
and the influence of recharge zones (plateaus) contribute to expanding groundwater potential (GASPAR et al.,
2012). Additionally, because the river has a significant flow, it controls water table levels during periods of
low rainfall. Due to this potential, cities and agricultural activities extract water from drilled wells and rivers.
However, overexploitation can influence flow reduction in the S&o Francisco River basin (LUCAS et al,,
2021).

Although the modeling results suggest that the central and western regions exhibit the highest
groundwater potential based on tubular well flow values, several important considerations must be considered.
Firstly, it is essential to acknowledge that the modeling is based on well flow data measured during drilling,
which may not accurately represent the current groundwater conditions. Furthermore, these regions'
predominant land use and cover should be considered, as certain land uses exert remarkable pressure on
groundwater resources. Additionally, identifying areas with high groundwater potential can be influenced by
the number of sampling points available for analysis. For instance, Montes Claros, the most populous NMG
with increased water demand (DURAES et al., 2022), can significantly impact the results.

5 CONCLUSIONS

Random Forest model outperformed the SVM, EARTH, LM, and IDW models in predicting
groundwater potential based on well flow values. The analysis utilized data from 4028 groundwater wells with
flow values and seventy-three key covariates encompassing climatic, geological, topographic, and vegetation
aspects to define the areas of groundwater potential. These covariates provided crucial insights into infiltration
rates, surface runoff, and aquifer recharge processes.

Central and western regions of the NMG exhibited the highest groundwater potential, with flow values
from tubular wells in these areas being 620% higher compared to the eastern regions. That means the central
and western regions as key areas with significant potential. This disparity can be attributed to the significant
presence of psammitic and carbonate sedimentary rocks characterized by high porosity and fissures, extensive
plateaus, and higher rainfall levels observed in the central and western regions of the NMG.

The generated map is a valuable tool for public management and can be utilized as a variable in future
models aiming to assess groundwater resource potential. However, it is essential to acknowledge certain
limitations of the modeling approach, including the relatively low R? values obtained and the reliance on a
single variable (well flow) to indicate groundwater potential. In the future, these models' accuracy can be
increased by inserting additional covariates more linked to groundwater dynamics and exploring new modeling
techniques.

This study provides valuable insights into the groundwater potential of the NMG, highlighting the
central and western regions with groundwater potential. Further research and refinement of modeling
techniques will contribute to a more comprehensive understanding of groundwater resources in the NMG.

The database and modeling results available at <https://zenodo.org/records/10008537>
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