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A B S T R A C T

This study discovers various geothermal prospects in the Great Basin, USA based on shallow groundwater
chemical (geochemical) data. The geochemical data are expected to include hidden (latent) information
that is a proxy for geothermal prospectivity. We processed the sparse geochemical data in the Great Basin
at 14,341 locations including 18 attributes. Next, a non-negative matrix factorization with customized k-
means clustering is applied to the geochemical data matrix that automatically finds three hidden geothermal
signatures representing modestly, moderately, and highly confident geothermal prospects. The algorithm
also evaluated the probability of occurrence of these types of resources through the studied region. There
is a consistency between regional geothermal prospectivity as estimated by our ML methodology and the
traditional play fairway analysis conducted over a portion of the study area. We also identify the dominant
data attributes associated with each signature. Finally, our ML analyses allow us to reconstruct attributes from
sparse into continuous over the study domain. The predicted continuous attributes can be used for future
detailed geothermal explorations in the Great Basin.
1. Introduction

The total U.S. energy consumption is ≈13.68 × 109 GJ, and the
majority comes from fossil fuels, which emit carbon and other green-
house gases into the atmosphere. To reduce CO2 emissions, we should
use carbon-free energy from different sources such as wind, solar,
and geothermal. Geothermal already provides <1% of U.S. electricity
generation [1] and can be utilized continuously (24 h a day). Although
the U.S. is at the forefront of extracting geothermal energy, it has more
tappable than currently utilized geothermal resources. For example, the
U.S. has an installed capacity of ≈ 3.7 GJ/year, but it has ≈2 × 1014 GJ
extractable geothermal energy [2,3]. Extraction and utilization of this
huge amount of energy will afford us to be less dependent on fossil
fuels and release less carbon into the atmosphere. This huge energy
resource is largely unexplored and/or undiscovered because many
geothermal reservoirs are hidden (blind; i.e., without apparent ground
surface exposures), and their exploration is expensive and risky [3,4].
Moreover, geologic, tectonic, geomechanical, and geothermal settings
in geothermal sites vary substantially that makes their detection and
exploration challenging.

Play fairway analysis (PFA) is a commonly performed technique
for the exploration of oil and gas resources. Geothermal industries
adapted PFA techniques to increase the success rate of geothermal
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exploration and drilling. Typically, PFA relies on subject-matter exper-
tise to process and systemize the available site datasets. It integrates
available data and information such as geologic, geophysical, and geo-
chemical attributes indicative of geothermal activity and estimates the
importance of these attributes for the characterization of the geother-
mal resources [5–10]. Key data types (attributes) frequently used for
geothermal PFA include shallow groundwater chemistry, temperature
gradient, shallow heat flow, geophysics (such as gravity anomalies,
magnetic intensity, magnetotelluric or electrical resistivity surveys),
geology (e.g., fault density), deep exploration drilling, etc. [11]. Other
supplemental attributes in PFA include reflection seismic signals, mi-
croseismic monitoring, self-potential (SP), soil gas surveys, LiDAR, and
hyperspectral surveys [11]. A major limitation of PFA is quantifying the
relative importance of each attribute used in PFA for geothermal ex-
ploration because it does not analyze all attributes simultaneously and
does not handle efficiently and consistently missing data (data gaps),
measurement errors, and uncertainties. Because of these limitations,
PFA often fails to identify potential geothermal resources, prioritize
sites, and minimize drilling costs [4].

Geothermal research often uses shallow groundwater chemistry
(geochemistry) during earlier stages of exploration or includes them
in PFA. Shallow groundwater chemistry data typically include aqueous
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species, isotopes, geothermometry, etc. These attributes are typically
cheaper to collect and easily accessible than other geothermal data;
especially, when sampling targets shallow wells and watershed surface
water. Besides, geochemistry are informative for (1) inferring reservoir
temperatures from the composition of geothermal fluids, (2) delineat-
ing boundaries of geothermal reservoirs, (3) defining heat sources (me-
teoric, magmatic, and mixed), (4) estimating the degree of water/rock
interaction, etc. [12,13]. Generally, shallow groundwater chemistry
is used to estimate approximate reservoir temperature using geother-
mometers before drilling deep wells [4,11]. Geothermometers are cal-
culated using empirical equations based on the chemical composition
of water/gas samples to estimate reservoir temperature [14].

Classic chemical, composite chemical, isotope, and gas geother-
mometers are frequently used for geothermal exploration [14–18]. The
methods to compute each geothermometer have their own a priori
assumptions and limitations. The two main limitations of all these
geothermometers are (1) site-dependency (i.e., useful in explaining
one site but failing to characterize other sites) and (2) interpretation
challenges (i.e., difficulties in understanding how various geologic and
geothermal conditions impact geothermometers) [14,18].

Classical geothermometry assumes that hydrogeochemical
constituents are at equilibrium with the reservoir rock [14]. Gas
geothermometers (e.g., H2, CO2, Hg, H2S) also assume that hydrogeo-
hemical constituents are in equilibrium even though most geothermal
ystems never reach chemical equilibrium [19]. The isotope geother-
ometry (e.g., SO4-H2O, 𝜕18O) is also a good tool; however, the 𝜕18O

isotope values are frequently impacted by sulfate-bearing minerals,
shallow groundwater oxidation of H2S by atmospheric O2 and evap-
ration and this can bias the estimates [18,20–25]. In addition, this
ethod cannot distinguish if the elements are released from deep

eothermal processes or ore deposits [14]. Overall, geochemical data is
bundant but interpretations of the geochemical data are challenging
ecause of not only uncertainties, complexities, and measurement
rrors but also limitations in the applied methods for their interpre-
ations. Composite chemical geothermometers estimate temperature
rom jointly interpreting the saturation indices for a series of chemi-
al reactions [15], utilizing numerical modeling and thermodynamic
ata for involved chemical reactions. However, these methods are
uch less practical than classical geothermometers, since multicompo-
ent geothermometry methods require a priori assumptions regarding
hermodynamics and chemical reactions involved in the subsurface
eochemical processes. It is important to note that various thermody-
amic databases and models (e.g., SUPCRT92 [26], PHREEQC [27],
EMS [28] are available, and different databases produce notably
ifferent estimates of subsurface temperatures, which can vary by up to
0 ◦C [15]. Also, because of computational constraints, the numerical
odels typically can be applied only for a specific site, instead of over

n entire basin or large region.
We hypothesize that multiple geochemical attributes and geother-

ometers can will better link attributes and geothermal prospectivi-
ies. However, multiple attributes at a basin scale dataset will create
dditional complexities. Here comes machine learning (ML), which
hows promise for dealing with such datasets, analyzing complexities,
nd finding interrelationships among attributes [29–31]. ML will also
vercome the limitations of composite chemical geothermometers by
bviating prior assumptions and performing numerical simulations.

This paper uses geochemical data to estimate geothermal prospec-
ivity by using an unsupervised (self-supervised) ML method called
on-negative matrix factorization coupled with 𝑘-means clustering

(NMF𝑘) [32–34]. The NMF𝑘 code is one of the modules provided
by our open-source SmartTensors (https://github.com/SmartTensors)
ML platform. SmartTensors is a part of the GeoThermalCloud frame-
work for geothermal exploration (https://github.com/SmartTensors/
GeoThermalCloud.jl). The NMF𝑘 method avoids the potential subject-

atter expert biases in the interpretation of the data. Also, NMF𝑘
1035

ectifies the assumptions and limitations of the analyzed data. Overall
advantages of NMF𝑘 compared to other unsupervised ML methods
including singular value decomposition [35], PCA [36], and ICA [37]
analyses are as follows: (1) processing all attributes simultaneously;
(2) allowing for sparse and noisy datasets; (3) ranking the relative
importance of each attribute for identifying geothermal prospectivity,
(4) producing interpretable results by reducing biases in both attribute
and spatial domains; and (5) performing transfer learning (learns from
areas where data are abundant and applies that knowledge to areas
where data are sparse). These capabilities of NMF𝑘 are well suited for
he performed geothermal analyses here.

We apply this ML method to predominantly shallow groundwater
hemistry data of the Great Basin, USA (Fig. 1). The Great Basin is the
argest area of contiguous endorheic watersheds in the western USA
overing Nevada, much of Oregon and Utah, and portions of Califor-
ia, Idaho, and Wyoming. It includes multiple geothermal reservoirs
anging from low- (<90 ◦C) to high-temperature (>150 ◦C) resources

and a vast area that is yet to be explored to discover new geothermal
resources [38,39]. Here, we jointly analyze 18 heavily sparse geochem-
ical attributes at 14,341 locations and interpret results against the
measured groundwater temperature. Groundwater temperature is im-
portant; it can be accurately measured, and it potentially represents site
or regional geothermal gradients and conditions [40]. In Section 2, we
explain the significance of each attribute for geothermal exploration.
Based on the ML analyses on the Great Basin geochemical dataset,
we (1) identify and map modestly, moderately, and highly geothermal
prospectivities; (2) rank each geochemical attribute for each type of
prospectivity; (3) compare our prospectivity map by the play fairway
analysis (PFA) performed by Faulds et al. (2016) [8]; and (4) convert
sparse data attributes into continuous spatial maps.

2. Data description

Plenty of data have been collected over the past several decades to
characterize the regional geothermal resources in the Great Basin [41–
43]. Here, we process public data available at the Nevada Bureau of
Mines and Geology website [43]. The size of the data for this study
is 14,341 × 18; at 14,341 locations, 17 geochemical attributes (water
cations/anions) and groundwater temperature are observed. It is criti-
cal to mention that this is the first time such a large dataset is used for
geothermal exploration. The 18 attributes are groundwater temperature,
quartz geothermometer, chalcedony geothermometer, pH, total dissolved
solids (TDS), Al3+, B+, Ba2+, Be2+, Br−, Ca2+, Cl−, HCO−

3 , K+, Li+, Mg2+,
Na+, and 𝜕18O (Table 1). Groundwater temperature indicates the water
temperature at a shallow depth rather than at the actual geothermal
reservoir depth; however, it may also provide information about the
site or regional geothermal gradient and conditions. Quartz geother-
mometer and chalcedony geothermometer provide potential reservoir
temperature estimates and may indicate deep groundwater circulation.
𝐴𝑙3+, 𝐻𝐶𝑂−

3 , 𝐵+, 𝐵𝑎2+, 𝐵𝑒2+, 𝐵𝑟−, and 𝐿𝑖+ are trace elements and they
may represent groundwater circulation because they frequently origi-
nate from the deep subsurface due to interaction between hot water and
rock [44–46]. 𝐶𝑎2+, 𝐾2+, 𝑀𝑔2+, 𝑁𝑎+ are major cations; 𝐻𝐶𝑂−

3 and
𝐶𝑙− are major anions. Major anions/cations define the ionic type of wa-
ter; besides, they are used on empirical equations of geothermometers.
𝑝𝐻 represents the alkalinity of water while 𝑇𝐷𝑆 is the total amount
of major cations/anions and tracer elements in the water. 𝜕18O is an
oxygen isotope and it describes the origin (e.g., meteoric, magmatic,
connate) of the water. The major anions/cations concentrations, 𝑝𝐻 ,
and 𝑇𝐷𝑆 may also capture information regarding groundwater mixing,
geochemical processes, and aridity. Among these 18 attributes, 𝑝𝐻 and
𝑇𝐷𝑆 has no direct (known) significance for geothermal exploration;
however, they are good indicators whether groundwater is actively
recharged or not. Table 1 lists the minimum, maximum, mean, and
missing values/sparsity in the data. The minimum and maximum values
demonstrate that the dataset attributes vary over a wide range while the
missing data column in the table indicates that the dataset is heavily

sparsed.

https://github.com/SmartTensors
https://github.com/SmartTensors/GeoThermalCloud.jl
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Fig. 1. Data locations in this study. Base map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
Table 1
The summary statistics of the used dataset. Missing column represents the missing data percent for each attribute and red
color texts indicate that the missing percent is >75%.
Attribute Minimum Mean Maximum Missing (%)

Groundwater temperature (◦C) 0.1 23.7 275 2.6
Quartz geothermometer (◦C) −50.8 81.0 273 39.1
Chalcedony geothermometer (◦C) −81.6 50.3 271 39.1
𝑝𝐻 1 7.5 11.7 35.0
𝑇𝐷𝑆(PPM) 0 5770 329000 87.8
𝐴𝑙3+(PPM) 0 7.3 6400 90.5
𝐵+(PPM) 0 3.1 590 61.7
𝐵𝑎2+(PPM) 0 0.1 27.4 82.4
𝐵𝑒2+(PPM) 0 0 0.7 88.5
𝐵𝑟−(PPM) 0 2.0 84 86.4
𝐶𝑎2+(PPM) 0 97.0 2570 33.6
𝐶𝑙−(PPM) 0 2870 240000 29.2
𝐻𝐶𝑂+

3 (PPM) 0 278 37000 76.1
𝐾+(PPM) 0 101 13000 40.8
𝐿𝑖+(PPM) 0 4.95 970 80.3
𝑀𝑔2+(PPM) 0 86.8 8500 34.8
𝑁𝑎+(PPM) 0 1960 160000 38.2
𝜕18O (‰) −19.2 −14.6 7.8 89.7
3. Methods

Here, we provide a high-level description of the NMF𝑘 method to
support the discussion of geothermal analyses in this paper, and de-
tailed descriptions of the NMF𝑘 algorithm can be found at Alexandrov
& Vesselinov, (2014) [33] and Vesselinov et al. (2018) [32]. NMF𝑘
performs matrix factorization of a data matrix, 𝑋𝑚×𝑛, where the 𝑚 rows
represent measurement locations, and the 𝑛 columns are the values of
the geothermal attributes. The goal of NMF𝑘 is to find the optimal
number of signatures 𝑘 that describe the analyzed dataset. This is
accomplished by matrix factorization [47], which can be represented
by

𝑋 ≅ 𝑊 ×𝐻 (1)
1036

𝑚×𝑛 𝑚×𝑘 𝑘×𝑛
where 𝑊𝑚×𝑘 is a ‘‘location’’ matrix, which captures the importance
of locations and their spatial association while 𝐻𝑘×𝑛 an ‘‘attribute’’
matrix characterizing the significance of attributes. It is important to
note that all the elements of matrices 𝑊 and 𝐻 are unknown. The
number of signatures 𝑘 is also unknown. The matrix factorization in (1)
provides an approximate representation of the data 𝑋. To solve for all
the unknowns, NMF𝑘 performs a series of matrix factorization starting
with a random initial guesses for 𝑊 and 𝐻 elements and for a range
of values of 𝑘; theoretically, 𝑘 can range between 2 and min(𝑚, 𝑛). For a
given number of signatures 𝑘, Eq. (1) is iteratively solved by minimizing
the reconstruction error 𝑂(𝑘)

𝑂(𝑘) = ‖𝑋 −𝑊 ×𝐻 ‖ (2)
𝑚×𝑛 𝑚×𝑘 𝑘×𝑛 𝐹

https://www.soest.hawaii.edu/pwessel/gshhg/
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Fig. 2. Normalized reconstruction errors, average Silhouette, and 𝑅2 scores for varying number of signatures.
Fig. 3. Heat map of the attribute matrices for the accepted two solutions by NMF𝑘: (a)
2 signatures, (b) 3 signatures. Colors depict the relative importance of each attribute
(rows) related to each signature (columns).

by constraining the 𝑊 and 𝐻 elements to be greater or equal to
zero (nonnegative), and 𝐹 defines the Frobenius norm [48]. Under the
NMF𝑘 algorithm, NMF is executed numerous times (typically 1,000
or user specified number), which generates a series of solutions for
𝑊 and 𝐻 matrices for a given 𝑘 value. The resulting multiple 𝐻
solutions are clustered into 𝑘 clusters using a customized 𝑘-means
clustering [32,33]. The average silhouette width 𝑆(𝑘) based on the
cosine norm is computed for all 𝑘 clusters [49]. This metric measures
how well the random NMF solutions are clustered for a given value for
𝑘. The values of 𝑆(𝑘) theoretically can vary from −1 to 1.

These operations are repeated for a series of 𝑘 values. The optimal
number of signatures, 𝑘, is estimated on how the reconstruction error
𝑂(𝑘) and the average silhouette width 𝑆(𝑘) vary with the increase of 𝑘.
1037
The reconstruction error decreases as 𝑘 increases. The average silhou-
ette width behavior is more complicated; 𝑆(𝑘) generally declines as 𝑘
increases from 1 to −1. However, 𝑆(𝑘) values frequently spike up for
specific 𝑘 values, indicating that these 𝑘 values are potentially optimal.
In an ideal case, a given 𝑘 value is considered optimal when adding
another signature does not significantly improve the reconstruction of
𝑋 (i.e., lower 𝑂(𝑘)) and does not lower 𝑆(𝑘)). In practice, a solution
with 𝑆(𝑘) greater than 0.25 and the lowest 𝑂(𝑘) value can be chosen
as an optimal solution [50]. The solutions with 𝑘 values less than
the optimal value and 𝑆(𝑘) values >0.25 are acceptable; they provide
underfitting representations of the data matrix 𝑋. All the solutions with
𝑘 values greater than the optimal value are not acceptable; they provide
overfitting representations of the data matrix 𝑋.

We also use 𝑅2 score to assess the performance of the NMF𝑘. It
measures the correlation between 𝑋 and �̂� ≅ 𝑊 × 𝐻 of non-missing
data points, where 𝑥𝑖 ∈ 𝑋 and 𝑥𝑖 ∈ �̂�. For 𝑝 pairs of non-missing data
points, the 𝑅2 score is:

𝑅2 =
∑𝑝

𝑖=1
(

𝑥𝑖 − 𝑥
)2 −

∑𝑝
𝑖=1

(

𝑥𝑖 − �̂�𝑖
)2

∑𝑝
𝑖=1

(

𝑥𝑖 − 𝑥
)2

(3)

where 𝑥 is the mean of each row. 𝑅2 varies from 0 to 1 suggesting 0 to
100% correlation between 𝑋 and �̂�, respectively.

4. Results

Fig. 2 encapsulates the NMF𝑘 results related to reconstruction error
𝑂(𝑘), solution robustness, 𝑆(𝑘), and 𝑅2(𝑘). 𝑂(𝑘) and 𝑆(𝑘) decrease
as the number of signatures increases. 𝑅2(𝑘) value increases as the
number of signatures increases because more signatures reach closer
to the actual data. Solutions with 𝑆(𝑘) < 0 are rejected (not shown
in Fig. 2). As discussed above, solutions with 𝑆(𝑘) > 0.25 can be
considered to be acceptable. The solution with 𝑆(𝑘) > 0.25 and the
lowest 𝑂(𝑘) values is identified to be optimal. Based on these criteria,
the solutions for 𝑘 = 2 and 3 were accepted. The solutions for 𝑘 > 3 are
overfitting the analyzed dataset. The 𝑘 = 3 solution is optimal that is
automatically identified by the NMF𝑘 algorithm. The solution with the
optimal number of signatures is expected to provide the best physical
interpretability of the analyzed data matrix. Below, we focus on the
spatial association of the extracted signatures within the study area.

Fig. 3 shows the attribute matrices for the 𝑘 = 2 and 3 solutions. We
define the types of hydrothermal systems based on the contribution of
groundwater temperature in the extracted solutions. Signature A of the
𝑘 = 2 solution (Fig. 3a) represents moderately confident geothermal
prospects because of the medium contribution (≈0.5) of groundwater
temperature in the signature. Signature B in Fig. 3a (the 𝑘 = 2 solu-
tion) represents highly confident geothermal prospects because of the
high contribution (≈0.8) of groundwater temperature in the signature.
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Fig. 4. The spatial distribution of geothermal prospectivities; ellipses mark areas with high-density of locations with similar signatures. Dark red, brown, and light-blue colors
represent highly, moderately, and modestly confident geothermal prospects, respectively. Base map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
The 𝑘 = 2 solution separates the moderately and highly confident
geothermal prospects in the study region. However, the study area also
possesses modestly confident geothermal prospects; therefore, this is a
broad representation of the system, not an optimal representation.

Fig. 3b demonstrates the attribute matrix for the 𝑘 = 3 solution. The
solution captures modestly, moderately, and highly confident geother-
mal prospects represented by Signatures A, C, and B, respectively. We
will explain the contribution of each attribute on each signature in the
following paragraphs. The contribution of each attribute is divided into
dominant, medium dominant, and minor. The attribute value in Fig. 3 is
normalized and ranges between 0 to 1. The value of dominant, medium
dominant, and minor attributes range between 0.5–1 (orange and red
colors in the heat map), 0.1–0.49 (yellow color in the heat map), <0.1
(green color in the heat map), respectively.

Signature A represents modestly confident geothermal prospects
because of the low contribution of groundwater temperature in the
signature (Fig. 3b). The dominant attributes of this signature are 𝑇𝐷𝑆,
𝐵𝑟−, 𝜕18𝑂, and 𝐵+. High 𝑇𝐷𝑆 value suggests that the Signature A
regions have groundwater, which is not actively recharged/discharged
or associated with deep (brine) aquifers. High 𝐵𝑟− suggests that water
is acidic. The source of 𝐵𝑟− is unknown and out of the scope of
this study; however, they might originate due to too much drought
or not much precipitation in the study area. The high 𝜕18𝑂 isotope
potentially represents low precipitation (Gat, 1996, Figure 11) [51].
Access to the 𝜕2𝐻 isotope data would help identify if water data
falls on the meteoric, magmatic, or evaporation line. 𝐵+ potentially
represents enhanced dissolution from high-temperature waters [44].
Medium dominant attributes are 𝐶𝑙−, 𝐾+, 𝐿𝑖+, and 𝑁𝑎+. The high 𝐶𝑙−

potentially represents high dissolved solids in water and often it bonds
1038
with 𝐾+ and 𝑁𝑎+; resultantly, we see high 𝐾+ and 𝑁𝑎+. However,
𝐾+ and 𝑁𝑎+ along with 𝑇𝐷𝑆 potentially represent water quality and
have less to do with geothermal resources. However, 𝐿𝑖+ potentially
represents deep fluid circulation that is released due to interaction
between hot water and rocks in the deep subsurface [45]. The presence
of both 𝐵+ and 𝐿𝑖+ as dominant and medium dominant attributes
suggests that there is deep fluid circulation. Less dominant/minor
attributes of this signature are groundwater temperature, 𝑞𝑢𝑎𝑟𝑡𝑧 and
chalcedony geothermometers, 𝑝𝐻 , 𝐴𝑙3+, 𝐵𝑎2+, 𝐵𝑒2+, 𝐶𝑎2+, 𝐻𝐶𝑂−

3 , and
𝑀𝑔2+. Among these attributes, groundwater temperature, 𝑞𝑢𝑎𝑟𝑡𝑧 and
chalcedony geothermometers, 𝐻𝐶𝑂−

3 , 𝐴𝑙3+, 𝐵𝑎2+, and 𝐵𝑒2+ may provide
an indication of geothermal resources while 𝐶𝑎2+ and 𝑀𝑔2+ largely
provide an indication of groundwater type. The low contributions of
groundwater temperature, 𝑞𝑢𝑎𝑟𝑡𝑧 and chalcedony geothermometers, 𝐻𝐶𝑂−

3 ,
𝐴𝑙3+, 𝐵𝑎2+, and 𝐵𝑒2+ also suggest that the locations associated with
signature have low-temperature geothermal resources. The low contri-
butions of 𝐶𝑎2+ and 𝑀𝑔2+ are likely caused by the high contribution
from 𝐾+ and 𝑁𝑎+. On the other hand, the low contribution of 𝑝𝐻 and
𝐻𝐶𝑂−

3 is compensated by the high contribution from 𝐶𝑙−. In a nutshell,
Signature A captures characteristics of modestly confident geothermal
prospects, drought, and potential deep fluid circulation.

Signature B represents highly confident geothermal prospects due
to the high contribution (>0.5) of groundwater temperature in the
signature. The locations having a dominant association with Signature
B are expected to be prospective geothermal resources based on the
available data. The dominant attributes of the signature are 𝑞𝑢𝑎𝑟𝑡𝑧 and
chalcedony geothermometers, 𝐴𝑙3+, 𝐻𝐶𝑂−

3 , 𝐵𝑒2+, and 𝑝𝐻 . 𝑄𝑢𝑎𝑟𝑡𝑧 and
chalcedony geothermometers are proxy of reservoir temperature and their
high contribution suggests that the reservoirs in the locations associated

https://www.soest.hawaii.edu/pwessel/gshhg/
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Fig. 5. Maps of the estimated continuous spatial distribution of Signatures A, B, and C. Base map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
Fig. 6. Faulds’ PFA map, modified after Faulds et al. 2016 [8]. Base map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
with this signature potentially have high-temperature water. High con-
tributions of 𝐴𝑙3+ and 𝐻𝐶𝑂−

3 may also signify that the reservoir may
contain high-temperature resources [44,46]. To our best knowledge,
there is no study of the correlation between 𝐵𝑒2+ and geothermal
resources; yet, we see the high contribution of 𝐵𝑒2+ in this study. Tracer
elements often play a crucial role in defining geothermal resources;
however, it is not well defined what tracer elements will play such a
role [46]. The contribution of tracer elements in defining geothermal
resources is also site-specific; therefore, 𝐵𝑒2+ may play such a critical
role in this study area. Another dominant attribute is 𝑝𝐻 . Both high and
low 𝑝𝐻 means that the water is not actively recharged or there is not
much precipitation. Medium dominant attributes of this signature are
𝑇𝐷𝑆, 𝐶𝑙−, 𝑁𝑎+, 𝐾+, 𝐶𝑎2+, 𝐵+, 𝐿𝑖+, and 𝐵𝑎2+. Higher contributions
1039
of 𝐶𝑙−, 𝑁𝑎+, 𝐾+, and 𝐶𝑎2+ essentially suggest high 𝑇𝐷𝑆, which is
an indication of drought in the study area or lack of active recharge
through precipitation. However, 𝐿𝑖+ is an indication of deep fluid
circulation. 𝐵𝑎2+ is another tracer element with significant contribution
and no previous study has shown any correlation of it with geothermal
resources. Like 𝐵𝑒2+, it might also provide an indication of potential
high-temperature geothermal resources. The minor attributes of this
signature are 𝐵𝑟−, 𝑀𝑔2+, and 𝜕18𝑂. Here, low contributions of 𝐵𝑟− and
𝑀𝑔2+ are potentially compensated by the high contributions from 𝐶𝑙−

and 𝐶𝑎2+. The low contribution of 𝜕18𝑂 likely signifies that the drought
in locations associated with this signature is defined by 𝑇𝐷𝑆 rather
than by 𝜕18𝑂. Overall, Signature B captures characteristics of highly
confident geothermal prospects, drought, and deep fluid circulation.

https://www.soest.hawaii.edu/pwessel/gshhg/
https://www.soest.hawaii.edu/pwessel/gshhg/


Renewable Energy 197 (2022) 1034–1048B. Ahmmed and V.V. Vesselinov
Fig. 7. Comparisons of results obtained using traditional PFA (a) and ML analyses presented here (Signatures A (b), B (c), and C (d)). Numbers on each figure indicate the highly
prospective regions on the Faulds’ PFA map (see, Fig. 6). Base map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
Fig. 8. True groundwater temperature (A), ML prediction of groundwater temperature (B), and variance of ML prediction (C). The ML predictions have low variances and the predicted
values seem higher in the western portion of the study area. Base map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
The deep fluid circulation is defined by a dominant (𝐵𝑒2+) and two
medium dominant (𝐿𝑖+ and 𝐵𝑎2+) tracer elements in this signature.

Signature C defines moderately confident geothermal prospects be-
cause of the medium contribution of groundwater temperature. The
1040
locations having a dominant association with Signature C may con-
tain geothermal resources; however, the confidence is lower than the
locations associated with Signature B but higher than the locations
associated with Signature A. The dominant attributes of the signature
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Fig. 9. True chalcedony geothermometer (A), ML predictions of chalcedony geothermometer (B), and variance in ML predictions (C). The ML predictions have low variances and the
predicted values are similar in the whole study area. Base map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
Fig. 10. True quartz geothermometer (A), ML predictions of quartz geothermometer (B), and variance in ML predictions (C). The ML predictions have low variances and the predicted
values are similar in the whole study area. Base map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
Fig. 11. True pH (A), ML predictions of pH (B), and variance in ML predictions (C). The ML predictions have low variances and the predicted values are similar in the whole
study area. Base map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
are 𝑝𝐻 , 𝐵𝑎2+, 𝐶𝑎2+, 𝐻𝐶𝑂−
3 , and 𝑀𝑔2+. The high contribution of

𝐵𝑎2+ and 𝐻𝐶𝑂−
3 potentially indicates deep fluid circulation. The high

contribution of 𝐶𝑎2+ and 𝑀𝑔2+ defines the dissolution of 𝐶𝑎2+ and
𝑀𝑔2+ bearing minerals. Importantly, they define the hardness of water
increasing the 𝑝𝐻 of water. The high 𝑝𝐻 also suggests no active
recharge through precipitation. The medium dominant attributes of the
signature are groundwater temperature, 𝐵𝑒2+, and 𝐶𝑙−. The presence
of 𝐵𝑒2+ is potentially an indication of deep fluid circulation. The 𝐶𝑙−

ion may indicate drought in the study area. The minor attributes of
the signature are quartz and chalcedony geothermometers, 𝑇𝐷𝑆, 𝐴𝑙3+,
𝐵+, 𝐵𝑟−, 𝐾+, 𝐿𝑖+, 𝑁𝑎+, and 𝜕18𝑂. The low contributions of quartz and
chalcedony geothermometers are surprising and define the lower confi-
dence of the prospective geothermal resources at associated locations
1041
of this signature. The water associated with this signature also appears
to have low 𝑇𝐷𝑆 because of the lower contribution from major cations
(𝑁𝑎+ and 𝐾+) and anion (𝐵𝑟−). Predominantly, this signature cap-
tures the characteristics of moderately confident geothermal prospects,
drought, and potential deep fluid circulation. The deep fluid circulation
is defined by 𝐵𝑒2+ and 𝐵𝑎2+ in this signature.

The spatial distribution of each signature is shown in Fig. 4, where
dots in blue, red, and orange colors mark locations of modestly (A),
highly (B), and moderately (C) confident geothermal prospectivities.
The distribution of Signatures B and C locations suggests that the sig-
nificant portions of the Great Basin region have favorable geothermal
resources. Some of these locations also align with existing geothermal
resources and sites such as Dixie Valley in Nevada. Areas with a high
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Fig. 12. True TDS (A), ML predictions of TDS (B), and variance in ML predictions (C). The ML predictions have high variances and the predicted values are similar in the whole
study area. Base map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
Fig. 13. True 𝐴𝑙3+ (A), ML predictions of 𝐴𝑙3+ (B), and variance in ML predictions (C). The ML predictions have low variances and the predicted values are similar in the whole
study area. Base map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
Fig. 14. True 𝐵+ (A), ML predictions of 𝐵+ (B), and variance in ML predictions (C). The ML predictions have low variances and the predicted values are similar in the whole
study area. Base map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
density of A, B, and C locations are labeled with ellipses in the figure.
The spatial distribution of these locations also suggests that there is
no distinct trend; rather the distributions of locations of different types
are random. This random distribution may be caused by measurement
errors and uncertainties. It also may suggest spatial heterogeneity in
thermal gradients from deep to shallow subsurface of the locations
associated with Signatures B and C while the locations associated with
Signature A are not. It is important to note that our analyses do not
include information about the depth of the samples. Adding depth
information may better characterize the data and smooth out variability
in the locations associated with different signatures. Often, this vertical
connectivity depends on the geologic structure such as faults/fractures
1042
or vents which might be another cause for the observed spatial patterns.
On the other hand, the presence of tracer elements in all signatures
suggests that there are potential fluid circulations from deep to shallow
subsurface meaning potential fluid flow paths. These fluid flow paths
may indicate the presence of some kind of geologic structure (fault,
fractures, vent, etc.). Therefore, we expect that the geothermal gradient
and heat flow in the subsurface is spatially random.

Next, we used the inverse distance weighting interpolation method
to make a continuous distribution of modestly, moderately, and highly
geothermal prospects (Fig. 5). All continuous maps have color bars
ranging from 0 to 0.5 or green to red. The green color indicates a low
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Fig. 15. True 𝐵𝑎2+ (A), ML predictions of 𝐵𝑎2+ (B), and variance in ML predictions (C). The ML predictions have high variances and the western portion consists of higher
predicted values than the eastern portion. Base map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
Fig. 16. True 𝐵𝑒2+ (A), ML predictions of 𝐵𝑒2+ (B), and variance in ML predictions (C). The ML predictions have high variances and the western portion consists of higher
predicted values than the eastern portion. Base map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
Fig. 17. True 𝐵𝑟− (A), ML predictions of 𝐵𝑟− (B), and variance in ML predictions (C). The ML predictions have high variances and the distribution of predicted values has no
distinct pattern. Base map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
contribution while the red color indicates a high contribution of the
signature in the respective Great Basin regions.

Note that the maps in Figs. 4 and 5 present the same ML results;
however, they are shown in two different ways. Fig. 4 shows how the
locations are labeled as predominantly associated with Signatures A,
B, or C, depending on the weights in the location matrix estimated
by the ML analyses. The signature associations are determined au-
tomatically by our ML algorithm. Fig. 5(A–C) separately shows the
spatial interpolations of the weights in the location matrix for the 3
signatures. The spatial mapping is obtained by binning the locations
shown in Fig. 5 into a regular grid (with dimensions 108 × 128 in
horizontal and vertical directions, respectively). The weights are also
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normalized between 0 and 1. The color scales in Fig. 5 emphasize
the range from 0 to 0.5; nevertheless, the actual values vary from 0
to 1. As a result, the maps show the probability of occurrence of the
extracted geothermal signatures within the study domain. Therefore,
the maps represent prospectivities associated with the extracted hidden
geothermal signatures related to different geothermal reservoir types.

Faulds et al. (2016) [8] generated a PFA map using geological,
chemistry, and geophysical data and hereinafter referred to it as a PFA
map. They identified several favorable zones for geothermal resource
exploration (Fig. 6). We compared our favorable zones (see, Fig. 7(A–
C)) with 25 favorable zones of the PFA map. There is a negligible
to no correlation between Signature A (Fig. 7(A)) and the PFA map.
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Fig. 18. True 𝐶𝑎2+ (A), ML predictions of 𝐶𝑎2+ (B), and variance in ML predictions (C). The ML predictions have high variances and the predicted values are similar in the whole
study area. Base map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
Fig. 19. True 𝐶𝑙− (A), ML predictions of 𝐶𝑙− (B), and variance in ML predictions (C). The ML predictions have low variances. Base map source: https://www.soest.hawaii.edu/
pwessel/gshhg/.
Fig. 20. True 𝐻𝐶𝑂−
3 (A), ML predictions of 𝐻𝐶𝑂−

3 (B), and variance in ML predictions (C). The ML predictions have high variances and the western portion consists of higher
predicted values than the eastern portion. Base map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
However, there is a strong correlation of PFA’s high prospective area
with red areas of Signature B (Fig. 7(B)). Note, Signature B represents
highly confident geothermal prospects. On the other hand, the PFA map
and Signature C (Fig. 7(C)) have little to no correlation. The strong
correlation between high-prospective areas of the PFA map and our
highly confident geothermal prospects map solidifies the idea that the
limited geochemistry data and NMF𝑘 can identify favorable geothermal
sites.

Missing data is a ubiquitous problem in geoscience data and the
used dataset in this study has plenty of missing values. Using our
ML tool, we reconstruct missing values. For example, 𝐵+, 𝜕18𝑂, 𝐵𝑟−,
and 𝑇𝐷𝑆 are dominant attributes of Signature A, and all of them are
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sparse (Table 1). Yet, our ML methodology estimates a continuous
spatial distribution for Signature A (Fig. 5(A)). Similarly, the dominant
attributes of Signatures B and C are also sparse. Still, the ML algorithm
reconstructs a continuous signature distribution over the study domain.
This is possible because NMF𝑘 is an additive algorithm and it can
learn from only a partially represented object [47]. This capability
is generally absent in many traditional machine learning techniques,
such as PCA [36], SVR [52], deep neural networks (convolutional or
recurrent) [53], etc. Continuous distribution of signatures facilitate to
reconstruct continuous distribution of all attributes (see, 8(B)–25(B)).

Such a continuous distribution or data reconstruction could be
performed by statistical interpolation approaches such as kriging [54]
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Fig. 21. True 𝐾+ (A), ML predictions of 𝐾+ (B), and variance in ML predictions (C). The ML predictions have low variances and the predicted values are similar in the whole
study area. Base map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
Fig. 22. True 𝐿𝑖+ (A), ML predictions of 𝐿𝑖+ (B), and variance in ML predictions (C). The ML predictions have low variances and the predicted values are similar in the whole
study area. Base map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
Fig. 23. True 𝑀𝑔2+ (A), ML predictions of 𝑀𝑔2+ (B), and variance in ML predictions (C). The ML predictions have high variances and the predicted values are similar in the
whole study area. Base map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
and co-kriging [55] (i.e., Gaussian process modeling) for interpolation.
The kriging-based methods require additional information to account
for interrelationships among analyzed attributes (e.g., variograms and
co-variograms). Additionally, the accuracy of their results is unreliable
because kriging requires a Bayesian assumption [56,57], which is not
expected to be valid for the analyzed problem. Our ML approach
provides two advantages over the above-mentioned interpolation tech-
niques such as (1) automatically identifies the interrelationships among
the attributes based on the provided data both in the attribute and
spatial domains without requiring prior/post data analyses and (2)
provides a measured accuracy through 𝑅2 value and other commonly-
used statistical metrics (e.g., chi-square). For example, the optimal
1045
signature provides ≈86% accuracy (𝑅2 = 0.86, see Fig. 2) and the
multiplication of 𝑊 and 𝐻 matrices provides continuous distribution
of all attributes. Such a continuous distribution will render a huge
benefit during geothermal play development either in the whole Great
Basin or part of the Great Basin. Reconstructing such a continuous
data distribution was possible through transfer learning. For example,
groundwater temperature distribution is similar in both actual data and
ML prediction. NMF𝑘 learns from the abundant portion of data about
the temperature distribution in spatial domain and apply its learning
where data is sparse; as a result, the predicted values for groundwater
temperature are similar. The same logic applies to other attributes
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Fig. 24. True 𝑁𝑎+ (A), ML predictions of 𝑁𝑎+ (B), and variance in ML predictions (C). The ML predictions have low variances and the predicted values are similar in the whole
study area except in two areas. Base map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
Fig. 25. True 𝜕18𝑂 (A), ML predictions of 𝜕18𝑂 (B), and variance in ML predictions (C). The ML predictions have low variances and the predicted values show no pattern. Base
map source: https://www.soest.hawaii.edu/pwessel/gshhg/.
too. Most importantly, we also quantify variances based on the non-
missing data points of the ML predicted attributes that provides us
the uncertainty estimates (see, Figs. 8(C)–25(C)). Variances vary across
attributes depending on the number of true data and their distribution.
High number of true data and well distributed data help learn better
representation of data providing low variances in ML predictions or vice
versa.

5. Conclusions

We curated and analyzed 18 shallow groundwater chemical at-
tributes at 14,351 locations in the Great Basin for the first time. The
dataset is heavily sparse, and the attribute ranges significantly vary.
Yet, SmartTensors’ NMF𝑘 found critical information regarding hidden
geothermal prospectivities in the dataset. NMF𝑘 identified three hidden
geothermal signatures labeled A, B, and C, and potentially representing
geothermal prospectivities with different levels of confidence. Also,
we found key attributes of each signature defining the confidence of
geothermal prospects. Locations associated with Signature A represent
modestly confident geothermal prospects. The dominant attributes of
this signature are 𝑇𝐷𝑆, 𝐵𝑟−, 𝐵+, and 𝜕18𝑂. The locations associated
with Signature B represent highly confident geothermal prospects. The
dominant attributes of the signature are 𝑝𝐻 , 𝐴𝑙3+, 𝐵𝑒2+ as well as
quartz and chalcedony geothermometers. The locations associated with
Signature C define moderately confident geothermal prospects. The
dominant attributes of the signature are 𝑀𝑔2+ and 𝐶𝑎2+. Based on
Signatures A, B, and C, we generated a continuous map of mod-
estly, moderately, and highly geothermal prospects that will assist in
developing geothermal resources in the Great Basin.
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We also compared the prospectivities of this study with prospec-
tivities by a previous PFA study in a part of the Great Basin. The
prospectivities estimated by both studies are consistent. However, PFA
is obtained using a different and more rich dataset that includes geolog-
ical, geophysical, and geochemical attributes in the form of qualitative
and quantitative information. The PFA work is time-consuming and
relies extensively on subject matter expertise. In contrast, our ML anal-
yses are based on only shallow groundwater chemistry data without
any subject matter expertise. Our ML analyses are also fast, taking ≈4
hours to perform all the analyses and automatically generate all the
figures presented in this paper. Example scripts to execute this work
are available at https://github.com/SmartTensors/GeoThermalCloud.
jl/tree/master/GreatBasin. Finally, we constructed continuous maps
from the input sparse geochemical data. In the future, our ML workflow
will also include geological/geophysical/geothermal attributes, which
will further expand the quality and defensibility of our analyses.

This study discovered potential hidden geothermal prospects and
their corresponding locations. The associated locations of Signatures B
and C highly likely have favorable thermal gradients or heat sources
in the subsurface along with enhanced groundwater circulation from
deep to the shallow subsurface. However, they do not represent proven
geothermal resources yet. In the highly prospective locations, drillhole
might validate our results. Rather these hydrogeothermal locations
are favorable for further exploration. The future exploration requires
geothermal reservoir development work; especially related to resource
estimation using the depth, flow rate, and temperature of wells (2)
finding high permeable or fractured rocks or reservoirs having the
potential to be an excellent enhanced geothermal system, (3) having
cap rock to contain the pressure in the reservoir during production,
and (4) estimating fluid volume and fluid circulation using fluid flow
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models in the reservoir. It is important to note that our predictions
are impacted by measurement and conceptual uncertainties. Our ML
technology addresses some of these uncertainties and provides the
relevant estimates of predictive uncertainty ranges. Still, there is con-
ceptual uncertainty caused by the limited number (18) of attributes
applied for machine learning here. In reality, more attributes might
be needed to capture all the subsurface complexities and identify the
hidden geothermal prospectivities. We will address this limitation in
our future work.
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