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Electron transfer rules of minerals under
pressure informed by machine learning

Yanzhang Li1,2,6, Hongyu Wang3,6, Yan Li 1,2,6 , Huan Ye1,2, Yanan Zhang3,
Rongzhang Yin 1,2, Haoning Jia1,2, Bingxu Hou 1,2, Changqiu Wang1,2,
Hongrui Ding1,2, Xiangzhi Bai 3,4,5 & Anhuai Lu 1,2

Electron transfer is the most elementary process in nature, but the existing
electron transfer rules are seldom applied to high-pressure situations, such as
in the deep Earth. Here we show a deep learning model to obtain the elec-
tronegativity of 96 elements under arbitrary pressure, and a regressed unified
formula to quantify its relationshipwith pressure and electronic configuration.
The relative work function of minerals is further predicted by electro-
negativity, presenting a decreasing trend with pressure because of pressure-
induced electron delocalization. Using the work function as the case study of
electronegativity, it reveals that the driving force behind directional electron
transfer results from the enlarged work function difference between com-
pounds with pressure. This well explains the deep high-conductivity anoma-
lies, and helps discover the redox reactivity betweenwidespread Fe(II)-bearing
minerals andwater during ongoing subduction. Our results give an insight into
the fundamental physicochemical properties of elements and their com-
pounds under pressure.

Electron transfer is the most elementary process in nature, which has
been playing essential roles in energy transduction, elemental cycling
and life activities1–3. Of particular interest is the behavior of electrons
with respect to extremes such as high pressure, leading to novel
phenomena of insulator-metal transitions, superconductivity, highly
reactive atoms and abnormal physiochemical properties of condensed
matters4,5. Numerous well-designed experimental, computational and
theoretical studies in chemistry, physics, material sciences and geos-
ciences have provided insights into the unusual phenomena asso-
ciated with pressure-induced electronic behavior5–7. However, the
general rules that drive electron transfer at high pressure remain to be
revealed.

Electronegativity has been employed as a fundamental quantify to
successfully assess the tendency of an atom to attract electrons8–10. In
parallel, work function is defined as the energy barrier required tomove

a free electron from the Fermi level of the solids to the infinity, and is
used as an important indicator of electron binding energy11,12. In pla-
netary sciences, the mineral work function has been applied to inter-
prete the electrostatic migration of charging lunar dust, the contact
electrification phenomenon during electrical beneficiation and the
energy threshold of emitting photoelectrons13–15. The electronegativity
of atoms and work function of minerals could also be applied to
quantitatively evaluate the electron transfer tendency and directions
under high pressures such as explaining some intricate redox interac-
tions among minerals, fluids, melts and volatiles in Earth’s deep region
up to ~350gigapascals (GPa)6,16. Nevertheless, both the electronegativity
and work functionmay be greatly changed when compressed, ascribed
to the pressure-induced changes in electronic states4,5.

Currently, it is almost impossible to measure the electro-
negativity and work function under extreme conditions via
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conventional techniques like photoelectron and thermionic emis-
sion spectroscopy. The high-throughput computing can try to solve
this problem17,18, but still seems weak in dealing with natural
minerals that possess more complex composition and structural
characteristics than simple compounds. For example, the ubiqui-
tous existence of isomorphic substituting impurities in minerals
makes us have to cope with a dozen elements and thousands of
electrons at each pressure. In this situation, the computational
burden is extremely heavy because of the exponential increase in
the computation with the increasing number of electrons and
dimensions (known as curse of dimensionality)19,20. The resulting
high-dimensional Schrödinger equations are almost unsolvable20.
Therefore, an efficient data processing strategy is urgently needed
to obtain the electronegativity of element under arbitrary pressures
and the work function of materials composed of these elements.
Only in this way can we reveal the general rules behind electron
transfer at high-pressure conditions.

Here, we show an efficient and instant strategy informed by deep
learning, to obtain the electronegativity of elements fromH to Cm and
the relative work function of compounds composed of these elements
under arbitrary pressures up to 500GPa. Based on this, a unified for-
mula describing the changes of electronegativity on pressure and
electronic configuration was obtained by a symbolic regression algo-
rithm. It unlocks the quantitative dependence of relative work func-
tions on mineral compositions under continuously varying pressures.
By using the pressure-modulated relative work function as the case
study of applying electronegativity to geoscience, the phenomena of
generally increasing conductivity of minerals from the Earth’s crust to
the core and high-conductivity anomaly at the deep mineral dis-
continuity can be well interpreted. In particular, we reveal the electron
transfer rules in deep Earth driven by the enlarged interfacial work
function difference between two phases with increasing pressure. This
enables us to make new predictions on the redox reactivity order of
Fe(II)-bearingmineralswith H2O under high pressure, and discover the

great pressure-driven H2 production potential of silicate minerals
during ongoing subduction.

Electronegativity prediction under pressure via deep learning
The electronegativity dataset of this work came from density function
theory (DFT) calculations, including 96 elements (from H to Cm) and
under 4 different pressures (0, 50, 200, and 500GPa)17. The newly
calculated electronegativity from Dong and his co-workers appro-
priatelymodified the definition ofMulliken electronegativity for better
use at high pressures, and it used the enthalpy as the relevant ther-
modynamic potential within the framework of homogeneous electron
gas model. At zero pressure, Dong’s electronegativity has the same
energy unit as Mulliken electronegativity (eV) and also has a good
linear correlation with Pauling electronegativity (correlation coeffi-
cient R = 0.91). For example, the electronegativity of rubidium (Rb),
zinc (Zn), nitrogen (N) in Pauling scale is 0.8, 1.6, and 3.0, respectively;
while that is –0.8, 1.0, and 4.4 eV, respectively, in the Dong’s definition.
Although Dong’s electronegativity dataset has different reference
systems and specific data from the other two well-known electro-
negativity datasets, it successfully extends the applicability of evalu-
ating electron transfer trends between elements to high pressure
cases. The predicted stability of MgxFey compounds at pressures
above 100GPa accords well with the experimental observations17,
indicating Dong’s electronegativity after modifying Mulliken electro-
negativity is specifically suitable for high pressure cases.

Inspired by this useful dataset with limited 384 data points, the
deep learning model was used to obtain the electronegativity of these
96 elements under continuously varying pressures (0–500GPa), as
portrayed by the schematic in Fig. 1 (seeMethods). The relatively large
squared Pearson correlation coefficient (R2 = 0.987), small mean
absolute error (MAE = 0.283) and root-mean-square error (RMSE =
0.425) of the predicted results on testing set, suggest the good gen-
eralization ability of our model (Extended Data Fig. 1). Besides, the
predicted electronegativity values were also compared with those

Fig. 1 | Workflow designed to build deep learning and symbolic models for
predicting electronegativity (χ̂) and the pressure-modulated relative work
function (PR� ŴF). Firstly, augmented-descriptor was generated using operation
augmentation and symbolic transformer methods. Then, deep learning model
Dense Attention Network (DAN) made of densely connected Dense Attention (DA)
blocks fitted the data. Next, a trained DAN model was used to interpolate
electronegativity under different pressures, and symbolic regressionwas used to fit
explicit analytical expressions for the data of each partition in the periodic table.
The obtained unified formula is composed of one pressure-related exponential

term (denoted as A × ef(P)), one electronic configuration-related linear term (deno-
ted asB × f(e−)) and one constant term (C). Finally, deep learningmodelwas utilized
to calculate PR� ŴF of 5828 minerals, showing they have a strong compositional
dependence (ten composition-related classifications are labeled bybins in different
colors). Box-and-whisker plots show themedian (central line), 25th–75th percentile
(bounds of the box), and maximum–minimum values (whiskers). Wok function
difference can be employed in evaluating the tendency and direction of electron
(e-) transfer, for example, between oxidants (denoted as Ox) and reductants
(denoted as Re).
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DFT-calculated electronegativity of Li, C, N, Na, Mg, Ni and Au at 20,
40, 60, 80, and 100GPa (Extended Data Fig. 2). Although the dataset
used in deep learningmodelwasnot fromabove seven elements at five
pressure points, the high prediction ability (RMSE=0.367, MAE =0.115
and R2 = 0.990) demonstrated the deep learning model had an excel-
lent generalization performance.

The predicted results showed that the electronegativity
(denoted as χ̂) of all elements decreased with increasing pressure
(some representative elements are shown in Fig. 2a), which is
ascribed to the repulsive of nuclei against compression, making it
easier to remove electrons from neutral atoms (i.e., reduced
electronegativity)4,17. The χ̂ values of the seven representative ele-
ments belonging to different blocks of the periodic table are still
based on the homogeneous electron gas model with enthalpy as the
relevant thermodynamic potential. In the first dozen GPa, they
display a sharp decline trend as the pressure increases. And then as
the pressure continues to rise, they show a gentle decay trend.
Using nonmetal (O) as the reference element, the s-block (Mg), p-
block (Al) and ds-block (Cu) metals keep a much faster deceasing
trend of χ̂ at high pressure above 50 GPa, while noble gas (He), d-
block (Fe) and f-block metals (La) keep similar trends. This implies
the declining rate of χ̂ is pressure-dependent, and is also closely
related with the electronic configuration of atoms. The s-block, p-
block and ds-block metals are more sensitive to pressure. At high
pressure (for example, 350 GPa), element χ̂ in the periodic table was

found to present similar partitioned pattern as it presents at
ordinary pressure (Fig. 2b). Compared to transition metals located
in themiddle of the periodic table withmoderate χ̂ (–3 to –7 eV), the
more oxidizing elements in the upper right (such as F and O) have
larger χ̂ (mostly over −1), while themore reducing elements (such as
Rb and Cs) exhibit opposite behaviors. Those d-block metals with
more d electrons like d5, d6, d7, and d8 configurations have the χ̂ as
small as nonmetals. It can be concluded that the elements with
lower electronegativity at 0 GPa also show a more significant
decrease in electronegativity when compressed, indicating the
electronegativity of elements with different electronic configura-
tions varies to different degrees under pressure.

Electronegativity as a function of pressure and electronic
configuration
To deeply reveal the relationship between elemental χ̂ with pressure
and electronic configuration, we used symbolic regression as a
supervised machine learning method to obtain the empirical formula
named pressure-modulated electronegativity’s formula (see Fig. 1 and
Methods). The formulas that were individually fitted by elements in
different blocks (Fig. 2b) were obtained based on the consideration of
both the simplicity and fitting accuracy (RMSE < 0.89, MAE <0.75,
R2> 0.91, Extended Data Fig. 3). All obtained formulas present the
same form made of three addends (Eq. 1), including one pressure-
related exponential term (denoted as A × ef(P)), one electronic

Fig. 2 | The predicted electronegativity (χ̂) of elements in seven blocks varied
with pressure. a The predicted electronegativity of seven representative elements
belonging to different blocks as the function of pressure (0 to 350GPa with a 1 GPa
step). b The predicted electronegativity (χ̂) at 0 and 350GPa in the periodic table.

The periodic table is colored according to the magnitude of χ̂. Elements in the
periodic table are divided into seven blocks (s-blockmetals, p-blockmetals, d-block
metals, f-blockmetals, ds-blockmetals, noble gases, and nonmetals) based on their
electronic configuration.
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configuration-related linear term (denoted as B × f(e−)) and one con-
stant term (C), respectively. The specific values for coefficients A&B,
constant C and functions of f(P)&f(e-) are listed in Table 1.

χ̂ =A× e f ðPÞ +B× f ðe�Þ+C ð1Þ

The A × ef(P) term for all seven blocks are all exponential functions
with pressure (P) as the only variable in the exponent. The negative
coefficient in the linear function f(P) for the first six blocks (from
−0.043 to −0.019), and in A × e f(P) for ds-block metals (–1.628) all
demonstrate the negative correlation between electronegativity and
pressure. This mathematically proves that electronegativity decreases
exponentially with increasing pressure, but to different degrees
according to their positions in the periodic table. Particularly, the f(P)
coefficient of d-block and f-block metals (–0.037), nonmetals and p-
block metals (–0.019) is same, indicating their electronic properties
have extremely high similarity. This accords with the generally
accepted properties of materials, proving the rationality and accuracy
of our regression formula.

Besides pressure, valence electrons (denoted as ne) in s, p and d
orbits can also change χ̂, where more ne leads to a larger χ̂, according
well with the direct observation in the periodic table (Fig. 2b). Also, the
χ̂ of nonmetals, noble gas elements and ds-blockmetals all depend on
the principal quantum number (i.e., the period, denoted as n), while
more layers of electrons for nonmetals and noble gas elements instead
lead to a smaller χ̂. Furthermore, the f-block metals are only elements
relating with atomic number (denoted as Z). Notably, a larger Z can
result in a smaller electronegativity for f-block metals, such a negative
correlation can also be found in their other properties such as the well-
known radius lanthanide contraction. The negative constant term (C)
also impacts on χ̂, whose twominimumvalues belong to s-block and p-
block metals (–8.851 and –8.272, respectively). It indicates that under
the same pressure, they always keep a smaller χ̂ than the other
elements.

According to the changing pattern of χ̂ in different blocks (Fig. 2
and the pressure-modulated electronegativity’s formula), it can be
concluded that when the atom has fewer valence electrons in the
outermost shell such as less than two s electrons for alkali, alkaline
earth metals, copper-family and zinc-family metals, less than three p
electrons for p-block metals, less than five d electrons for d-block
metals, the increase in pressure leads to a more remarkable decease
in χ̂. More valence electrons in s, p and d orbits all can give rise to a
larger χ̂ (see the pressure-modulated electronegativity’s formula). This
could be ascribed to the metals with more electrons in p- and d-block
have stronger orbital localization. High pressure makes delocalized
electrons (s and fewer p, d valence electrons) to have a stronger ability
to flow out, thus presenting a smaller χ̂. Hydrogen atom (H) seems to

be an exception, as its s electron doesn’t result in a small χ̂ with
increasing pressure, instead it behaves more like a nonmetal. Actually,
according to the pressure-modulated electronegativity’s formula, χ̂ of
H is mostly intermediate between nonmetals and metals, enabling its
flexible ability to lose or gain electrons. However, when faced with
other metallic elements at high pressure, H is preferred as an oxidant
due to itsweakdependency of decreased χ̂ onpressure (Fig. 2b). Based
on these mathematical formulas, therefore, the changing rules con-
trolling electronegativity of individual elements at different pressures
no longer require extensive and systematic calculations, which can be
quantificationally andphysically interpreted inamore comprehensible
way. It should be pointed out that the regressed pressure-modulated
electronegativity’s formula and all predicted electronegativity values
arebasedonhomogeneous electron gasmodel and the enthalpy as the
relevant thermodynamic potential, while the electronegativity in other
reference systems can give different but completely comparable
results.

Pressure-induced high conductivity interpreted by mineral
work functions
For solid minerals, it is no longer suitable to use element electro-
negativity to evaluate the overall level of electronic states. Instead,
work function is highlighted since it takes orbital hybridization-
induced band structure into consideration11,12. One of the most
classical ways to estimate the work function of a compound is to
calculate the geometric mean of the Pearson absolute electro-
negativity values of its constituent atoms21,22. To avoid imaginary
numbers due to pressure-induced negative values in the prediction,
the arithmetic mean of the predicted electronegativity values of
constituent atoms was used to act as the predicted work function,
named pressure-modulated relative work function and denoted as
PR� ŴF. In fact, this calculation method gives the mean electro-
negativity of the whole mineral, in which the number of constituent
atoms is normalized to 1. Only in this way, it is reasonable to com-
pare the work function values of different minerals as the function
of pressure, because it completely offsets those differences from
pressure-induced differences in energy zero points. This estimation
actually yields the relative work function, which showed approx-
imate linearity with the experimental values (Extended Data Fig. 4).
Since PR� ŴF is derived from element electronegativity, it also
depends on the selected reference system. In practice, we should
use its relative value for comparison rather than the absolute value,
because the real work function is extremely hard to measure.
Considering that work function is a critical parameter related to the
average oxidation state of constituent atoms23, it is feasible and
effective to employ PR� ŴF as a new metric to evaluate the redox
state of a single mineral phase or to predict the tendency and
direction of electron transfer between different minerals under the
same pressure.

Actually, there are many structural factors besides chemical
composition that can alter the specific value of the work function. To
this end, density functional theory (DFT) was used to investigate the
impact of crystal structure and exposed surfaces on the calculated
work function (Extended Data Fig. 5). It is found that work function
values of different minerals with the same chemical composition but
different crystal structure or exposed surfaces are still similar, with a
standard deviation under 0.6 eV. Moreover, different chemical com-
position can cause significant work function changes, and we can
predict its relative magnitude well by using PR� ŴF. Therefore, even
though crystal structure and surface electronic state do affect the
Fermi level position and thus the work function, the constituent atoms
and their stoichiometry have a dominant influence when we compare
different compounds and reveal general rules.

The PR� ŴF values of 5828 currently approved minerals were
calculated and illustrated by their categories in Fig. 3a. At normal

Table 1 | The recommended values of constants (A, B, C)
and functions of (f(P), f(e-)) in the pressure-modulated
electronegativity’s formula for each element block in the
periodic table

Blocks A f(P) B f(e-) C

s-block metals 7.112 –0.043P 1.020 ne –8.851

p-block metals 7.171 –0.019P 0.980 ne –8.272

nonmetals 5.146 –0.019P 1:080ne ne –5.682ln(n)

d-block metals 5.857 –0.037P 0.376 ne –6.671

f-block metals 6.693 –0.037P –0.013 Z –5.518

Noble gas 6.359 –0.025P –0.704 n 0.383

ds-block metals –1.628 0.265ln(P) 0.451 n –0.674

A, B, C, ne, Z, and n in italic are all scalar variables.
The symbol ne, Z, and n represents the number of valence electrons, atomic number and the
principal quantum number, respectively.
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conditions (0GPa), halides have the highest PR� ŴF values, with
F-bearing minerals responsible for the high values. All O-dominated
minerals like borates, carbonates, oxides and silicates, have similar
PR� ŴF because of their high content of O. Sulfides have the second
smallest PR� ŴF values, while pure metals and metal alloys have the
smallest values. Moreover, PR� ŴF values of halides, sulfides and
metal alloys, as well as simple substances, are more dispersed due to
the different electronegativity of their nonmetals. Although the dis-
tribution range of PR� ŴF for 1540 silicates is less, the presence of
some elements in silicates, especially alkaline earth metals like Ca and
Mg, decrease PR� ŴF, which is in good agreementwith the prediction
of the pressure-modulated electronegativity’s formula. We compared
PR� ŴF of all minerals at 100GPa with those at 0GPa, and found that
the increase in pressure caused a significant decrease of ~4 eV for
PR� ŴF of almost allminerals (Fig. 3a). In particular, PR� ŴF ofmetal
alloys were reduced by more than 5 eV, and the maximum decrease
reached ~6.3 eV for a dozen Al-bearing metal alloys. It strongly sug-
gests that high pressuremakes themineralmore reduced and, to some
extent,moremetallizeddue to theweaker binding energy of electrons.
The fastest dropped PR� ŴF of theseminerals is closely related to the
delocalization of Al p electrons under high pressure. In deep regions,
the only well-recognized and abundant metal alloys should be Fe and
Ni, which exist in Earth’s corewith pressures exceeding ~136GPa. Thus,
their PR� ŴF values are relatively lower than those of overlying sili-
cates at the core-mantle boundary.

According to the well-known pyrolite model, the variations of
mineral phases and phase proportions with increasing depth and
pressure are shown in Fig. 3b. PR� ŴF continuously decreases with
pressure in the stable zone of each mineral phase, and particularly,
PR� ŴF drops sharply at the phase interface (Fig. 3b). Essentially,
compounds with lower work function would contain more free elec-
trons due to the weaker electron binding energy, implying that the
materials from the Earth’s crust to the core generally have increased
conductivity. More importantly, those interfaces with large contrast in
chemical compositions and work function may have a jump in con-
ductivity. The above inferences accord well with the current magne-
totelluric surveys24–27, that the conductivity in the Earth’s interior
almost increases with depth, and the high-conductivity anomalies
exactly locates at the boundaries like the 660 km discontinuity28 and
core-mantle boundary26,28 (Fig. 3b). In particular, the 660 km

discontinuity between upper ringwoodite ((Mg,Fe)2SiO4) and lower
ferropericlase have ~0.9 eV of work function difference (denoted
asPR� ΔŴF) and the nearly double enhancement of conductivity.
Similar interfacewas also discovered betweenmajorite and underlying
ferropericlase at ~800 km with ~1.2 eV of PR� ΔŴF and a three-fold
increase of conductivity.

Notably, the conductivity at the core-mantle boundary is
improved by more than an order of magnitude, not only due to the
existence of Mg in the post-perovskite with lower PR� ŴF than Fe-
bearing perovskite, but also the formation of ohmic contact-like
interface with extremely large PR� ΔŴF (~4.4 eV) that can drive the
directional flow of electrons from the Fe outer core (PR� ŴF as low as
–5.0 eV) to the upper silicates. Therefore, PR� ΔŴF at the interface is
proportional to the changes of deep conductivity to a certain extent.
The reason for such a dramatical decrease in PR� ŴF of the under-
lying minerals is the loss of nonmetal O and Si and the enrichment of
low-electronegativity metal like s-block Mg and d-block Fe, as pre-
dicted and interpreted by the pressure-modulated electronegativity’s
formula. Basedon this, it canbe further assumed that the existenceof a
large amount of complicated phase interfaces in the heterogeneous
deep Earth may be one of the reasons for the conductivity
inhomogeneity28.

Work function-informed redox reactivity between Fe(II)-bearing
minerals and water under high pressure
For systemswith different components, pressurehas different degrees
of influence on the energy3, in which the work function is one sig-
nificant quantitative index. At the mineral phase boundary, electrons
will spontaneouslyflow from thephasewith lowerwork function to the
other29,30, thus driving a possible redox reaction. Inside the Earth, the
reactivity of minerals with water is vital to our understanding of deep
element cycle6,31,32. Actually, natural oxides and silicates account for
more than90%of the totalweight of Earth’s crust.Most of themknown
as hydrous minerals (such as mica and hornblende) and nominally
anhydrousminerals (such as pyroxene and quartz), contain up to a few
hundred parts per million H2O in form of OH group, especially in the
mantle transition zone16,33–35. Since silicates are the essential rock-
forming minerals, the reactivity between Fe(II)-bearing silicates and
surrounding water through electron transfer-dominated redox
reactions during rapid deep subduction deserves to be pondered

Fig. 3 | The pressure-modulated relative work function (PR� ŴF) of minerals
varied with mineral classifications, pressure, and depth. a PR� ŴF values of
5828 currently approvedminerals at 0 and 100GPa. Eachmineral in corresponding
categories is represented as black dot in the box chart. The mineral compositions
and classifications are referred to the Mindat database (https://www.mindat.org/).
Box-and-whisker plots show the median (central line), 25th–75th percentile

(bounds of the box), and maximum–minimum values (whiskers). b PR� ŴF of
minerals in the pyrolite model with varying depth and pressure. The conductivity
(denoted as σ in S/m) profiles from some references are plotted to compare with
the change of work function. Shown in yellow dashed lines are the regions of high-
conductivity anomaly.
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deeply. We calculated the PR� ΔŴF between H2O and 12 representa-
tive silicate minerals as well as wüstite, magnetite, siderite up to 5GPa
(Fig. 4). The relative magnitude of PR� ΔŴF suggests that the che-
mical reactivities of Fe(II)-bearing silicate minerals with H2O increases
with pressure, and follows the order of olivine > pyroxene >
hornblende > phyllosilicate. The predicted order of activity: magne-
tite > fayalite > hedenbergite, accords well with the experimental
results of H2 production

31. Under less high pressure, H2 would be the
only possible product rather than hydrides when H2O accepts elec-
trons. Predictably, olivine and its high-pressure polymorphism wad-
sleyite and ringwoodite may perform high reactivity with H2O and H2-
producing activity up to the 660 km discontinuity (~24GPa). Such a
prediction has been verified by a recent study that directly observed
inclusions from the lower mantle containing ringwoodite, OH groups
and H2 molecules35. Based on DFT calculations, it is found that oxides
and silicates minerals that are superficially bonded with protons (i.e.,
forming adsorbed OH groups) would have considerably decreasing
work function bymore than 2 eV (ExtendedData Fig. 6). Such a change
in work function actually comes from the change in the surface
molecular environment and electronic state, suggesting the robust
electronic interaction betweenmetal-bearingminerals and surfaceOH
groups.

Inmost cases, OHgroups aredirectly bonded tometals suchas Fe,
Mg, Ca even at dozens of gigapascals36. According to the pressure-
modulated electronegativity’s formula, with the increase of pressure,
the electron transfer tendency from metal to oxygen is strengthened
due to the increasing Δχ̂ between metal and oxygen. So, it is the
pressure that induces the non-uniform changes in the electronic states
of different atoms3,4, which could expand the degree of overlapped
density of state and thus enhance the metal-to-ligand (OH) electron
transfer. Consistent with Marcus’ electron transfer theory2, the reac-
tion rate of electron transfer between the electron donor and acceptor
is proportional to the square of electronic coupling, which strongly
depends on the two geometric factors affecting the overlap of elec-
tronic wavefunction, i.e., their distance and orbital orientation.
Although the orientational dependence on pressure is unknown, it is
easy to conclude that pressure could promote reaction rates at least
from the perspective of enhancing the overlap of electronic wave-
function through shortening the distance between donor and

acceptor. As a result, the reduced distance betweenmetal and bonded
OH group under pressure facilitates the electron transfer between
them, which might bring about dehydrogenation, following H2 pro-
duction and even decomposition of hydrous silicate minerals37,38.

Furthermore, according to the pressure-modulated electro-
negativity’s formula, we propose that some common transition
metals like Ni and Co substituting Fe would increase the whole PR�
ΔŴF of Fe(II)-bearing minerals because of the more d valence elec-
trons in Ni and Co than Fe. Instead, the improvement in redox
reactivity between Fe(II)-bearing silicates and water can be found in
the substitution of Al for Si, ascribed to the highly delocalized
valence electrons of Al at high pressure as discussed above. It is thus
concluded that Fe(II)-bearing minerals, although some of them
were rarely mentioned in research works, may be robust H2-pro-
ducing agents and significant sources of mantle H2 under suffi-
ciently high pressure (for example, in subduction processes). These
predicted reactionsmay provide a new pathway to producemass H2

throughout the deep Earth, thus playing considerable roles in
controlling oxygen fugacity. Moreover, the pressure-induced redox
reactions may also occur between metal-bearing minerals (for
example, Fe(II)-bearing silicate minerals) and inorganic carbon (for
example, carbonates or carbon dioxide) with the increasing depth
in Earth’s interior, and give rise to methane and other organics, due
to the increasing work function difference between them. The
above inference has been verified through the direct observation
from the deep inclusions, in which there were reduced abiotic
products such as methane, diamond in the process of low-
temperature cold subduction39,40. It should be noted that tem-
perature can not only greatly alter the concentration and state of
surface adsorbed species, but also effectively promote the reaction
rate according to Arrhenius equation. Further work related to
temperature effect on electronegativity and work function deserves
more theoretical and experimental efforts. But considering the
relativity of electronegativity and work function, the comparison
between different minerals under the same conditions (i.e., same
pressure or temperature) is of significant practical value.

Further implications
Until now, we know very little about the behavior and mechanism of
electron transfer in the deep regions of Earth’s interior. Full appre-
ciation of the Earth’s deep redox processes and the ways in which they
influence the element cycle of Earth’s interior, require further unveil-
ing of the electron transfer rules among minerals, fluids, melts and
volatiles. Our study suggests the weakening binding energy of elec-
trons in individual atoms and the enlarged interfacial work function
difference between metals and nonmetals under pressure, greatly
activate the electron transfer reactions in the deep Earth. Note that the
element electronegativity is an essential parameter to correlate with
bond energy, covalent radius and polarization and so on, the depen-
dence of electronegativity on pressure and electronic configuration
shown in our predicted formula therefore could be extended to
understanding other thermodynamic properties (such as formation
energy and ionization energy). Improved applications of pressure-
induced electron transfer can also be further developed in other fields,
including but not limited to batteries, electrocatalysis, sensors and
electromicrobiology.

Methods
Electronegativity data preparation and deep learning method
Element electronegativity dataset. The element electronegativity
dataset includes 96 element electronegativity (from H to Cm), calcu-
lated by the density functional theory (DFT) method under 4 pressure
values (0, 50, 200, and 500GPa)17. The dataset containing only
96 × 4 = 384 data points is slightly small, which might lead to over-
fitting in deep learning models.

Fig. 4 | The pressure-modulated relative work function difference (PR� ΔŴF)
between Fe(II)-bearing minerals and water as the function of pressure. The
composition of silicate minerals refers to International Mineralogical Association
(IMA) database (https://rruff.info/ima/). The symbol “Wus”, “Mag”, “Ol”, “Px”, “Hbl”,
“PLS”, “Sd” represents wüstite, magnetite, olivine, pyroxene, hornblende, phyllo-
silicate, siderite, respectively.
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To diminish the impact of small dataset and build reliable deep
learning models, it is important to design relevant features that col-
lectively capture the electronegativity trends acrossdifferent elements
and pressure values. The features should be discriminative enough to
uniquely represent an element. Thus, in line with the definitions and
properties of an element, we design three sets of feature descriptors:
(1) the electronic structure set, to represent valence electron of ele-
ments; (2) the physical property set, to represent element physical
properties; and (3) the periodic table location set, to describe the
position of element in the periodic table. Different subtypes of
descriptors in each set, along with their counts, are provided in
Extended data Table 1. Considering the particularity of lanthanide and
actinide metals (such as lanthanide shrinkage), we additionally intro-
duce pseudo row number and pseudo group number to encode the
position of element in the periodic table. Pseudo row number is the
standard row number except for the lanthanoids and actinoids, which
are 8 and 9, respectively. Pseudo group number refers to the standard
group number except for the lanthanoids and actinoids either. It
encodes La-Lu and Ac-Lr from 3 to 17. To sum up, the elemental elec-
tronegativity dataset consists of 384 data points, where each com-
poses of 12-dimensional input features (11-dimensional element
descriptor shown in Extended data Tables 1 and 1-dimensional pres-
sure) and 1-dimensional output electronegativity.

Feature augmentation. The distribution of input features has a great
impact on the performance of neural network. In order to reasonably
fit data with deep learning network, features were augmented through
operation augmentation and symbolic transformer. The feature aug-
mentation workflow was presented in Extended Data Fig. 7. Operation
augmentation, using groups of functions to generate augmented fea-
tures, was performed on the initial 12-dimensional features. In this
paper, square, logarithm, square root and reciprocal operations,
represented by x2,logð∣x + 1:0∣Þ,

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

∣x∣+ 1:0
p

, 1
x + 1:0, respectively, were

used to generate another four augmented features for each original
feature and thus increase the dimensionality of features from 12 to 60.
Then symbolic transformer41 was performed on the 60-dimensional
augmented features. The process of the symbolic transformer is as
follows. Firstly, a set of compact closed-form formulas using symbolic
regression42 is established, which uses genetic algorithm to combine
algebraic expressions stochastically. Secondly, suitable formulas are
screened out based on Pearson correlation coefficient between the
predicted value of formula and the ground truth. Thirdly, in order to
avoid generating collinear features which make the model training
process unstable, those formulas with the least correlation to one
another among the suitable formulas are added as new features. In this
work, 200 suitable formulas which are linear combination of 60 aug-
mented features were screened out as candidates. Finally, 10 formulas
with the least correlation to one another among 200 suitable formulas
were picked up as new features. By this way, the dimensionality of
features was increased from 60 to 70 after symbolic transformer
method.

Dense attention network (DAN). To tackle the problem of small
dataset which might lead to overfitting, we proposed Dense Attention
Network (DAN), a specialized architecture to learn from data with
small size. As shown in Extended Data Fig. 7, DAN leverages “dense
connection” and “self-attention” mechanisms to overcome the diffi-
culties of training on small data. First, DAN composes of densely
connected Dense Attention (DA) blocks, which encourage feature
reuse and propagation. Furthermore, it is observed that dense con-
nection has a regularization effect43, which reduces overfitting on tasks
with small training set. Second, each DA block consists of a trunk
network and a branch network. The trunk network is a 3-layer feed-
forward neural network, in which the first two layers use multi-head
self-attentionmodule (MSA) for embedding. MSA is good at capturing

the intrinsic relevance of features and choosing salient features to
reason, which improves model performance44. The last layer of the
trunk network uses linear projection operator to fuse the embedding
vectors and output 1-dimensional predictions. The branch network of
DA block is directly connected to the output predictions via a linear
skip-connection, which is an effective technique to improve the per-
formance and convergence of deep neural network. Linear skip-
connection can relieve the difficulties in optimization due to non-
linearity by propagating a linear component through the neural net-
work layers45.

Hyperparameters of DAN, including dimensions of embedding
tensor, learning rate and batch size, were determined using Bayesian
optimization46, which is a state-of-the-art hyperparameters optimiza-
tion method. The details of hyperparameters settings are presented in
Extended data Table 2.

The element electronegativity dataset was split into training set
and testing set with the ratio of 9:1. We train DAN using Smooth L1 loss
shown in Eq. 2, in which ypred is DAN predicted element electro-
negativity and ygt is the corresponding ground truth. The definition of
smooth L1 function is shown in Eq. 3.

L=SmoothL1ðypred � ygtÞ ð2Þ

SmoothL1ðxÞ=
0:5x2 if∣x∣< 1

∣x∣� 0:5otherwise

(

ð3Þ

To further alleviate the problem of easy overfitting due to small
training set, we also used k-fold bagging ensemble method to reduce
the variance ofmodels47.K-fold baggingmethod separates the training
set into k folds to train k base models (k – 1 fold for training and 1 fold
for validation) and ensembles k base models by averaging the output
of the basemodels. In thiswork,we set k = 5 and trained 750 epochs for
each DAN base model. During training the base model, we further
adopted data augmentation (Extended data Table 2) through adding
Gaussian noise to input features and labels to avoid overfitting of the
base model. Also, the strategy of early stop was used, so that the
overfitting would be alleviated.

Model performance and ablation studies. In this work, root-mean-
square error (RMSE), mean absolute error (MAE) and squared Pearson
correlation coefficient R2 were used to assess the performance of ele-
ment electronegativity regression task. Baseline methods include
TabNet48, NeuralNetFastAI47, CatBoost49, LightGBM50, XGBoost51 and
Random Forest52. The comparison results of the element electro-
negativity regression models are summarized in Extended data
Table 3. DAN model achieves RMSE 0.425,MAE 0.283, and R2 0.987 in
the testing set, which are the best among those methods. This indi-
cates that our proposedmodel DANhas good generation performance
in the task of element electronegativity prediction, thus obtaining
more accurate work function calculation results.

In order to further verify the effectiveness of our proposed
training strategies, ablation experiments were performed and the
results are listed in Extended data Table 4. We take 3-layer Multilayer
Perceptron (MLP) with linear skip-connection as a baseline and gra-
dually add the above strategies to see their impact on the model per-
formance. As shown in Extended data Table 4, feature augmentation
methods (operation augmentation and symbolic transformer), model
mechanisms (self-attention and dense connection) and ensemble
learning method (5-fold bagging) all have a positive effect on model
performance improvement.

Element electronegativity symbolic model synthesis
After training the element electronegativity prediction DAN model, a
black box functionϕ that can predict the electronegativity of elements
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under different pressure values was obtained. In order to reveal the
influence of element descriptors and pressure on electronegativity, we
used the symbolic regression package PySR53 to fit closed-form analy-
tical expressions to ϕ. The analytical expression fitting process is
explained in details as follows. Firstly, black box function ϕ is used to
interpolate the electronegativity under different pressure values.
Secondly, theperiodic table arepartitioned into several blocks (s-block
metals, d-block metals, f-block metals, noble gas, nonmetals, p-block
metals and ds-block metals) according to valence electrons, since
element electronegativity is strongly dependent on the valence elec-
trons (Fig. 2b). Finally, symbolic regression, a supervised machine
learningmethod42, was used to fit analytical expressions to the data of
eachpartition and substituted the expressions into themodel to create
an alternative symbolic model.

Analogous to Occam’s razor, the “fitness” of each expression is
defined in terms of simplicity and accuracy. The process of selecting
the best analytical expression53 is as follows. Firstly, multiple candidate
analytical expressions are provided at different complexity levels,
where complexity is scored as the number of operators, constants and
input variable. The simplicity and accuracy of each formula are mea-
sured by complexity and mean square error (MSE), respectively. For-
mulas with higher complexity andMSE will be screened out. Secondly,
formulas are sorted in ascending order by complexity. The “fitness” of
each formula is measured by fractional drop f d in Eq. 4, in which ci �
ci�1 represents the difference of adjacent complexity and logðMSEi �
MSEi�1Þ is the difference of corresponding logarithm of MSE. Finally,
the analytical expression that maximizes the fractional drop is con-
sidered as the best formula. The performances of analytic expression
corresponding to each block are shown in Extended Data Fig. 3.

f d
i = � logðMSEiÞ � logðMSEi�1Þ

ci � ci�1
ð4Þ

Symbolic regression uses genetic algorithms to assemble analy-
tical functions, which is essentially a brute force procedure, so the
symbolic model search space scales exponentially with the number of
input variables and operators. To reduce the search space of symbolic
models, the input variables considered in the symbolic model fitting
process are only 11-dimensional original element descriptor (Extended
data Tables 1) and 1-dimensional pressure rather than 70-dimensional
augmented features. The operators considered in the symbolic model
fitting process are addition, subtraction, multiplication, division,
logarithm and exponent.

Computational details of deep learning
All the deep learning experiments were performed on one NVIDIA RTX
2080Ti graphics processing unit with 11GB of memory. We write our
DAN with PyTorch and train it using Adam optimizer54. The package
PySR53 is used to model the output data of our DAN through symbolic
models.

Work function calculation based on density function theory
The work function was calculated using the VASP 6.2.1 code55,56. The
plane-wave basis set was applied in the framework of the projector
augmented wave (PAW) method57. The exchange-correlation energy
was determined using the generalized-gradient approximation (GGA)
defined by Perdew and his coworkers58. Valence electrons included O
2s22p4, Si 3s23p2, S 3s23p4, Al 3s23p1, Zn 3d104s2 and Ti 3p63d24s2 was
chosen. TheDFT +UmethodwithU–J = 4.2 eVwasused todescribe the
strong correlationof the localized Ti 3d states59. According to previous
researches, the most stable crystal surfaces for TiO2

60, ZnS61 and
Al2SiO5

62 were selected. According to the size of crystal lattice, 4–8
layers thickness were chosen. The vacuum layer thickness was chosen
to be 20Å to avoid the effects of periodic structures. The atomswithin
the range of the bottom layer of 5 Å were fixed to simulate the bulk

phase structure. The K-point was generated by VASPKIT 1.3.063 code
and K-mesh Resolved Value was set to 0.04 by Gamma Scheme. All
structures were fully relaxed until the residual force converged to less
than 0.02 eV/Å. The energy cutoff was set was to 400 eV. The total
electronic energy converged to less than 10–6 eV. Furthermore, the
work function was calculated as the difference between the average
electrostatic potential in the vacuum and the Fermi energy of the slab,
which got from the static calculations and the ecteronic energy con-
verged to less than 10–8 eV.

Data availability
Source data are provided with this paper in the Source Data file. The
collected element electronegativity dataset and the experiment data
are available at https://github.com/GCaptainNemo/Electronegativity-
Under-Pressure and https://doi.org/10.5281/zenodo.770984464.

Code availability
The source code of Dense Attention Network and the experiment
scripts are publicly available at https://github.com/GCaptainNemo/
Electronegativity-Under-Pressure and https://doi.org/10.5281/zenodo.
770984464.
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