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Abstract As technologies progress, the development of

new mechanical systems demands the rapid determination

of friction coefficients of materials. Data mining and

materials informatics methods are used here to generate a

predictive model that enables efficient high-throughput

screening of ceramic materials, some of which are candi-

date high-temperature, solid-state lubricants. Through the

combination of principal component analysis and recursive

partitioning using a small dataset comprised of intrinsic

material properties, we develop a decision tree-based

model comprised of if-then rules which estimates the

friction coefficients of a wide range of materials. This data-

driven model has a high degree of accuracy with an R2

value of 0.8904 and provides a range of possible friction

coefficients that accounts for the possible variability of a

material’s actual friction coefficient.

Keywords Ceramics � Statistical analysis �
Tribology databases � Unlubricated friction

1 Introduction

In mechanical design, the ability to accurately predict the

tribological behavior of the individual mechanical com-

ponents is essential for maximizing performance [1]. As

such, an appropriate set of guidelines for estimating the

friction coefficients of new materials will be of great

benefit when designing parts for applications where sur-

faces will be in sliding contact. Experimentally, the

frictional response of a material is determined using

methods such as the surface force apparatus (SFA) [2–4],

atomic force microscopy (AFM) [4–7], and tribometry

[8–10]. In addition, computational approaches, including

molecular dynamics (MD) [11–13] and density functional

theory (DFT) [14, 15], have been shown to provide

atomic-level information regarding the frictional behavior

of materials.

With the present progression of modern technologies, an

advancement of the means for the rapid discovery of the

frictional responses of materials is of the utmost impor-

tance. Materials informatics is emerging as an essential

tool for materials research, in which data mining, statistical

inference, and materials science are combined for the

purpose of accelerating the rate of new material design and

discovery. This approach provides versatile guidelines

through the prediction of desirable properties of new

materials quickly and accurately [16–20] that can be used

for the extraction of as yet unknown links between material

properties. Thus, while avoiding conventional trial-and-

error strategies, this data-driven method identifies the

hidden relationships in a large collection of complex data

and correlates them as predictive rules to develop new

materials. By finding appropriate candidate materials in a

high-throughput manner, the materials space can be

effectively searched for a given application.
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In the field of tribology, several properties of ceramic

materials, some of which are candidate high-temperature,

solid-state lubricants, have been linked to friction coeffi-

cients. For example, a study by Erdemir shows that there is

an inverse relationship between a solid oxide’s friction

coefficient and its ionic potential, which is defined as the

ratio of the material’s cationic charge to the cationic radius

[21]. For materials with a higher ionic potential, there is

strong screening of the cations by the surrounding anions

resulting in the cations having little to no chemical inter-

actions with other cations, which in turn leads to lower

friction coefficients. On the other hand, for materials with a

lower ionic potential the cation screening is reduced, which

enables them to form strong ionic or covalent bonds that

increase the friction coefficient. Another study indicates

that solid oxides display a similar inverse correlation

between the friction coefficient and the absolute electro-

negativity, since materials with higher electronegativity

have a stronger hold on their binding electrons, making

interfacial chemical bond formation more difficult and

leading to lower friction coefficients [22].

From the above findings for solid-state oxides we

hypothesize that additional measurable correlations exist

between intrinsic material properties and the friction

coefficients of similar chalcogenide materials as well as

less similar materials. For this study, we utilize a material

dataset comprised of 16 different material properties for 38

inorganic ceramics and minerals, including a variety of

binary chalcogenide minerals and other non-chalcogenides.

Utilizing this dataset, we develop a robust and accurate

data-driven model for estimating the friction coefficient of

various classes of ceramic materials through the combined

use of multivariate data mining algorithms for the selection

of important model parameters and for the construction of

predictive models.

The rest of this article is organized as follows. Section 2

describes the experiments that were performed to obtain

the friction coefficients used for some of materials along

with the details of the compilation of our material dataset;

this section also describes the materials informatics meth-

ods that are used to develop our predictive model. In Sect.

3, the results of each process used in the development of

the model are given followed by a discussion of the model

in Sect. 4, including its advantages and the implications

that could arise from its use. Finally, the conclusions are

given in Sect. 5.

2 Methodology

2.1 Details of Material Samples and Experimental

Testing

2.1.1 Microtribometry

The tribological properties of 24 ceramic samples, which

are given in Table 1, were investigated using a pin-on-disk

tribometer. Due to the toxic nature of some of these sam-

ples two separate pin-on-disk tribometers were used, one

under a fume extracting hood and one in a clean room

environment in open air at an ambient temperature of

22 �C and relative humidity of 25–40 %. Both instruments

achieved contact pressure through a dead-weight load of

1N. Rotary motion was accomplished via a spindle

attached to a servo motor which encompassed a rotary

encoder for position feedback. The spindles are designed

such that they are capable of speeds in the range of

0.3–500 rpm, which is adjusted based on the wear

track radius in order to obtain a linear sliding velocity of

50 mm/s. The wear track radius was adjusted using a cali-

brated motorized stage. The friction force was measured by a

linear force transducer and a flexure with known calibration

constants. The tests were conducted until a steady state

friction coefficient was developed to avoid averaging any

transients in the friction map.

2.1.2 Samples and Preparation

For these experiments, specimen acquisition mandated

multiple sample forms. In particular, three main types of

sample forms were used as outlined in Table 1. The min-

eralogical samples in Sample Set 1 were set in one inch

Table 1 List of materials and

their forms for tribometer

experiments

Sample Set 1 Sample Set 2 Sample Set 3

Mineralogical

samples

Single crystal optical

window samples

Crystalline pieces

(\6 mm)

Ag2S SiO2 MgF2 CdS PbSe

Cu2S ZnS NaCl NiS Cu2Se

FeS2 ZnSe KCl Sb2S3 NiTe

PbS BaF2 KBr CoSe

MoS2 CaF2 GaAs

YPO4 CdTe

212 Tribol Lett (2012) 47:211–221

123



epoxy molds. Once the epoxy was cured, the samples were

polished with aluminum oxide abrasive discs in steps up to

1,200 grit to expose the mounted specimen. These one inch

disks were then mounted in the tribometer and run against a

6.35 mm diameter ruby sphere.

Sample Set 2 consisted of single crystal optical windows

used as the running surface. Optical windows are favorable

substrates in friction testing due to their high magnitude of

flatness (2k at 632.8 nm), their high magnitude of paral-

lelism (B3.5 arcminutes), and their low surface roughness

(Ra of 4.36 nm). The pin was again a 6.35 mm diameter

ruby sphere.

For Sample Set 3, the testing specimens were crystalline

pieces of sizes between 3 and 6 mm. Samples in this set

were based off an assay of trace metals all with values over

99.5 %. These samples were used as the running pin due to

their small size. The substrates used for this group of

experiments were 25 mm diameter sapphire optical win-

dows. To avoid cross-contamination between the samples,

each test was run at a different radius on the sapphire

window and the window was cleaned with a laboratory

wipe and methanol.

2.2 Data Compilation

To develop our predictive model we used a material dataset

comprised of 16 intrinsic properties for 38 different inor-

ganic minerals (see Table 2 in Appendix). The friction

information for 24 of the minerals was obtained in the

manner described in Sect. 2.1 while, the friction coeffi-

cients for the remaining 14 minerals were obtained through

a review of the available literature as indicated in the table.

The selection of properties in the dataset was made in such

a way that the material properties can be either easily

attained or calculated so that the resulting model may be

more readily utilized for predicting the friction coefficients

of a database containing new materials.

We calculated the ionic potential as the ratio of the

mineral’s cation charge to the cation radius as defined by

Erdemir [21] where the cation charge is the formal charge

necessary to balance the mineral’s chemical formula. The

percent ionicity was calculated as [23],

%IP ¼ 1� exp �0:25 vA � vBð Þ2
� �� �

� 100 ð1Þ

where vA and vB are the electronegativity (EN) of the anion

and the cation on the Pauling scale, respectively, with EN

difference being the term (vA-vB) from Eq. (1). From the

crystal structures for each of the minerals, we defined the

Rij distance as the nearest neighbor bond length between

cation and anion; we also determined interplanar spacing as

the distance between adjacent planes of atoms, generally

orthogonal to the cleavage plane. In order to determine the

electrostatic potential energy for the minerals, we used the

General Utility Lattice Program (GULP) [24] to calculate

the single-point electrostatic lattice energy of a periodic

unit cell of each mineral which we then normalized to the

electrostatic potential energy per atom by dividing by the

number of atoms in the unit cell. From this electrostatic

potential energy, we calculated the Madelung constant for

the cation as [25],

Mi ¼
Eel4pe0Rij

e2zi
ð2Þ

where Eel is the electrostatic potential energy per atom

from GULP, e0 is the permittivity of free space

(8.8542*10-12 C2 J-1 m-1), e is the charge of an electron

(1.6022*10-19 C), zi is the cation charge, and Rij is the

nearest neighbor distance between cation and anion.

2.3 Materials Informatics

2.3.1 Principal Component Analysis

The first method used in the materials informatics analysis

of the data set was principal component analysis (PCA),

which is a multivariate dimensionality reduction method in

which the dimension of the original, usually correlated,

variable space is transformed into a new latent variable

space referred to as principal components (PCs) which are

effectively an independent linear combination of the ori-

ginal variables [26]. In particular, the data matrix X

(Table 2) is decomposed into two matrices U and V which

are orthogonal each other. That is,

X¼USVT ð3Þ

where S is the diagonal matrix of the eigenvalues. The

products US and V are called the score matrix and loading

matrix, respectively. The PCs are the eigenvectors of the

covariance matrix in which the covariance of each

component shows how the variables are varied from the

mean value with respect to each other in the data matrix;

the covariance between variables x and y, cov(x, y), is

defined in the manner described by,

cov x; yð Þ ¼ n� 1ð Þ�1
Xn

i¼1

xi � �xð Þ yi � �yð Þ: ð4Þ

The first PC accounts for the maximum variance

(eigenvalue) in the original dataset, while the second PC

is orthogonal (i.e., uncorrelated) to the first and accounts

for most of the remaining variance. Thus, the nth PC is

orthogonal to all others and has the nth largest variance in

the set of PCs. Transforming the original to this new

coordinate system in the high dimension, PCA seeks

operational benefits for the visualization and recognition of
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the major pattern of data structure in the reduced

dimensional PC space with minimum information loss. In

particular, the relationships among the samples and those

between the variables shown in the scores and loadings

plots, respectively, play an important role in the

classification of the samples by projecting them onto the

reduced dimensional hyperplane and the selection of key

variables by minimizing the redundancy among a large

number of probable variables.

2.3.2 Recursive Partitioning (Regression Tree)

Recursive partitioning divides the feature space into a set of

rectangles based on the relationship between the attributes

and the class values. The recursive partitioning method is

based in different statistical measures depending on whe-

ther the variables are categorical or continuous. When the

variables are categorical, the partitioning method is called a

classification tree as it is based on predicting classes in each

of the sub groups. In contrast, when the variables are con-

tinuous it is called a regression tree as one is trying to

predict the output value for each of the subgroups. The

general idea of recursive partitioning is to group similar

observations (i.e., materials having similar friction coeffi-

cient) by splitting the feature space into smaller subsets of

the group members which have the highest similarity. A

regression tree is a graphical expression of the classification

of observations according to the similarity, which is deter-

mined by the sum of squared deviations from their average

value, of the values of the predictor variables. That is, the

error sum of squares (SS) is described by,

SS ¼
Xn

i¼1

ðyi � cÞ2 ð5Þ

The best possible splitting values among predictor

variables are determined based on the following

optimization condition,

min
j;k

min
c1

X
xi2R1

ðyi � c1Þ2 þmin
c2

X
xi2R2

ðyi � c2Þ2
" #

ð6Þ

where R1 and R2 are the subsets given by R1 =

{X | Xj B k} and R2 = {X | Xj [ k}, and j and k are the

splitting variable and the split value, respectively. In

addition, c1 and c2 are the average values in each parti-

tioned subspace R1 and R2, i.e., c1 = average (yi | xi 2 R1)

and c2 = average (yi | xi 2 R2).

2.3.3 Variable Evaluation

To select the best model parameters in the case under

consideration here, we applied two different criteria, i.e.,

variable importance in projection (VIP) and error SS

measures of the importance of each variable. As there is no

single best method for the evaluation of parameters, our

approach is to combine the suggestions of the two methods;

that is, the parameters commonly suggested by both criteria

are taken to be the most significant ones.

In partial least squares regression, the relative contri-

bution of each parameter is evaluated using the measure of

VIP [27]. Suppose there are p latent variables (Li; where

i=1, 2, …, p) selected from n independent variables (Xj;

where j=1, 2, …, n) and usability evaluation score. Wij

represents the loading vector between the latent variable Li

and the independent variable Xj. The sum of squares, ssi

denotes the variance explained by the latent variable Li of

the model,

Xp

i¼1

ssi W2
ij ð7Þ

ðVIP)2 ¼
Pp

i¼1 ssi W2
ijPp

i¼1 ssi
ð8Þ

Equation (7) shows the variance indicated by Xj. The

ratio of the variance explained by Xj to the total variance

implies the relative influence of each independent variable

(Xj) on the total variance in Eq. (8). In general, the cutoff

value based on the VIP score for the selection of a model

parameter is unity. That is, a predictor variable is selected

as a model parameter if the VIP value is [1 as the mean

value of (VIP)2 equals to unity. Similarly, in a regression

tree model, the error SS is used as a measure of the

contribution of individual variables. That is, the variation

of the SS due to the partitioning is calculated for each

variable and the relative significance is compared for the

variable selection.

3 Results

The first step in applying materials informatics to the tri-

bological dataset given in Table 2 in the Appendix is to

apply the PCA approach for dimensional reduction of the

multivariate data, thus revealing the major pattern of

the complicated data structure while maximizing the vari-

ability contained within the dataset. From the PCA we find

that the first 3 PCs capture 34.9, 30.9, and 11.7 % of the

variability, respectively, or 77.5 % of the total variance

within the original data matrix. This implies that selecting

the first two PC axes already reflects more than 65 % of the

information of the original data of 15 variables.

The two primary results obtained from the PCA are

scores and loadings plots which are illustrated in Fig. 1.

The scores plot in Fig. 1a shows the interrelationships

between the samples within the dataset relative to the first

and second PCs. The graph indicates that there is a

214 Tribol Lett (2012) 47:211–221
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noticeable grouping based on material chemistry, which

distinguishes among the oxides, chalcogenides, and halides

within the dataset. It is noteworthy that the halides are

located in the first and second quadrants, while the mate-

rials in which the anionic components correspond to the

oxygen group in the periodic table, i.e., oxides and chalc-

ogenides, are mostly located in the third and fourth quad-

rants. This implies that the major contribution of the PC2

dimension is the separation based on the anionic elements

between oxygen and the halogen groups. Note that one data

point, GaAs, which corresponds to the pnictide group, is

located in the cluster of chalcogenides.

The loadings plot in Fig. 1b indicates which material

properties are influential and how the properties are related

to each other within the plane of the first two PCs. As

mentioned in Sect. 2.3.1, each PC is a linear combination

of the original variables (i.e., material properties); thus, the

large magnitude coefficient (PC loading) of a variable

indicates the high dominance of the variable on the PC.

Also, as a set of loading values is given by the cosine of

angles between PCs and original variables, the relative

positions of the vectors in the loading plot show the cor-

relations among the variables. The clustering of properties

within the loadings graph designates that those properties

are positively correlated. Likewise, when the properties in

the graph are spatially similar yet separated by the origin,

the properties are inversely correlated. When two proper-

ties are highly correlated, it suggests that only one of the

properties needs to be included in the analysis since both

properties provide similar information [18]. From Fig. 1b

we determine that some of the variables are highly corre-

lated including, for instance, cation charge and ionic

potential, EN difference and percent ionicity, melting

temperature and average hardness, molar weight and den-

sity, and cation radius and electrostatic potential. The

inverse relationships are also apparent between cation

radius, ionic potential and cation charge, between EN dif-

ference and density, between Rij distance and average

hardness, and so on. The loadings plot is thus used for the

effective selection of model parameters while minimizing

the redundant use of similar variables.

In order to identify the key model parameters, we

employed two criteria, i.e., VIP and SS for the quantitative

measure of the relative significance of each material

property as detailed in Sect. 2.3.3. The results of these

analyses are given in Fig. 2. For the VIP method, if the

important value for a given property is higher than unity,

the property is considered to be an important parameter for

building the predictive model. Figure 2a indicates that nine

different properties (molar weight, EN difference, anion

EN, cation EN, melting temperature, interplanar spacing,

Madelung constant, percent ionicity, and Mohs hardness)

are significant indicators of friction coefficient based on the

VIP analysis. The SS analysis, provided in Fig. 2b, indi-

cates that seven properties (density, cation EN, melting

temperature, Rij distance, Madelung constant, cation radius,

and cation charge) are significant indicators of the same

property. Together, the VIP and SS methods overlap in

identifying three significant material properties (cation EN,

melting temperature, and Madelung constant) which we

used as the foundation to build our data-driven friction

model.

Friction coefficients, rather than being strict, finite val-

ues, are highly dependent upon testing parameters such as

the details of the testing machine and environmental con-

ditions. It is well-established that changes in these condi-

tions can lead to significant variations in measured friction

values [21]. Due to the inherent complexity of friction

measurements, a traditional regression to formulate a pre-

dictive equation for friction coefficient is not likely to be an

ideal solution. Consequently, we have implemented the

recursive partitioning method to develop our predictive

friction model. Through recursive partitioning, the mate-

rials data that include complex features, such as nonlinear

Fig. 1 Principal component analysis a scores plot and b loadings plot

for PC1 versus PC2
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behaviors, are subdivided into smaller subsets in which the

materials with similar expectation values in the parameter

space are grouped together. From the results of the parti-

tioning of the parameter space, a series of if–then predic-

tive rules for the material properties were generated that

provided a range of probable friction coefficients for the

materials.

To develop our predictive model, we began with the

three material properties identified to be most significant by

the VIP and SS analyses; however, since three parameters

are insufficient for generating a predictive model, we have

included other parameters identified as important in Fig. 2

in order to maximize the R2 value for the model. In par-

ticular, we found the best combination of material prop-

erties using the seven properties identified by the SS

analysis shown in Fig. 2b. The results for the optimum

predictive model are given in Fig. 3 as a dendrogram of the

if–then rules developed using these seven material

properties.

A comparison between the experimental friction coef-

ficients and the predicted values using this model is pro-

vided in Fig. 4. It indicates a high level of accuracy as

evidenced by the R2 value of 0.8904; however, before we

can truly attest to its accuracy it is important to apply an

appropriate means of validation. We have accomplished

this through a leave-one-out (LOO) cross-validation [28] of

the friction model. In this approach, the dataset is divided

into two subsets. From these subsets, different predictive

models are generated with one dataset (i.e., test data)

Fig. 2 a Variable importance and b SS analysis used to determine

parameters to include in recursive partitioning

Fig. 3 Dendrogram for

estimation of friction coefficient

from recursive partitioning

216 Tribol Lett (2012) 47:211–221

123



always being removed for validation of the respective

predictive models built with the remaining dataset (i.e.,

training data). From the LOO cross-validation, the R2 value

decreased to 0.8193; the minor decrease of the predict-

ability of the model demonstrates the robustness and

accuracy of the model for estimating the friction coefficient

of new materials. Thus, using the data-driven approach

described here, one can search new candidate materials

with low friction coefficient in a high-throughput manner

prior to exhaustive experimentation.

4 Discussion

The robust and effective prediction of friction coefficient

would accelerate the optimization of tribological design for

mechanical systems. As such, this data-driven model

allows for the rapid determination of the friction properties

of ceramics by quickly filtering candidate materials on the

basis of their intrinsic properties. It is well known that the

frictional properties of most materials vary with conditions,

such as ambient air versus vacuum or dry environments

[21, 29–32] or room temperature versus cryogenic or high

temperatures [7, 32–34]; this dependence on conditions

was not accounted for here, and is expected to influence the

predictive ability of our model. Additional changes in the

experimental tribological set-up such as rate of sliding and

contact pressure, as well as variations in the counterface,

could also lead to further discrepancies between a mate-

rial’s measured friction coefficient and the estimated value

provided by our model. Nevertheless, this approach pro-

vides a means that is new to the tribological community

for the high-throughput screening of candidate materials

through identifying the key parameters and their collective

effects responsible for macroscopic friction behavior of

materials and linking them as an efficient materials design

tool.

From the if–then rules for the friction model provided in

Fig. 3, it is clearly shown that density may be used as the

first criterion to differentiate low and high friction coeffi-

cient materials, while the melting temperature and cation

radius were also identified as important parameters. High

friction coefficient materials are designated based primarily

on density and the EN of the cation, but they are further

separated through melting temperature, Rij distance, and

cation charge. It is particularly noteworthy that the if–then

rules consist of four parameters: density (C6.9 or\5.6 g/cc),

Madelung constant, melting temperature (\1511 K), and

cation radius (\0.76 Å) for the screening of candidate

ceramic materials with low friction coefficients (\ca. 0.25).

As such, this predictive model indicates that these four

material properties should be checked first when design-

ing new solid-state ceramic materials for low friction

applications.

5 Conclusions

We have used multivariate data mining algorithms to

develop a predictive model for estimating the coefficient of

friction of a variety of classes of ceramic materials. We

have shown that fundamental descriptors of materials that

capture information ranging from crystal structure to

electronic structure have a strong influence on the deter-

mination of the friction coefficient in the class of materials

used in this study. This data-driven approach for quan-

titative assessment of the relative influence of these

parameters, using complementary approaches to data

classification and dimensionality reduction, helps to lay the

foundation for further studies in predictive modeling and

tailoring materials for specific tribological characteristics.

By applying the new computational materials design plat-

form shown here, we will be able not only to predict a

material’s friction coefficient but also to filter through

possible elemental combinations from the periodic table

and predict the coefficient of friction for previously

unknown compounds.
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Appendix

See Table 2.

Table 2 Material dataset with 16 properties and 38 materials used to develop predictive model for friction coefficient

Chemical

formula

Structure/phase Friction

coefficienta
Mohs

hardnessb
Formal

cation

charge

Cation

radius

(Å)d

Ionic

potential

Percent

ionicity

(%)

Madelung

constant

Electrostatic

potential

(eV/atom)

MgO Periclase 0.425 [21] 5.50 2 0.72 2.778 67.833 -1.747 -23.904

SiO2 Quartz 0.449 7.00 4 0.40 10.000 44.728 -1.474 -52.773

Al2O3 Corundum 0.400 [21] 9.00 3 0.54 5.556 56.709 -1.216 -28.334

ZnO Zincite 0.700 [21] 4.00 2 0.74 2.703 55.113 -1.642 -23.885

CuO Tenorite 0.400 [37] 3.50 [38] 2 0.77 2.597 44.728 -1.365 -20.199

FeO Wustite 0.600 [21] 5.00 [38] 2 0.55 3.636 47.692 -1.747 -23.350

MoO3 Molybdite 0.235 [21] 3.50 [39] 6 0.69 8.696 33.608 -1.392 -61.521

NiO Bunsenite 0.500 [21] 5.50 2 0.69 2.899 44.302 -1.747 -24.150

V2O5 Shcherbinaite 0.310 [21] 3.25 [40] 5 0.79 6.329 55.914 -1.486 -58.475

TiO2 Rutile 0.450 [21] 6.20 4 0.86 4.651 59.445 -1.600 -47.076

SnO2 Cassiterite 0.500 [21] 6.50 4 0.69 5.797 42.166 -1.600 -44.890

ZrO2 Baddeleyite 0.500 [21] 6.50 4 0.72 5.556 67.144 -1.660 -43.753

Ag2S Acanthite 0.101 2.30 1 1.15 0.870 10.024 -1.576 -8.921

WS2 Tungstenite 0.043 [41] 2.50 [42] 4 0.60 6.667 1.203 -1.283 -30.666

PbS Galena 0.202 2.50 2 1.19 1.681 1.550 -1.747 -16.957

Cu2S Chalcocite 0.315 2.80 1 0.77 1.299 10.917 -1.567 -9.791

MoS2 Molybdenite 0.220 1.30 4 0.69 5.797 4.314 -1.283 -30.486

FeS2 Pyrite 0.200 6.30 2 0.55 3.636 13.118 -0.791 -10.070

ZnS Sphalerite 0.527 3.80 2 0.74 2.703 19.445 -1.637 -20.141

Sb2S3 Stibnite 0.300 2.00 3 0.76 3.947 6.782 -1.551 -25.842

CdS Greenockite 0.370 3.30 2 0.95 2.105 17.965 -1.642 -18.681

NiS Millerite 0.240 3.30 2 0.69 2.899 10.616 -1.626 -20.321

MoSe2 Drysdallite 0.060 [43] 2.00 [44] 4 0.69 5.797 3.731 -1.283 -29.257

ZnSe Stilleite 0.490 5.00 [42] 2 0.74 2.703 18.331 -1.637 -19.222

GaSe P63/mmc 0.230 [45] 2.00 [46] 2 0.62 3.226 12.794 -1.039 -12.054

CoSe Freboldite 0.280 2.75 [47] 2 0.65 3.077 10.616 -1.706 -19.832

Cu2Se Berzelianite 0.490 2.70 [42] 1 0.77 1.299 10.024 -1.554 -8.855

PbSe Clausthalite 0.190 2.75 [42] 2 1.19 1.681 1.203 -1.747 -16.375

CdTe Zinc blende 0.718 3.00 [46] 2 0.95 2.105 4.115 -1.637 -16.810

NiTe Imgreite 0.280 4.00 [48] 2 0.69 2.899 0.898 -1.706 -18.566

GaAs Zinc blende 0.405 4.50 [46] 3 0.62 4.839 3.365 -2.455 -43.357

CaF2 Fluorite 0.372 4.00 2 1.00 2.000 89.140 -0.839 -10.224

BaF2 Frankdicksonite 0.392 2.50 [38] 2 1.35 1.481 90.810 -0.839 -9.009

MgF2 Sellaite 0.429 5.00 2 0.72 2.778 83.174 -0.801 -11.583

NaCl Halite 0.303 2.00 1 1.02 0.980 71.155 -0.873 -4.461

KCl Sylvite 0.319 2.00 1 1.38 0.725 74.561 -0.873 -3.999

KBr Rock salt 0.379 1.50 [46] 1 1.38 0.725 68.174 -0.873 -3.813

YPO4 Xenotime 0.357 4.50 3c 0.90c 3.333c 52.884 -2.804c -51.689
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Table 2 continued

Chemical

formula

Interplanar

spacing (Å)

Rij

distance (Å)

Melting

temperature (K)e
EN of

cationf
EN of

anionf
EN

differencef
Density

(g/cc)e
Molar

weight (g/mol)g

MgO 2.106 2.106 3,098 1.31 3.44 2.13 3.600 40.304

SiO2 1.500 1.610 1,995 1.90 3.44 1.54 2.648 60.084

Al2O3 1.327 1.855 2,327 1.61 3.44 1.83 3.990 101.961

ZnO 1.796 1.981 2,247 1.65 3.44 1.79 5.600 81.380

CuO 1.277 1.948 1,500 1.90 3.44 1.54 6.310 79.545

FeO 2.155 2.155 1,650 1.83 3.44 1.61 6.000 71.844

MoO3 2.102 1.956 1,075 2.16 3.44 1.28 4.700 143.960

NiO 2.084 2.084 2,230 1.91 3.44 1.53 6.720 74.693

V2O5 2.303 1.831 9,54 1.63 3.44 1.81 3.350 181.880

TiO2 1.983 1.958 2,116 1.54 3.44 1.90 4.170 79.866

SnO2 2.057 2.054 1,903 1.96 3.44 1.48 6.850 150.709

ZrO2 1.290 2.187 2,983 1.33 3.44 2.11 5.680 123.223

Ag2S 2.072 2.546 1,098 1.93 2.58 0.65 7.230 247.801

WS2 3.124 2.411 1,523 2.36 2.58 0.22 7.600 247.970

PbS 2.968 2.968 1,386 2.33 2.58 0.25 7.600 239.300

Cu2S 1.427 2.306 1,402 1.90 2.58 0.68 5.600 159.157

MoS2 2.980 2.425 1,458 [50] 2.16 2.58 0.42 5.060 160.090

FeS2 1.464 2.264 1,444 [50] 1.83 2.58 0.75 5.020 119.975

ZnS 1.913 2.342 1,973 1.65 2.58 0.93 4.040 97.440

Sb2S3 1.915 2.594 823 2.05 2.58 0.53 4.562 339.715

CdS 2.599 2.532 1,753 1.69 2.58 0.89 4.826 144.476

NiS 1.635 2.306 1,249 1.91 2.58 0.67 5.500 90.758

MoSe2 3.118 2.527 1,473 2.16 2.55 0.39 6.900 253.880

ZnSe 2.004 2.454 1,790 [51] 1.65 2.55 0.90 5.650 144.340

GaSe 3.184 2.484 1,233 1.81 2.55 0.74 5.030 148.680

CoSe 1.325 2.479 1,328 1.88 2.55 0.67 7.650 137.890

Cu2Se 1.460 2.529 1,386 1.90 2.55 0.65 6.840 206.050

PbSe 3.074 3.074 1,351 2.33 2.55 0.22 8.100 286.200

CdTe 2.291 2.806 1,365 [51] 1.69 2.10 0.41 6.200 240.010

NiTe 1.339 2.648 1,133 [52] 1.91 2.10 0.19 8.384 [53] 186.293

GaAs 1.999 2.448 1,511 1.81 2.18 0.37 5.318 144.645

CaF2 1.366 2.366 1,691 1.00 3.98 2.98 3.180 78.075

BaF2 1.550 2.685 1,641 0.89 3.98 3.09 4.893 175.324

MgF2 1.981 1.992 1,536 1.31 3.98 2.67 3.148 62.302

NaCl 2.820 2.820 1073.7 0.93 3.16 2.23 2.170 58.443

KCl 3.146 3.146 1,044 0.82 3.16 2.34 1.988 74.551

KBr 3.300 3.300 1,007 0.82 2.96 2.14 2.740 119.002

YPO4 2.243 2.345c 2,268 [54] 1.71 3.44 1.74 4.800 [35] 183.877

a All friction coefficients from tribometry experiments detailed in Sect. 2.1 unless otherwise stated
b All Mohs hardness values from CRC Handbook: Physical and optical properties of minerals [35] unless otherwise stated
c Value specific to yttrium ion
d All ionic radii from Gersten et al. [36]
e All melting temperature and density values from CRC Handbook: Physical constants of inorganic compounds [49] unless otherwise stated
f Electronegativity values on the Pauling scale
g Molar weights according to the National Institute of Standards and Technology
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