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Background: 

Increased demand for stronger, longer lasting and more sophisticated materials systems is  

adding pressure to the materials engineering industry to decrease the time span from materials  

research to materials deployment.  Some tools that are typically used to accomplish this task are  

Trend Analysis, Data mining, Materials Informatics, and Computational Materials Science.  

These methods can provide effective ways to reveal suitable candidate materials for high  

temperature tribological applications. 

Objectives: 

The first objective is to develop databases for selecting suitable candidate materials for  

high temperature tribological applications and begin to populate these databases with materials 

property data.  The next objective is to perform Trend Analysis, data mining, and informatics on  

materials property data to determine which properties have an impact on tribological behavior. 

Finally, we will select suitable candidate materials based on trends and property correlations  

observed in the data and then compare them with experimental results. 

Discussion/Results: 



An experimental database was constructed using File Make Pro for the purposes of 

selecting suitable candidate materials for tribological applications.  The database currently 

contains over 1500 materials which can be sorted by various specific materials properties. 

Examples of these properties include, but are not limited to, space group, density, hardness, 

melting temperature, chemical formula, lattice parameter, Shear Modulus, Elastic Modulus, Bulk 

Modulus, and cleavage planes.  File Maker Pro provides a great deal flexibility as to what type 

and how much information can be added for each material.  Documents, pictures, Quick Time 

files, Crystal Maker files, and websites can all be added for each material entry.  File Maker Pro 

also allows for manipulation of the graphical user interface (GUI) which enables the database to 

be designed to meet specific needs, as well as capabilities to sort by materials properties. 

 

Figure 1: Sample material data from File Maker Pro database. 

 

 Trend analysis between materials properties was performed to determine which 

properties have an influence on tribological behavior.  Three structure types are investigated 



which include lamellar having secondary bonding between layers, layered having primary 

bonding between layers, and not layered.  It was found that the majority of materials with a 

lamellar structure have low hardness values, materials with layered structure have a range of 

hardness values from low to high, and non-layered materials show a tendency towards higher 

hardness values.  Also, lamellar structures and materials with lower hardness values appear to 

show lower coefficients of friction than materials with higher hardness (Figure 2).   

 

Figure 2: Trend analysis of the influence of structure on the density and hardness of each 

material (left) and frictional properties of certain materials available in literature as a function of 

hardness and structure (right) 

 

 From Literature, we found that as Ionic Potential (Ƶ/r) increases, the coefficient of friction 

decreases for binary oxides. In oxides with high ionic potential, cations are well screened by 

anions so they have little or no interactions with other cations preventing strong covalent 

bonding.  This will lead to a material that is soft with a low hardness value.
1
 We then applied this 

trend to sulfides and selenides and observed similar behavior.  We have also determined that the 

electronegativity difference may also play a role in the tribological behavior of materials because 



it is a measure of the tendency to attract electrons which gives an idea about the bond strength 

between two atoms.   

Based on observed trends in the data we can try to develop an empirical formula to 

describe the frictional behavior of these materials. 
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Where: 

χ=Electronegativity Difference 

Ƶ/r=Ionic Potential where Ƶ is the cation charge and r is the ionic radius. 

Ai=constant 

Bj=constant 

µ0=constant  

If we can predict the coefficient of friction for oxides, selenides, and sulfides based on this 

formula (Figure 3), we can then apply this to all materials to select suitable candidate materials 

for tribological applications (Table 1, Table 2, and Figure 4).  Once it is determined which 

materials properties have the most influence on the frictional behavior of materials, principles of 

data mining and materials informatics will be used such that new candidates for solid lubricants 

can be obtained.  



 

Figure 3: Comparison of experimental and empirically derived friction coefficients for oxides, 

sulfides, and selenides 

 

Table 1: Comparison of coefficients of friction found both experimentally using a pin-on-disk 

tribometer and with our empirical formula 
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Material Empirical

Average µ Standard Deviation µ

Ag2S 0.1010 0.0545 0.6512

Cu2S 0.3151 0.0842 0.3089

PbS 0.2023 0.0422 0.4492

MoS2 0.2199 0.0935 0.1617

FeS2 0.1999 0.0508 0.2521

As4S4  0.6441 0.1731 0.2120

(Fe,Zn)S 0.5266 0.1456 0.2782

Experimental



Table 2: Database materials with predicted friction coefficients of < 0.25 

 

 

 

Figure 4: Predicted friction coefficients for many materials from our database 

 

 

 

Material Predicted µ Material Predicted µ

GeS 0.0368 Sn2S3 0.1251

GeS2 0.0368 ZrTe 0.1322

GeSe 0.0427 Zr2Te 0.1322

GeSe2 0.0427 TeP3 0.1992

CrTe3 0.0658 As2S3 0.2120

P4S6 0.0662 As4S4 0.2120

P4S3 0.0662 As4Se4 0.2143

P15Se 0.0680 B8S16 0.2337

Pd6P  0.0782 Sc2Te 0.2349

UTe5 0.1121 FeS 0.2521
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Informatics:   

Materials Informatics is the science of information and it can provide effective 

visualization schemes for multidimensional data.  Informatics can also be used for data 

reduction, classification, trend analysis, factor analysis, and noise reduction.  One of the typical 

uses for Materials Informatics is to provide methods to quickly survey a large amount of process 

variables coupled to the screening of many different materials.  This allows for high throughput 

screening of many materials simultaneously.  

One of the tools used in informatics is Principle Component Analysis (PCA).  PCA is a 

mathematical procedure that allows you to transform a data set by normalizing the data and 

reducing it to descriptive vectors which are components that describe the variability in the data.  

This transformation is defined in such a way that the first principle component (PC) has 

the most variability in the data and the second PC has the second most variability in the data and 

so on.  The PC’s are derived from eigenvectors of the covariance matrix of a data set with the 

mean subtracted.  We can reduce PC’s of lesser significance to reduce the dimensionality of the 

data.  Once the PC’s have been calculated, they can be overlaid on top of the original dataset and 

then rotated in such a way that the PC’s become the new x and y axis.  Figure 5 shows a loads 

plot with multiple variables in each quadrant.  Data points in the same quadrant that are close to 

each other show a strong correlation where data points that are diagonal to each other in separate 

quadrants will be inversely correlated to each other.  Each data point represents a materials 

property such as hardness, Young’s Modulus, or yield stress. 
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Figure 5: Loads plot from PCA
2 

 

A correlation matrix for performed using Bivariate Correlations which computes Pearson  

correlation coefficients.  Correlations measure how different variables rank orders are related and  

it is a measure of a linear association between variables.  The correlation matrix (Table 3) shows  

what variables are correlated to friction coefficient.  Variables that are most closely linearly  

related to friction coefficient are poisson ratio, melting temperature, C44, Elastic Modulus, and  

Shear Modulus.  Negative values of coefficients for Coefficient of Thermal Expansion (CTE)  

shows that Coefficient of friction is increasing in value as the other variable decreases.    

Table 3. Bivariate Correlation Matrix  



 

PCA was conducted on materials in our database using SPSS statistical software.  A 

varimax rotation was employed to capture the maximum variance in the data.  The rotated 

component matrix shows that the majority of the variance is captured in the first principle 

component. 



 

Table 4. Rotated Component Matrix 

Rotated Component Matrix
a
 

 
Component 

1 2 

Ionic Potential (Z/r) .999 -.034 

Ave Hardness .983 -.184 

Debye Temp .976 -.219 

Melting Temp (K) .995 -.096 

Electronegativity Difference -.994 .108 

Ave u .741 .671 

 C44 (Gpa) .996 -.090 

E(Gpa) .996 -.087 

G(Gpa) .997 -.083 

B(Gpa) .986 -.166 

Poisson Ratio -.796 .606 

Thermal Conductivity(W/mK) -.924 -.382 

Coefficient of Themal Expansion 

(1/K) 

-.608 .794 

Refreactive index .996 .086 

Density .038 .999 

Extraction Method: Principal Component Analysis.  

 Rotation Method: Varimax with Kaiser Normalization. 

a. Rotation converged in 3 iterations. 

 

 

 

A Scree Plot (Figure 6) shows how the variance in the data is distributed among the 

principle components.  In this plot, 83% of the variance is described by the first principle 

component and the remaining 17% of the variance is described by the second principle 

component.  The first two PCs extracted accounted for 100% of the variance in the data which is 

shown in table 5. 

 

 



Table 5. Total variance explained 

Total Variance Explained 

Component 

Initial Eigenvalues Extraction Sums of Squared Loadings Rotation Sums of Squared Loadings 

Total % of Variance Cumulative % Total % of Variance Cumulative % Total % of Variance Cumulative % 

1 12.360 82.398 82.398 12.360 82.398 82.398 12.246 81.643 81.643 

2 2.640 17.602 100.000 2.640 17.602 100.000 2.754 18.357 100.000 

3 1.541E-15 1.027E-14 100.000       

4 8.721E-16 5.814E-15 100.000       

5 5.847E-16 3.898E-15 100.000       

6 4.265E-16 2.844E-15 100.000       

7 2.443E-16 1.629E-15 100.000       

8 1.173E-16 7.823E-16 100.000       

9 -9.551E-17 -6.367E-16 100.000       

10 -1.544E-16 -1.029E-15 100.000       

11 -2.851E-16 -1.900E-15 100.000       

12 -3.716E-16 -2.477E-15 100.000       

13 -4.822E-16 -3.215E-15 100.000       

14 -8.659E-16 -5.773E-15 100.000       

15 -1.865E-15 -1.243E-14 100.000       

Extraction Method: Principal Component Analysis. 

 

 

 

Figure 6. Scree Plot showing how the variance is distributed among the PCs.   



A PCA loadings plot (Figure 7) shows some of the variables that cluster have strong correlations 

between each other.  The loadings plot also shows that friction coefficient is correlated with both 

PCs.  Also, Thermal Conductivity will have an inverse correlation with friction coefficient. 

 

 

 

 
 

Figure 7. Loads Plot from PCA on Tribology database. 

 

 

 

 

 

 

 



A summary of how PCA works is given in Figure 8. 

 

 
  Figure 8. Summary of PCA.
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Future Work: 

 The goal of this project is to continue to look for trends that have an impact on 

tribological behavior using the tools in materials informatics.  We will continue to mine materials 

property data to obtain as many materials properties for as many materials as possible.  We will 

also continue to perform PCA on our expanding data base to elucidate all possible correlations 

between materials properties and friction coefficient.  Once we know which trends have are 

important in determining friction coefficient for oxides, selenides, and sulfides, we can then 

apply these methods to all of the materials in our database.  These methods will allow us to 

develop suitable candidate materials for high temperature tribological applications in a much 

more efficient method than traditional trial and error experimental techniques.  
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