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In the study, the mechanism of oxidation of Ti and its alloys are clarified using both of first principles calculations and machine learning. 
First, using first-principles calculations, we identified the mechanisms of the oxidation of α-Ti surfaces. In addition to the case of pure Ti case, the effect of alloying elements was also systematically analyzed. It is shown that the result of oxidation resistivity of alloys can be analyzed with their electronegativity. Next, we built a machine learning model to predict the parabolic rate constant, kp, for high temperature oxidation of Ti alloys. Exploring the experimental studies on high-temperature oxidation of Ti alloys, the dataset for machine learning was built. It is shown that the model can predict kp well. 
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Introduction
Titanium (Ti) and its alloys are used for high-temperature components of jet engines, implants and sports equipment because of their superior mechanical properties with being light weight [1]. Their high affinity for oxygen, particularly at elevated temperatures, severely limits their application above 650℃. Therefore, it is important to develop oxidation-resistant Ti alloys. There are many basic researches through experiments to understand the effect of alloys elements in Ti alloys. For example, the oxidative behavior of Si-containing Ti-6Al-4V alloys in air was studied by Maeda et al. [2], and the effect of different alloying elements on the tensile strength and oxidation properties of α- and near α-Ti alloys has been outlined by Kitashima et al. [3]. While, it is important to perform theoretical investigation of oxidation mechanism in Ti and its alloys. In the study, the mechanism of oxidation of Ti and its alloys are clarified using both of first principles calculations based on density functional theory (DFT) and machine learning models. 
Calculation
First principles calculation
To identify the mechanisms of the oxidation of α-Ti surfaces, first-principles calculations were performed [4-7] using the Vienna Ab initio Simulation Package [8] and Quantum Espresso [9]. We constructed an asymmetric 11-layer Ti slab to represent the α-Ti(0001) surface as shown in Fig. 1. Typically, each layer is constructed by 4×4 atoms. The four bottom layers of the slab were kept fixed at the bulk distance while other atoms were allowed to relax. A sufficient vacuum region (16-20 Å) was introduced in the [0001] direction to avoid any spurious interaction. In addition to the case of pure Ti case, the effect of alloying elements was also systematically analyzed considering their electronegativity. In the study, we considered alloying with Zr, Hf, Nb, and Mo (d-block) as well as Al, Ga, Si, and Ge (p-block) elements, which are most widely studied alloying elements for Ti. The segregation of alloying elements was studied by substituting Ti with alloying elements. They were substituted at different layers to understand the preferred substitution sites. 
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Figure 1. Side view of the α-Ti(0001) slab model [4-7].
To understand the stability of the adsorbed oxygen atom on the pure and alloyed Ti surface, the adsorption energies () were estimated using the Eq. (1),
                                       (1)
where , ,  and  are the total energies of the system containing the surface and the adsorbed species, the clean surface, and the O2 molecule in the gas phase, respectively. To compute the minimum energy path and barriers for the diffusion of O atoms from the surface to the subsurface layer, the climbing image based nudged elastic band (CI-NEB) method [10] was performed. Results were analyzed using the electronegativity difference between Ti and alloying element. 
Machine learning model 
We built a machine learning model to predict the parabolic rate constant, , for high temperature oxidation of Ti alloys [11-12]. Here,  is defined by Eq. (2) in the unit of g2cm-4s-1, 
       			              (2)
where  is the mass gain per unit area during oxidation and t is the time during which the oxidation was performed. Exploring the experimental studies on high-temperature oxidation of Ti alloys, we built our dataset for machine learning. Apart from the alloy composition, we included the constituent phase of the alloy, temperature of oxidation, time for oxidation, oxygen and moisture content, remaining atmosphere, and mode of oxidation testing as the independent features, while  was predicted as the target feature.
Results and Discussion
First principles calculation
At first, by analyzing the segregation energy, it is found that all the alloying elements prefer to be present on the surface. Therefore, we constructed models where the alloying element is segregated at the surface. Then, Fig. 2 [7] shows the finally obtained relationship between diffusion barrier of oxygen atom from the surface to subsurface, , and ΔEN, the electronegativity difference between Ti and the alloying element, at different oxygen coverages θ = 0.06, 0.50, and 1.00 ML (mono layer). 
Figs. 2(a) and (b) show the case of d- and p-block elements, respectively. Generally, it is observed that  reduces when θ increases. The lowering of the barrier as a function of ΔEN is due to the stronger (weaker) binding of the surface O atom in the presence of alloying elements that are less (more) electronegative than Ti, which suggest a stronger driving force for the diffusion process. This means that the results suggest that doping Ti with a more electropositive element will be more effective to hinder the early oxidation. It is shown that the relationship almost reproduces the experimental observation of the alloying element dependence of mass increase due to oxidation [3].













Figure 2. Relationship between diffusion barrier and ΔEN at different oxygen coverage. Plots for (a) d- and (b)p-block elements.  [7].

Machine learning model
[image: ]Fig. 3 shows the relationship between the experimental and predicted values of  in the case of Gradient Boosting (GB) model [11], where the coefficient of determination R2 of 0.92. 
Figure 3. Relationship between the experimental and predicted values of  for the Gradient Boosting (GB) [11].
Fig. 4 and 5 show the Pearson’s correlation coefficient (PCC), which measures the statistical relationship between two continuous variables and provide the information about the magnitude of the association. These Figs.  indicate that alloying elements with a negative PCC such as Al, Zr, Si, Nb, and Ta increases the oxidation resistance while elements such as Fe, Cr, V show positive PCC showing that they have detrimental effect on the oxidation. It is shown that the predicted  values for some Ti alloys using the model qualitatively agrees well with the corresponding experimental values [12].
[image: ]

Figure 4. Graphical representation of the PCC between the alloying elements and ln(kp) [11].
[image: ]

Figure 5. Graphical representation of the PCC between the different remaining features and ln(kp)  [11].

Summary
In the study, the mechanism of oxidation of Ti and its alloys are clarified using both of first principles calculations and machine learning model. The effect of alloying elements was systematically analyzed and showed that electronegativity can be used as a good indicator to oxidation resistance. Furthermore, it is shown that our machine learning model reproduces the experimental value well. The knowledge gained from the study can be used to design novel Ti alloys with excellent resistance towards high-temperature oxidation.
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