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Abstract
The present study employed two different machine-learning approaches, the extreme gradient boosting (XGB) and light

gradient boosting machine (LGBM), to predict a compressive deformation behavior of additively manufactured Ti-6Al-4V.

Such approaches have rarely been verified in the field of metallurgy in contrast to artificial neural network and its variants.

XGB and LGBM provided a good prediction for elongation to failure under an extrapolated condition of processing parameters.

The predicting accuracy of these methods was better than that of response surface method. Furthermore, XGB and LGBM with

optimum hyperparameters well predicted a deformation behavior of Ti-6Al-4V additively manufactured under the extrapolated

condition. Although the predicting capability of two methods was comparable, LGBM was superior to XGB in light of six-fold

higher rate of machine learning. It is also noted this work has verified the LGBM approach in solving the metallurgical problem

for the first time.
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samples additively manufactured at laser power of (a)
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