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Abstract: The digital transformation of engineering cost industry meets the requirements of fine management and high-quality
development of construction industry, so the project cost prediction based on machine learning is of great significance to the digital
transformation of engineering cost. In this paper, the cost data of residential projects in Chengdu, China are collected, cleaned and
reduced in dimension, and the data set is divided into training set and verification set. Thereafter based support vector machine (SVM)
regression, random forest regression, the lasso regression and BP neural network model, using the training set of training data for
machine learning model, after the last training model to forecast the validation set of data, the forecast cost and actual cost far less

than 5%, satisfies the requirement of engineering cost estimation of error.
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