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Data Conclusion
 Sample: US common stocks listed on NYSE, Amex, and NASDAQ * ML models generate more accurate predictions for firm-level growth than the conventional linear regression model
 Target variable: one-year-ahead investment-to-assets (IA) * Consistent with the investment CAPM, expected growth predicts stock returns positively controlling for past growth
* Predictors: 43 features covering 6 categories (growth opportunities, * The ML-based expected growth measure can be useful in other applications

market expectation, profitability, risk, financing, and life cycle)

* The OOS predictions are monthly from June 1969 to December 2020
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