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The random forest algorithm is built on the decision tree model. It reduces correlations among trees by bootstrapping samples and randomly selecting features, and it averages the results of multiple decision trees to estimate the outcome variable. This method derives causal inferences in a data-driven manner, with credibility stemming from two aspects: first, it generates a smooth estimate of the average treatment effect (ATE), with predictions centered around the conditional average treatment effect (CATE); second, the estimation results satisfy asymptotic normality. Furthermore, compared to traditional nonparametric estimation methods such as nearest neighbor matching or kernel regression, the random forest algorithm is not affected by the "curse of dimensionality," thus, with its superior predictive power, it can achieve more precise counterfactual simulations (Athey & Imbens, 2016; Athey et al., 2019).
Traditional random forest uses the mean value of  decision trees as prediction as following:
(1) For each , generate a sub-sample; (2) Generate decision trees recursively partitioning each subsample. (3) Make prediction:
              (1)
where  represents the leaf node corresponding to the sample with feature variables  in the -th tree, ​ represents the subsample used to generate the -th tree. 
Decision trees use the estimation error within each child node after splitting as the basis for determining whether to continue splitting. Equation (2) presents the splitting criterion for each decision tree at the i-th division (focusing only on regression trees here):
              (2)
where  represents the ’s leaf node under the splitting of 。From the perspective of variance analysis, the above splitting criterion essentially requires the minimization of within-group variance.
Next, we introduce the Generalized Random Forest model (Athey et al., 2019). Unlike decision trees, Generalized Random Forests estimate the treatment effect  within each node (e.g., the mean of the treatment group  minus the mean of the control group  within each node). Here, the splitting criterion aims to maximize the heterogeneity among the split nodes, ensuring that the treatment effects within the same child node are as similar as possible, and the treatment effects across different nodes are distinctly different. The splitting rule at this point is:
              (3)
where  represents the parent node, and ​ represent the two child nodes after splitting.  denotes the expected value of the treatment effect in different nodes. Athey et al. (2019) demonstrated that this is equivalent to
        (4)
where  represents the purity of the parent node, a value that is only related to  and independent of the splitting process, thus can be considered a constant during a given node division.  represents the difference between groups.  represents the weighted sum of prediction errors for the two branch nodes, measuring the within-group variance. Overall, this formula requires the minimization of variance in the estimated effects within groups and the maximization of heterogeneity between groups. 
The specific operation is as follows: First, under the assumption of exogeneity, that is, , a consistent estimate of the average treatment effect can be calculated using the following formula:
                  (5)
where   represents the propensity score, indicating the probability of individual  receiving treatment given the covariates , and  represents the predicted value of  given  The superscript  in and  denotes the out-of-bag estimate, meaning that the prediction results are derived from the decision trees in the random forest that did not use the th sample as part of their training set. Further apply formula (5) to estimate the heterogeneous treatment effects:"
(6)
where  represents the regularization term, used to control the complexity of the estimated function  The  in the above formula is the estimation function for the conditional average treatment effect given . Through this function, the average treatment effect for each individual, can be obtained, allowing for segmentation within the traditional random forest model framework.
Random forests are commonly understood as an ensemble method: the predictions of a random forest are the average of the predictions made by its decision trees. However, as discussed by Athey et al. (2019), random forests can equivalently be viewed as an adaptive kernel method; for example, the regression forest in equation (1) can be rewritten as:
       (7)
where  is the adaptive kernel function to measure the probability that given training sample falls in the same leaf node with  Applying kernel methods on random forests can estimate the treatment effects based on formulas (5) and (6). First, generate a random forest to obtain the weights , then establish:
                 (8)
After obtaining a consistent estimate of the average treatment effect, its corresponding standard deviation is derived from the following formula, used to construct the confidence interval for the average treatment effect in the causal identification process:
                       (9)
Moreover, unlike traditional random forests that adapt targets and algorithms, Wager & Athey (2018) introduced a new 'honest estimation algorithm.' This method constructs a random forest with half of the sample and uses the other half to estimate the average treatment effect, mitigating the impact of model overfitting.

