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Function Method RMSE Seconds
Linear XBART 1.74 20
Linear XGBoost Tuned 2.63 64
Linear XGBoost Untuned 3.23 <1
Linear Random Forest 3.56 6
Linear BART 1.50 117
Linear Neural Network 1.39 26
Trig + Poly XBART 1.31 17
Trig + Poly XGBoost Tuned 2.08 61
Trig + Poly XGBoost Untuned 2.70 <1
Trig + Poly Random Forest 3.04 6
Trig + Poly BART 1.30 115
Trig + Poly Neural Network 3.96 26
Max XBART 0.39 16
Max XGBoost Tuned 0.42 62
Max XGBoost Untuned 0.79 <1
Max Random Forest 0.41 6
Max BART 0.44 114
Max Neural Network 0.40 30
Single Index XBART 2.27 17
Single Index XGBoost Tuned 2.65 61
Single Index XGBoost Untuned 3.65 <1
Single Index Random Forest 3.45 6
Single Index BART 2.03 116
Single Index Neural Network 2.76 28

2 1: Low noise case, {5Mekt 1:1 and n = 10K

Function Method RMSE Seconds
Linear XBART 5.07 16
Linear XGBoost Tuned 8.04 61
Linear XGBoost Untuned 21.25 <1
Linear Random Forest 6.52 6
Linear BART 6.64 111
Linear Neural Network 7.39 12
Trig + Poly | XBART 4.94 16
Trig + Poly XGBoost Tuned 7.16 61
Trig + Poly XGBoost Untuned 17.97 <1
Trig + Poly Random Forest 6.34 7
Trig + Poly BART 6.15 110
Trig + Poly Neural Network 8.20 13
Max XBART 1.94 16
Max XGBoost Tuned 2.76 60
Max XGBoost Untuned 7.18 <1
Max Random Forest 2.30 6
Max BART 2.46 111
Max Neural Network 2.98 15
Single Index XBART 7.13 16
Single Index XGBoost Tuned 10.61 61
Single Index XGBoost Untuned 28.68 <1
Single Index Random Forest 8.99 6
Single Index BART 8.69 111
Single Index Neural Network 9.43 14

¢ 2: High noise case, Mkt 1:10 and n = 10K
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k =1, signal to noise ratio 1 to 1

n  XBART XGB+CV XGB NN
Linear
10k 1.74 (20) 2.63 (64) 3.23 (0) 1.39 (26)
50k  1.04 (180) 1.99 (142) 2.56 (4) 0.66 (28)
250k  0.67 (1774)  1.50 (1399) 2.00 (55)  0.28 (40)
Max
10k 0.39 (16) 0.42 (62) 0.79 (0) 0.40 (30)
50k  0.25 (134) 0.29 (140) 0.58 (4) 0.20 (32)
250k  0.14 (1188)  0.21 (1554) 0.41 (60) 0.16 (44)
Single Index
10k 2.27 (17) 2.65 (61) 3.65 (0) 2.76 (28)
50k  1.54 (153) 1.61 (141) 2.81 (4) 1.93 (31)
250k  1.14 (1484) 1.18 (1424) 2.16 (55) 1.67 (41)
Trig + Poly
10k 1.31 (17) 2.08 (61) 2.70 (0) 3.96 (26)
50k  0.74 (147) 1.29 (141) 1.67 (4) 3.33 (29)
250k  0.45 (1324) 0.82 (1474) 1.11 (59) 2.56 (41)

%% 3: Root mean squared error (RMSE) of each method. Column XGB+CV is result of XGBoost with tuning parameter

by cross validation. The number in parenthesis is running time in seconds. First column is number of data observations (in

thousands).

r = 10, signal to noise ratio 1 to 10

n  XBART XGB+CV XGB NN
Linear
10k 5.07 (16) 8.04 (61) 21.25 (0) 7.39 (12)
50k  3.16 (135) 5.47 (140) 16.17 (4) 3.62 (14)
250k  2.03 (1228)  3.15 (1473) 11.49 (54) 1.89 (19)
Max
10k 1.94 (16) 2.76 (60) 7.18 (0) 2.98 (15)
50k  1.22 (133) 1.85 (139) 5.49 (4) 1.63 (16)
250k  0.75 (1196) 1.05 (1485)  3.85 (54) 0.85 (22)
Single Index
10k 7.13 (16) 10.61 (61) 28.68 (0) 9.43 (14)
50k  4.51 (133) 6.91 (139) 21.18 (4) 6.42 (16)
250k  3.06 (1214) 4.10 (1547) 14.82 (54) 4.72 (21)
Trig + Poly
10k 4.94 (16) 7.16 (61) 17.97 (0) 8.20 (13)
50k  3.01 (132) 4.92 (139) 13.30 (4) 5.53 (14)
250k  1.87 (1216)  3.17 (1462)  9.37 (49) 4.13 (20)

%% 4: Root mean squared error (RMSE) of each method. Column XGB+CV is result of XGBoost with tuning parameter
by cross validation. The number in parenthesis is running time in seconds. First column is number of data observations (in

thousands).



B Ik 9

L EPEN

T. Chen and C. Guestrin. Xgboost: A scalable tree boosting system. In Proceedings of the
22nd acm sigkdd international conference on knowledge discovery and data mining, pages

785-794. ACM, 2016.

H. A. Chipman, E. I. George, R. E. McCulloch, et al. Bart: Bayesian additive regression
trees. The Annals of Applied Statistics, 4(1):266-298, 2010.

J. H. Friedman. Greedy function approximation: a gradient boosting machine. Annals of
statistics, pages 1189-1232, 2001.

P. R. Hahn, J. Murray, and C. M. Carvalho. Bayesian regression tree models for causal
inference: regularization, confounding, and heterogeneous effects. Confounding, and Het-
erogeneous Effects (October 5, 2017), 2017.

J. He, S. Yalov, and P. R. Hahn. Xbart: Accelerated bayesian additive regression trees. In
The 22nd International Conference on Artificial Intelligence and Statistics, pages 1130—
1138, 2019.

A. R. Linero. Bayesian regression trees for high-dimensional prediction and variable selection.
Journal of the American Statistical Association, 113(522):626-636, 2018.

J. S. Murray. Log-linear bayesian additive regression trees for categorical and count re-
sponses. arXiv preprint arXiw:1701.01503, 2017.

M. Pratola, H. Chipman, E. George, and R. McCulloch. Heteroscedastic bart using multi-
plicative regression trees. arXiv preprint arXiv:1709.07542, 2017.

R. A. Sparapani, B. R. Logan, R. E. McCulloch, and P. W. Laud. Nonparametric survival

analysis using bayesian additive regression trees (bart). Statistics in medicine, 35(16):
2741-2753, 2016.



