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Dates: January 1990 - December 2017

Data: 1.5 M monthly samples of US public companies
Covariates: 14, 2 common and 10 firm-specific covariates
Events: O (alive), 1 (default), 2 (other exit)

Prediction horizons: 60 months
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Results

Table 1: Results of cross-sectional experiments

Horizons (months) 1 3 6 12 24 36 18 60
Panel A Accuracy ratio (AR) (%)

FIM 94.57 9237 88.74 81.45 T70.85 63.46 5833  5H3.37
MLP (6 = 1) 94.48 92.85 90.43 85.10 7H.63 68.08 62.87 5HR.26
MLP (6 = 6) 94.29 92,76 90.47 85.73 T6.88 69.73 6455 60.07
MLP (6 = 12) 93.99 9264 9055 86.05 T77.67 T0.81 6593 61.45
LSTM (§ =1) 94.78 93.17 90.87 86.11 7747 70.69 65.70 61.09
LSTM (4 = 6) 94.63 93.29 91.23 87.05 79.00 72.63 67.556 62.96
LSTM (§ = 12) 94.68 93.48 91.77 87.91 &80.79 74.76 6991 65.32
GRU (6 =1) 94.66 93.03 90.77 8594 T7.21 70.34 65.39 60.79
GRU (4 = 6) 94.41 9297 90.84 8654 7826 71.60 66.45 61.91
GRU (4 = 12) 04.26 92.94 91.12 86.98 79.22 7277 67.80 63.27
Improvement (%) 0.22 1.20 3.41 793 1403 1781 1985 22.39
Panel B Root mean square normalized error (RMSNE)

FIM 0.74 0.64 0.62 0.84 1.23 1.18 1.06 0.96
MLP (6 =1) 0.63 0.58 0.62 0.88 1.03 1.30 1.24 1.11
MLP (6 = 6) 0.64 058 061 086 123 132 1.26 112
MLP (8 = 12) 063 057 060 08 121 127 117  1.03
LSTM (4§ =1) 0.62 0.60 0.61 0.89 1.26 1.30 1.23 1.11
LSTM (4 = 6) 0.64 0.61 0.62 0.86 1.23 1.25 1.19 1.07
LSTM (6 = 12) 0.64 0.62 0.61 0.81 1.11 1.12 1.03 0.90
GRU (6 =1) 0.61 0.61 0.65 0.91 1.25 1.92 1.23 1.11
GRU (6 = ) 064 063 064 087 124 129 122 111
GRU (4 = 12) 0.64 0.64 0.64 0.83 1.13 1.18 1.10 0.98
Improvement (%) 17.57 1094 3.23  3.57 9.76  3.08 2.83 6.25




Results

Table 2: Results of cross-time experiments

Horizons (months) 1 3 6 12 24 36 48 60
Panel A Accuracy ratio (AR) (%)

FIM 94.08 91.86 &7.74 B1.88 74.86 69.20 64.40 59.61
MLP (6 =1) 93.69 91.76 89.26 84.92 7806 72.16 67.30 62.63
MLP (6 = 6) 9330 91.52 89.10 85.05 78.44 7248 6745 62.72
MLP (§ = 12) 02.77 9111 88.78 8505 7861 72.81 67.92 63.21
LSTM (6 = 1) 03.67 92.03 89.54 8545 7867 72885 67.89 63.38
LSTM (4 = 6) 93.46 91.84 &Y.41 8543 TETO 7287 67.90 63.26
LSTM (§ = 12) 92.81 91.27 88.96 85.27 T&H7 7279 67.70 62.77
CRU (5 = 1) 03.54 01.87 89.53 8553 7863 7279 G8.05 G63.49
GRU (6§ = 6) 93.48 91.91 #9.51 ¥5.45 TE6H 7283 67.86 63.25
GRU (§ = 12) 93.03 9145 89.26 &85.34 7876 T2.89 6798 63.35
[mprovement (%) 0 0.19 2.05 4.46 5.21 5.33 5.67 6.51
Panel B Root mean square normalized error (RMSNE)

FIM 1.09 0.77 0.51 0.47 0.40 0.36 0.39 0.39
MLP (6 = 1) 0.83 0.60 0.43 (.44 0.38 0.34 0.35 0.34
MLP (§ = 6) 0.73 0.60 040 040 034 033 035 033
MLP (§ = 12) 072 062 040 037 034 031 032 032
LSTM (6 = 1) 1.00 0.67 0.43 0.40 0.37 0.34 0.35 0.35
LSTM (é = 6) 0.82 .64 .41 .98 0.32 0.32 0.3 0.31
LSTM (6 = 12) 0.97 061 034 033 028 026 027 025
GRU (5 = 1) 1.08 060 041 039 036 034 034  0.33
GRU (§ = 6) 0.86 0.60 0.39 0.36 0.32 0.32 0.32 0.31
GRU (§ = 12) 1.14 0.60 0.34 0.28 0.26 0.26 0.26 0.26

Improvement (%)  33.95 22.08 33.33 40.43 35.00 2778 33.33 35.90
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