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ABSTRACT

Forecasting using “diffusion indices' has received a good deal of attention in recent years. The idea
is to use the common factors estimated from a large panel of data to help forecast the series of
interest. This paper assesses the extent to which the forecasts are influenced by (i) how the factors
are estimated, and/or (ii) how the forecasts are formulated. We find that for simple data generating
processes and when the dynamic structure of the data is known, no one method stands out to be
systematically good or bad. All five methods considered have rather similar properties, though some
methods are better in long horizon forecasts, especially when the number of time series observations
is small. However, when the dynamic structure is unknown and for more complex dynamics and
error structures such as the ones encountered in practice, one method stands out to have smaller
forecast errors. This method forecasts the series of interest directly, rather than the common and
idiosyncratic components separately, and it leaves the dynamics of the factors unspecified. By
imposing fewer constraints, and having to estimate a smaller number of auxiliary parameters, the
method appears to be less vulnerable to misspecification, leading to improved forecasts.
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are unstable, misspecification of the dynamics can magnify the sampling variability of the factor
estimates. The favorable properties of the SU in practice are likely due to the minimal factor

structure imposed on the forecasting equation and the simplicity in its implementation.
8 Conclusion

In this paper, we seek to better understand how factors estimated from a large panel of data can be
used in forecasting exercises. In principle, how the factors are estimated and how the forecasts are
formed can both affect the mean-squared forecast error. We find that for simple error structure,
differences across methods exist especially when T is small, but the differences are not so strong as
to immediately favor a particular method. When more complicated but realistic error structures are
considered, the method proposed by Stock and Watson works systematically better. The method
also behaves noticeably better in the empirical analysis. This method simply augments static
estimates of the factors to an autoregressive forecasting equation. We attribute its performance to
not imposing a tight factor structure and having to choose small number of auxiliary parameters.
This leaves the forecasting equation with more flexibility to adapt to the data. The dynamic factor
forecasts have the potential for improvements, but more needs to be learned about how to adapt

the auxiliary parameters to the data on hand.
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Table 1a: RMSE (MSE Relative AR(4)) from 1000 Simulations of DGP 1-7

Horizon T Forecasting Methods
h T | SU/AR SD/AR SS/AR DN/AR DU/AR
DGP1: Static AR(1) factors
1 100 0.87 0.86 0.86 0.87 0.86
2 100 0.85 0.85 0.83 0.85 0.85
4 100 0.92 0.89 0.87 0.91 0.92
6 100 0.96 0.94 0.87 0.94 0.96
8 100 0.94 0.91 0.87 0.91 0.94
12 100 0.98 0.92 0.87 0.91 0.98
DGP2: Dynamic AR(1) with o = 0.8
1 100 0.54 0.53 0.53 0.55 0.52
2 100 0.54 0.51 0.51 0.53 0.53
4 100 0.59 0.56 0.55 0.59 0.58
6 100 0.63 0.61 0.59 0.65 0.63
8 100 0.76 0.72 0.67 0.73 0.75
12 100 0.96 0.90 0.84 0.81 0.94
DGP3: Factor 1: Satic AR(1); Factor 2: Dynamic AR(1)

1 100 0.62 0.61 0.61 0.64 0.62
2 100 0.53 0.53 0.52 0.57 0.55
4 100 0.55 0.54 0.53 0.62 0.56
6 100 0.73 0.69 0.65 0.72 0.73
8 100 0.84 0.80 0.75 0.81 0.84
12 100 0.87 0.83 0.78 0.82 0.88
DGP4: Static, Factor 1: ARMA(0.8,0.5); Factor 2: AR (0.5)

1 100 0.86 0.79 0.79 0.82 0.85
2 100 0.91 0.79 0.79 0.79 0.90
4 100 0.97 0.86 0.81 0.88 0.96
6 100 1.16 0.98 0.92 0.93 1.15
8 100 1.18 0.97 0.92 0.91 1.17
12 100 1.10 0.96 0.85 0.90 1.10
DGP5: Static, Factor 1: ARMA(0.8,-0.5); Factor 2: AR(0.5)

1 100 1.12 1.01 1.01 1.00 1.12
2 100 1.08 0.97 0.97 0.98 1.07
4 100 1.09 0.98 0.98 0.98 1.09
6 100 1.19 1.06 1.00 0.99 1.19
8 100 1.14 1.04 0.99 1.00 1.14
12 100 1.24 1.09 1.00 0.96 1.23

DGP6: Dynamic, Factor 1: iid; Factor 2: AR(1)
1 100 0.51 0.50 0.50 0.51 0.51
2 100 0.54 0.52 0.51 0.54 0.52
4 100 0.61 0.59 0.56 0.60 0.60
6 100 0.77 0.73 0.69 0.73 0.76
8 100 0.85 0.81 0.74 0.77 0.84
12 100 0.94 0.87 0.81 0.84 0.95
DGPT7: Dynamic iid factors (FHLR DGP)

1 100 0.70 0.67 0.67 0.68 0.69
2 100 0.86 0.82 0.84 0.82 0.85
4 100 0.99 0.96 0.94 0.95 0.99
6 100 0.96 0.94 0.92 0.91 0.95
8 100 1.04 1.02 0.95 0.98 1.03
12 100 1.04 0.99 0.94 0.94 1.01
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Table 1b: RMSE (MSE Relative AR(4)) from 1000 Simulations of DGP 1-7

h T [SU/AR SD/AR SS/AR DN/AR DU/AR
DGP1: Static AR(1) factors
1 300 0.87 0.87 0.87 0.86 0.87
2 300 0.82 0.81 0.81 0.82 0.82
4 300 0.84 0.82 0.81 0.83 0.84
6 300 0.92 0.92 0.90 0.92 0.92
8 300 0.97 0.97 0.95 0.97 0.96
12 300 0.97 0.97 0.94 0.96 0.97
DGP2: Dynamic AR(1) factors
1 300 0.52 0.52 0.52 0.52 0.51
2 300 0.46 0.45 0.45 0.45 0.44
4 300 0.61 0.60 0.59 0.59 0.59
6 300 0.70 0.69 0.68 0.67 0.68
8 300 0.72 0.71 0.70 0.71 0.72
12 300 0.81 0.81 0.78 0.79 0.80
DGP3: Factor 1: Satic AR(1); Factor 2: Dynamic AR(1)

1 300 0.57 0.56 0.56 0.57 0.56
2 300 0.54 0.53 0.53 0.52 0.52
4 300 0.55 0.54 0.54 0.56 0.55
6 300 0.68 0.67 0.68 0.70 0.70
8 300 0.75 0.74 0.74 0.75 0.75
12 300 0.84 0.84 0.82 0.85 0.86
DGP4: Static, Factor 1: ARMA(0.8,0.5); Factor 2: AR(0.5)

1 300 0.83 0.78 0.78 0.78 0.82
2 300 0.79 0.77 0.77 0.80 0.78
4 300 0.85 0.82 0.82 0.86 0.84
6 300 0.92 0.89 0.86 0.88 0.91
8 300 0.96 0.93 0.91 0.94 0.96
12 300 0.96 0.94 0.92 0.96 0.96
DGP5: Static, Factor 1: ARMA(0.8,-0.5); Factor 2: AR(0.5)
1 300 0.95 0.96 0.96 0.95 0.95
2 300 0.97 0.97 0.97 0.95 0.97
4 300 0.96 0.94 0.94 0.96 0.96
6 300 0.99 0.98 0.96 0.97 0.99
8 300 1.02 0.99 0.97 0.99 1.03
12 300 1.04 0.97 0.94 0.97 1.04

DGP6: Dynamic, Factor 1: iid; Factor 2: AR(1)
1 300 0.47 0.47 0.47 0.46 0.45
2 300 0.49 0.49 0.49 0.48 0.47
4 300 0.56 0.56 0.56 0.56 0.55
6 300 0.64 0.63 0.63 0.64 0.63
8 300 0.75 0.75 0.74 0.75 0.74
12 300 0.76 0.75 0.72 0.77 0.76
DGP7: Dynamic iid factors (FHLR DGP)

1 300 0.72 0.70 0.70 0.73 0.75
2 300 0.75 0.75 0.75 0.78 0.79
4 300 0.91 0.90 0.92 0.93 0.89
6 300 0.93 0.92 0.91 0.93 0.92
8 300 0.98 0.96 0.95 0.97 0.92
12 300 0.96 0.95 0.93 0.96 0.95
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Table 2a: RMSE Calibrated DGP, Real Variables

Horizon Variable Forecasting Methods
SU/AR SD/AR SS/AR DN/AR DU/AR
1 1P 0.87 0.80 0.80 0.95 0.83
GMYXSPQ 0.75 0.79 0.79 0.96 0.75
MSMTQ 0.83 0.87 0.87 0.97 0.82
LPNAG 0.79 0.71 0.71 0.96 0.80
2 IP 0.73 0.70 0.69 0.89 0.76
GMYXSPQ 0.72 0.76 0.76 0.96 0.74
MSMTQ 0.77 0.80 0.80 0.96 0.76
LPNAG 0.83 0.70 0.69 0.92 0.83
4 1P 0.64 0.58 0.64 0.91 0.76
GMYXSPQ 0.69 0.75 0.75 0.98 0.72
MSMTQ 0.69 0.74 0.75 0.95 0.72
LPNAG 0.67 0.63 0.65 0.82 0.71
6 1P 0.56 0.58 0.59 0.85 0.70
GMYXSPQ 0.63 0.71 0.73 0.93 0.66
MSMTQ 0.64 0.70 0.73 0.92 0.68
LPNAG 0.57 0.69 0.65 0.75 0.60
8 1P 0.63 0.68 0.69 0.85 0.76
GMYXSPQ 0.67 0.76 0.80 0.94 0.70
MSMTQ 0.64 0.70 0.77 0.92 0.70
LPNAG 0.64 0.81 0.71 0.74 0.66
12 1P 0.65 0.77 0.75 0.85 0.75
GMYXSPQ 0.64 0.77 0.85 0.94 0.70
MSMTQ 0.63 0.71 0.79 0.90 0.71
LPNAG 0.61 0.88 0.76 0.79 0.60
Table 2b: RMSE for Calibrated DGP, Nominal Variables
Horizon  Variable Forecasting Methods

SU/AR SD/AR SS/AR DN/AR DU/AR

1 PUNEW 0.91 0.93 0.93 0.93 0.92

GMDC 0.88 0.90 0.90 0.90 0.89

PUXX 0.97 0.98 0.98 0.97 0.97

PWSA 0.94 0.95 0.95 0.95 0.95

2 PUNEW 0.91 0.92 0.92 0.96 0.94

GMDC 0.87 0.93 0.93 0.94 0.92

PUXX 0.96 0.97 0.97 0.96 0.96

PWSA 0.94 0.95 0.95 0.97 0.95

4 PUNEW 0.84 0.88 0.88 0.99 0.92

GMDC 0.78 0.94 0.94 0.96 0.86

PUXX 0.95 0.97 0.97 0.96 0.95

PWSA 0.91 0.93 0.93 0.98 0.95

6 PUNEW 0.83 0.89 0.88 1.00 0.91

GMDC 0.76 0.97 0.96 0.96 0.84

PUXX 0.94 0.99 0.98 0.97 0.96

PWSA 0.91 0.94 0.94 0.98 0.95

8 PUNEW 0.86 0.93 0.91 1.00 0.94

GMDC 0.77 1.03 0.99 0.96 0.87

PUXX 0.95 1.03 1.01 0.97 0.98

PWSA 0.94 0.97 0.96 0.99 0.96

12 PUNEW 0.87 1.04 0.96 0.99 0.96

GMDC 0.76 1.13 1.04 0.95 0.89

PUXX 0.94 1.10 1.04 0.96 1.00

PWSA 0.94 1.02 0.97 0.98 0.97
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Table 3a: RMSE for Real Variables, 1970:1998

Horizon Variable Forecasting Methods
SU/AR SD/AR SS/AR DN/AR DU/AR
1 1P 0.83 0.86 0.86 0.93 0.86
GMYXSPQ 0.81 0.84 0.84 0.92 0.81
MSMTQ 0.87 0.88 0.88 0.96 0.91
LPNAG 0.83 0.97 0.97 0.93 0.87
2 IP 0.73 0.79 0.77 0.92 0.85
GMYXSPQ 0.77 0.78 0.76 0.95 0.73
MSMTQ 0.83 0.84 0.84 0.93 0.86
LPNAG 0.74 0.88 0.86 0.92 0.89
4 1P 0.66 0.70 0.67 0.90 0.84
GMYXSPQ 0.76 0.71 0.69 1.02 0.83
MSMTQ 0.76 0.75 0.74 0.97 0.84
LPNAG 0.64 0.87 0.82 0.89 0.91
6 1P 0.55 0.67 0.63 0.89 0.80
GMYXSPQ 0.69 0.72 0.69 1.04 0.84
MSMTQ 0.76 0.74 0.73 0.98 0.93
LPNAG 0.60 0.74 0.71 0.87 0.85
8 1P 0.56 0.71 0.64 0.85 0.78
GMYXSPQ 0.74 0.73 0.70 1.00 0.82
MSMTQ 0.80 0.78 0.76 0.99 1.01
LPNAG 0.59 0.73 0.68 0.86 0.88
12 1P 0.49 0.60 0.53 0.85 0.96
GMYXSPQ 0.70 0.74 0.72 1.01 0.88
MSMTQ 0.80 0.75 0.74 0.97 1.14
LPNAG 0.49 0.60 0.57 0.87 0.98
Table 3b: RMSE for Nominal Variables, 1970:1998
Horizon  Variable Forecasting Methods

SU/AR SD/AR SS/AR DN/AR DU/AR

1 PUNEW 0.96 0.99 0.99 0.99 0.96

GMDC 0.95 0.99 0.99 0.99 0.95

PUXX 0.93 1.00 1.00 1.00 0.93

PWSA 0.94 0.98 0.98 0.98 0.94

2 PUNEW 0.86 0.89 0.89 0.97 0.93

GMDC 0.93 0.96 0.96 0.97 0.96

PUXX 0.85 0.98 0.98 1.03 0.89

PWSA 0.91 0.97 0.97 0.95 0.91

4 PUNEW 0.68 0.77 0.77 0.98 0.81

GMDC 0.84 0.92 0.92 1.02 0.94

PUXX 0.80 0.98 0.98 1.17 0.87

PWSA 0.80 0.87 0.87 0.87 0.94

6 PUNEW 0.65 1.42 1.42 1.00 0.73

GMDC 0.83 0.96 0.95 1.01 0.91

PUXX 0.79 0.98 0.98 1.22 0.88

PWSA 0.75 0.90 0.90 0.88 0.92

8 PUNEW 0.65 1.71 1.67 1.00 0.78

GMDC 0.82 1.31 1.30 1.05 0.95

PUXX 0.81 0.97 0.97 1.16 0.87

PWSA 0.75 0.96 0.95 0.91 0.92

12 PUNEW 0.55 1.53 1.51 1.01 0.75

GMDC 0.73 1.29 1.27 1.05 0.89

PUXX 0.77 0.99 0.98 1.14 0.87

PWSA 0.71 0.92 0.90 0.95 0.99
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Table 4a: Robustness Check for DN: RMSE for Real Variables, 1970:1998

Horizon Variable Forecasting Methods
M=20 Method B M=12 M=50 M=yT M=12 M=20 M=VT
H=20 H=12 H=50 H=vT H=50 H=50 H=50
1 IP 0.99 1.01 0.99 0.91 0.94 0.97 0.98 0.98
GMYXSPQ 0.99 1.04 0.99 0.87 0.93 1.01 1.01 1.01
MSMTQ 1.00 0.99 1.00 0.93 0.97 1.00 1.01 1.00
LPNAG 0.98 1.03 0.98 0.91 0.93 0.99 1.00 0.99
2 IP 0.97 1.05 0.97 0.87 0.93 0.96 0.97 0.97
GMYXSPQ 0.97 1.08 0.97 0.84 0.96 1.00 1.00 1.00
MSMTQ 1.03 1.03 1.03 0.88 0.95 0.99 0.99 0.99
LPNAG 0.95 1.09 0.97 0.86 0.94 1.01 1.01 1.01
4 IP 0.98 1.15 0.99 0.82 0.93 0.96 0.96 0.97
GMYXSPQ 1.02 1.13 1.01 0.88 1.04 1.00 1.00 1.00
MSMTQ 1.17 1.11 1.17 0.85 0.98 1.01 1.01 1.01
LPNAG 0.87 1.19 0.88 0.81 0.91 0.98 0.98 0.98
6 IP 1.00 1.22 1.01 0.76 0.93 0.99 0.99 0.99
GMYXSPQ 1.01 1.16 1.00 0.87 1.07 0.99 0.99 1.00
MSMTQ 1.22 1.15 1.22 0.85 1.02 1.03 1.03 1.03
LPNAG 0.88 1.27 0.89 0.76 0.90 0.99 0.99 0.99
8 P 1.00 1.20 1.03 0.69 0.90 0.98 0.98 0.98
GMYXSPQ 1.05 1.15 1.05 0.81 1.04 0.99 0.99 0.99
MSMTQ 1.16 1.13 1.20 0.84 1.02 1.05 1.05 1.04
LPNAG 0.91 1.29 0.93 0.74 0.90 1.00 0.99 0.99
12 P 1.01 1.16 1.02 0.69 0.86 0.97 0.97 0.97
GMYXSPQ 1.05 1.11 1.04 0.81 1.01 0.99 0.99 1.00
MSMTQ 1.14 1.13 1.19 0.86 0.97 1.02 1.02 1.02
LPNAG 0.95 1.28 0.96 0.73 0.88 1.00 0.99 0.99
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Table 4b: Robustness Check for DN: RMSE for Nominal Variables, 1970:1998

Horizon  Variable Forecasting Methods

M=20 Method B M=12 M=50 M=y/T M=12 M=20 M=T

H=20 H=12 H=50 H=vT H=50 H=50 H=50

1 PUNEW 0.99 1.01 0.99 0.99 0.99 1.00 1.00 1.00
GMDC 0.99 1.04 0.99 0.99 0.99 0.99 0.99 0.99

PUXX 1.00 0.99 1.00 1.00 1.00 1.00 0.99 0.99

PWSA 0.98 1.03 0.98 0.98 0.98 0.98 0.98 0.98

2 PUNEW 0.97 1.05 0.97 0.99 0.97 0.97 0.98 0.99
GMDC 0.97 1.08 0.97 0.99 0.97 0.98 0.98 0.98

PUXX 1.03 1.03 1.03 1.00 1.03 1.02 1.02 1.02

PWSA 0.95 1.09 0.97 0.98 0.97 0.98 0.98 0.98

4 PUNEW 0.98 1.15 0.99 0.98 0.99 0.97 0.97 0.98
GMDC 1.02 1.13 1.01 1.02 1.01 0.98 0.98 0.98

PUXX 1.17 1.11 1.17 1.17 1.17 1.10 1.10 1.10

PWSA 0.87 1.19 0.88 0.88 0.88 0.92 0.92 0.92

6 PUNEW 1.00 1.22 1.01 1.02 1.01 0.98 0.98 0.98
GMDC 1.01 1.16 1.00 1.00 1.00 0.98 0.98 0.98

PUXX 1.22 1.15 1.22 1.24 1.22 1.15 1.15 1.16

PWSA 0.88 1.27 0.89 0.89 0.89 0.91 0.92 0.92

8 PUNEW 1.00 1.20 1.03 1.02 1.02 0.98 0.98 0.98
GMDC 1.05 1.15 1.05 1.07 1.05 1.00 0.99 0.99

PUXX 1.16 1.13 1.20 1.17 1.17 1.14 1.14 1.14

PWSA 0.91 1.29 0.93 0.94 0.93 0.95 0.95 0.95

12 PUNEW 1.01 1.16 1.02 0.98 1.01 0.97 0.97 0.97
GMDC 1.05 1.11 1.04 1.06 1.04 1.00 0.99 1.00

PUXX 1.14 1.13 1.19 1.15 1.15 1.11 1.11 1.11

PWSA 0.95 1.28 0.96 0.98 0.96 0.95 0.95 0.95
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Appendix: Descriptive Statistics of the idiosyncratic term in the calibrated DGP

Sample Size lp; 7l maz;|Tij| ~ > il | %lris] > 0.2 R}

1-N*/N Mean Std | Mean Std | Mean Std Mean  Std

133 0.21 043 019 | 071 0.22 | 0.12 0.03 0.15 0.36 0.28
145 0.23 042 018 | 071 0.22 | 0.12 0.04 0.16 0.36  0.27
157 0.18 0.41 0.19 | 0.71 0.22 | 0.11 0.03 0.14 0.41 0.27
169 0.16 039 018 | 0.69 023 | 011 0.03 0.15 046  0.28
181 0.21 039 019 | 066 023 | 011 0.03 0.13 0.55  0.26
193 0.15 039 020 | 067 023 | 0.11 0.03 0.12 0.52  0.27
205 0.15 039 020 | 0.67 023 | 011 0.03 0.12 0.52  0.27
217 0.13 039 0.21 | 067 023 ]| 010 0.03 0.11 0.52  0.27
229 0.17 0.40 0.21 0.67 023 | 010 0.03 0.11 0.52  0.27
241 0.17 039 0.21 | 067 023 ]| 011 0.03 0.13 0.53 0.26
253 0.18 038 019 | 0.67 023 | 0.11 0.03 0.12 0.53  0.26
265 0.20 038 020 | 0.64 023 | 010 0.03 0.11 0.60 0.26
277 0.17 037 020 | 063 023 ]| 010 0.03 0.10 0.60 0.26
289 0.17 038 020 | 0.63 023 | 010 0.02 0.10 0.60  0.26
301 0.14 038 020 | 0.63 023 | 0.10 0.02 0.10 0.60 0.26
313 0.12 037 020 | 0.63 0.22| 0.10 0.02 0.10 0.60 0.26
325 0.14 038 020 | 0.63 0.22| 0.10 0.02 0.10 0.59  0.26
337 0.12 038 021 | 0.63 0.22| 0.09 0.02 0.10 0.59  0.26
349 0.16 038 0.21 | 0.60 0.22 | 0.09 0.02 0.10 0.64 0.24
361 0.15 039 021 | 0.61 0.22 | 0.09 0.02 0.10 0.64 0.24
373 0.12 038 021 | 0.63 0.22 | 0.09 0.02 0.10 0.59  0.26
385 0.16 038 0.21 | 0.61 0.22| 0.09 0.03 0.10 0.64 0.24
397 0.15 038 020 | 0.59 0.22 | 0.09 0.02 0.09 0.66 0.24
409 0.14 038 020 | 059 0.22 | 0.09 0.02 0.09 0.66 0.24
421 0.15 039 020 059 0.22 | 0.09 0.02 0.09 0.65 0.24
433 0.14 039 020 | 059 0.22 | 0.09 0.02 0.08 0.65 0.24
445 0.14 039 021 | 059 0.22 | 0.09 0.02 0.08 0.65 0.24
Mean 0.16 039 020 | 0.64 0.23]| 010 0.03 0.11 0.56 0.26
Std 0.02 0.01 0.01 | 0.04 0.00]| 0.01 0.00 0.02 0.09 0.01

The mean and standard deviation reported in the columns are over taken over i. N™ is the number of p; that are
statistically different from zero at the two-tailed five percent level.
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