
Contents

1 Introduction 1
1.1 Latent variable model: An overview . . . . . . . . . . . . . . . . . . 3
1.2 Latent variable model: Two examples . . . . . . . . . . . . . . . . . 4
1.3 Dynamic and spectral factor models . . . . . . . . . . . . . . . . . . 8
1.4 Learning by maximizing spectral commonalities . . . . . . . . . . . . 10
1.5 Dynamic and spectral factor models in literature: A brief review . . . 11
1.6 Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
1.7 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
1.8 Organization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
1.9 List of relevant publications . . . . . . . . . . . . . . . . . . . . . . 15
1.10 Notations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2 Multivariate time series analysis: Some essential notions 25
2.1 Temporal analysis of stationary processes . . . . . . . . . . . . . . . . 26
2.2 Spectral analysis of continuous processes . . . . . . . . . . . . . . . . 30
2.3 Spectral analysis of discrete processes . . . . . . . . . . . . . . . . . 32
2.4 Spectral analysis of stationary processes . . . . . . . . . . . . . . . . 35
2.5 Asymptotic properties of linear processes . . . . . . . . . . . . . . . 37
2.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3 Analytical and iterative factor modeling 41
3.1 Maximum likelihood model . . . . . . . . . . . . . . . . . . . . . . . 42
3.2 Linear model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
3.3 Factor model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
3.4 Maximum likelihood factor model . . . . . . . . . . . . . . . . . . . . 46

3.4.1 Principal factor model . . . . . . . . . . . . . . . . . . . . . . 47
3.4.2 Principal component factor model . . . . . . . . . . . . . . . 47

3.5 EM algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
3.6 Basic setup of EM algorithm for factor modeling . . . . . . . . . . . . 50
3.7 Two steps of EM algorithm for factor modeling . . . . . . . . . . . . 51

3.7.1 E-step . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
3.7.2 M-step . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

3.8 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4 Dynamic and spectral factor models 55
4.1 Dynamic factor model . . . . . . . . . . . . . . . . . . . . . . . . . . 56
4.2 Spectral factor model . . . . . . . . . . . . . . . . . . . . . . . . . . 59

i



4.3 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

5 Maximum likelihood commonalities 63
5.1 Analytical estimation of maximum likelihood commonalities . . . . . 65
5.2 Iterative estimation of maximum likelihood commonalities . . . . . . 68

5.2.1 EM steps and form of the maximum likelihood parameters . . 70
5.2.2 EM algorithm for spectral factor model . . . . . . . . . . . . . 71
5.2.3 Maximizing commonalities in spectral factor model . . . . . . 72

5.3 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

6 Learning via spectral factor model 75
6.1 Practicalities of spectral factor model estimation . . . . . . . . . . . . 76
6.2 Multivariate time series classification . . . . . . . . . . . . . . . . . . 77
6.3 Multivariate time series prediction . . . . . . . . . . . . . . . . . . . 81
6.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

7 Experiments 85
7.1 Classification of magnetoencephalography signals . . . . . . . . . . . 86
7.2 Prediction of yield rates of shares . . . . . . . . . . . . . . . . . . . . 90

8 Extensions 97
8.1 Challenges . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97
8.2 Further work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98
8.3 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

A 107
A.1 Differentiation of real-valued functions of complex variables . . . . . 107

B 109
B.1 Certain details of the EM Algorithm . . . . . . . . . . . . . . . . . . 109

B.1.1 Log-likelihood as summation of logarithms . . . . . . . . . . 109
B.1.2 Decomposition of the complete log-likelihood . . . . . . . . . 109
B.1.3 Maximization of an expectation . . . . . . . . . . . . . . . . . 109

B.2 Posterior density with a Gaussian prior . . . . . . . . . . . . . . . . . 110
B.3 Posterior density with a complex Gaussian prior . . . . . . . . . . . . 111

ii



List of Figures

1.1 Transformation of latent to measured time series . . . . . . . . . . . . 1
1.2 MEG recording . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.3 10-variate MEG signals . . . . . . . . . . . . . . . . . . . . . . . . . 18
1.4 Classification based on commonalities . . . . . . . . . . . . . . . . . . 18
1.5 German stock prices . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
1.6 Dynamic transformation . . . . . . . . . . . . . . . . . . . . . . . . . 20
1.7 Dynamic factor model . . . . . . . . . . . . . . . . . . . . . . . . . . 21
1.8 Spectral factor model . . . . . . . . . . . . . . . . . . . . . . . . . . 21
1.9 Dynamic factor model using spectral factor model . . . . . . . . . . . 22
1.10 Maximization of commonalities . . . . . . . . . . . . . . . . . . . . . 23
1.11 Spectral factor model for classification . . . . . . . . . . . . . . . . . 23
1.12 Spectral factor model for prediction . . . . . . . . . . . . . . . . . . . 24

2.1 Realization of a multivariate time series . . . . . . . . . . . . . . . . . 27
2.2 acvf of an idiosyncratic time series . . . . . . . . . . . . . . . . . . . 29
2.3 Motion of a simple pendulum . . . . . . . . . . . . . . . . . . . . . . 31
2.4 Frequency subbands . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

7.1 MEG signals of a human subject D1 . . . . . . . . . . . . . . . . . . 87
7.2 MEG signals of a human subject D2 . . . . . . . . . . . . . . . . . . 88
7.3 Regression detrended share prices . . . . . . . . . . . . . . . . . . . . 91

iii





List of Tables

7.1 Classification accuracies based on (V 2, V 4, V 6, V 8, V 10) . . . . . . . 89
7.2 Classification accuracies based on (V 1, V 3, V 5, V 7, V 9) . . . . . . . 89
7.3 Classification accuracies of competitors . . . . . . . . . . . . . . . . . 90
7.4 Naïve prediction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92
7.5 Spectral factor model for prediction with ̂ = 60 and p = 2 . . . . . . 94
7.6 Classical vector autoregression for varying orders p . . . . . . . . . . . 95

v


