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e This study proposes a nonlinear forecasting tech- Forecasting with factor models are a two-step process: f{'l Ij'f;jx The first extension proposes a NLPCA (neura.l network
nique based on an improved factor model with . F . . . . PN PO principal component analysis) as an alternative for fac-
actor Estimation, which summarizes the infor- i \ j \ S .
two neural network extensions. This model mation contained in a laree data set in a small XL o by Y Ay tor estimation, which allows the factors to have a non-
. . I o b= - e ) i a . K o . o o
would be able to capture both non-linearity and number of factors 5 x2 AT E ; £ *: o« x linear relationship to the input variables. NLPCA non-
non-normality of a high-dimensional dataset. ' X i;ﬁ . N f f ! ; ; | linearly generalizes the classical PCA method by a non-
e L . - — A, . \ W/l linear mapping from data to factors. Both neural net-
e Specification (architecture) of the neural network Obsei{;iions Ay fa;ﬁtom T . %’im " (1) xn /o) a, RN (SR i PPIng ;
Factor model is determined on the basis of sta- Y BaON i A/ S work parameters and unobservable factors (f) can be op-
e 1 . . : : L 1 . g N timised simultaneously to minimise the reconstruction
tistical inference and special emphasis is given to e Forecasting Equation, which is the prediction of g N erTor O
~dri ificati the variable of interest by using common factors. | | ' . .
data-driven specification. y & Mapping De-mapping e=X — X, MSE = E(||X(f) — X||?) (3)
e Linear factor models can be represented as a spe- Yerr)e = A Jewafe + € (2) : . .
cial case of this neural network factor model It one of the X Figure 1: The standard auto-associative neural network archi-
: . : : . . g : tecture for nonlinear PCA (combination of two feed-forward NNs)
means that, if there is no non-linearity between Common factors and the idiosyncratic component can
< variables, it will work like a linear model. \be forecast simultaneously or separately. e Second extension is a nonlinear factor augmented noutsVEIONES

forecasting equation based on a single hidden X)

layer feed-forward neural network model which *functon
CONSTRUCTION O_ FINANCIAL FOREC— can be built in a similar fashion as a statistical Iz-—- ”E;E'f’”t
Three staces of model buildine: Financial returns present special features and share the model. | : — @ T
5 5 following stylised facts: comovements, non-linearity, e Aneural network model canbe defined as: ’ transfer
e Variable selection non-gausianity (skewness and heavy tails) and lever- yr = Gz ) + 61 = &' Fy + Z NiF(&lzy — B;) + &4 function
age etfect, which makes the modelling of this variable 1 X, threimd

by linearizing the model (approximate NN model
by a polynomial of sufficiently high order) and
applying well-known techniques of linear vari- )
able selection to this approximation. T o \-

hard. (4)
e The function F(w.x; — 3;), often called the activa-
tion function, is a logistic function.

Figure 2: Artificial Neuron configuration
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e Parameter estimation

NLPCA ON FINANCIAL RETURNS

Estimate the parameters by maximum likelihood,
making use of the normality assumptions made
on residual.

NLPCA - Neural Network (1st PC)

NLPCA - Neural Network
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e Determining the number of hidden units (neu-
rones) Bt ‘

Applying Lagrange mUItiplier type teStS' One "20 Mayligsﬁ Sepiigm Janl1995 Mayl1993 Sep]2001 Jan I2{]-:)5 Maylznna Sep I2|m1
possibility is to begin with a small model and se- Date
quentially add hidden units to the model.
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Figure 4: monthly return observations of the 52 companies in

\ \S&Pl OO lndex \ Figure 3: Nonlinear PCA can describe the inherent structure of the data by a curved subspace. .
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