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Abstract
In this work, we analyse a recently procedure called principal volatility com-
ponents. This procedure overcome several difficulties in modelling and fore-
casting the conditional covariance matrix in large dimensions. We show that
outliers have a devastating effect on the construction of the principal volatil-
ity components and on the forecast of the conditional covariance matrix. We
propose a robust procedure and analyse its finite sample properties by means
of Monte Carlo experiments and present an empirical application. The robust
procedure outperforms the classical method in contaminated series and has a
similar performance in uncontaminated ones.
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Introduction
Based on the idea that comovements in the market can be driven by a few
components, factor models appear in the economic and financial literature as
a way to achieve dimension reduction and tackling the curse of dimension-
ality. In this spirit, an innovative approach based on the classical principal
component analysis (PCA), so-called principal volatilty components (PVC),
has been recently proposed by [1] and [2]. This methodology produces two
types of components. The first type corresponds to components with condi-
tional covariance matrix evolving over time while the other type corresponds
to components with constant conditional covariance matrix.



Several works show that additive outliers (AO) affect dramatically the fore-
cast of (co)volatilities and consequently financial applications ([3], [4], [5]).
Furthermore, there are evidence showing that PCA is very sensitive to the
presence of AO ([6], [7]). Thus, procedures based on similar methodology are
expected to be sensitive to outliers too.
We first analyse by means of Monte Carlo experiments the performance of the
PVC in the presence of AO showing that outliers have a devastating effect on
this procedure, even when moderate outliers are present. Then, we propose a
robust procedure with good finite sample properties.

Principal volatility components
For t = 1, ..., T , let yt = (y1,t, ..., yN,t) be a N-dimensional random vector
weakly stationary with E (yt|Ft−1) = 0 and T the sample size. Consider
Γ̂rM = ΛM , where Λ is a decreasing ordered diagonal matrix of eigenvalues,
M the associated normalized eigenvectors and Γ̂r is defined as
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with Σ̂ being the sample covariance matrix, x̄ij the sample mean of xij,t,
where xij,t is a function of yi,tyj,t and g is a lag order (usually 5 or 10).
Recently, [2] proposes an alternative PVC, called Generalized PVC which
requires only finite second order moment. This procedure replace (1) by
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where ω(·) is a weight function and ‖ · ‖ is the L1 norm

Robust principal volatility components (RPVC)
We will show in the next section that PVC and GPVC are not robust to
AO. Thus, in order to obtain a procedure less sensitive to AO, we robustify
the estimator given in (2). The robust procedure is based on a robust es-
timator of the unconditional covariance matrix and a weighted estimator of
E [(yty

′
t − Σ) I(‖yt−k‖ ≤ ‖yt‖)]. In our robust proposal, we replace (2) by

ĜR =
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{
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}]2
, (3)

where d2t = (yt − µ̂R)′Σ̂−1t (yt − µ̂R) with Σ̂t = 0.01ρ(y′t−1yt−1) + 0.99Σ̂t−1,
Σ̂1 = Σ̂R, µ̂R and Σ̂R are robust estimates of µ and Σ and δ∗(·) = δ(·)/||δ(·)||.
Finally, ρ(·) and δ(·) are given by



ρ(x) =

{
x, if x ≤ c,
Σ̂R, if x > c,

δ(x) =

{
1, if x ≤ c,
1
x , if x > c.

Monte Carlo experiments
We analyse the effects of AO on the one-step-ahead prediction of the condi-
tional covariance by Monte Carlo experiments with 1000 replicates. Following
[1] and [2], we simulate a factor model driven by just one common factor which
follows a GARCH(1,1) with parameters ω = 1, α = 0.07 and β = 0.83. The
idiosyncratic factors were simulated following a multivariate standard Normal
distribution. Fig. 1 reports the MSE of the predicted conditional covariance
matrix for uncontaminated and contaminated series by isolated (t = 500 and
999) and consecutive (t = 500 and 501, 998 and 999) outliers. The results
show a devastating impact of outliers on the forecasting of the conditional
covariance matrix when the PVC and GPVC procedures are used but not in
the robust procedure. Similar results are observed when other performance
measures are used.
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Figure 1: Boxplot of MSE for uncontaminated (0%) and contaminated series with 25%, 50%

and 100% of series contaminated at time t. T = 1000 and outliers of size ω = 0, 5 and 10

standard deviations of the univariate uncontaminated process.

We also applied the RPVC to 73 stock returns of the Nasdaq 100 index and
construct the minimum variance portfolio. RPVC shows a better performance
in terms of annualized performance measures compared with the obtained
using the non-robust version.



Conclusions
We analyse the problem of modelling and forecast the conditional covariance
matrix via principal volatility components in the presence of AO and show
that a few AO are sufficient to affect drastically the volatility components and
the estimation of the conditional covariance matrix.
A new procedure called robust principal volatility components based on a
robust estimator of the unconditional covariance matrix and on a weighted
estimator is proposed. The superiority of our procedure has been shown in
both empirical and simulated data.
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