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Abstract

This paper analyses the use of macroeconomic and finance variables in predicting
monthly realized volatility in four different asset classes: Equities, commodities, for-
eign exchange rates, and bonds. The predictability is analysed with four different
estimation technique classes: Penalized regressions, dynamic factor models, forecast
combinations, and bootstrap aggregation. The results, evaluated both statistically
and economically, reveal there is predictive content in the macro-finance variables.
However, both the estimation technique and subset of variables which are most rele-

vant appear to be asset class specific.
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1 Introduction

Modelling and predicting financial volatility remains to interest and puzzle many researchers.
Ever since the introduction of the Autoregressive Conditional Heteroskedasticity (ARCH) model
by Engle (1982), the academic literature on modelling and forecasting volatility grew exponen-
tially. However, its analysis is not straightforward as volatility is not directly observable; it is
latent. To approximate volatility, classical models generally rely on strong assumptions regard-
ing the movement of volatility and the distributional properties of the underlying returns (see
amongst others Bollerslev, 1986; Nelson, 1991; Zakoian, 1991). Recently, the use of alternative
techniques to estimate volatility have become more popular. In particular, realized volatility
has gained the attention of many (see amongst others Andersen et al., 2006, 2003; Fleming
et al., 2003; McAleer and Medeiros, 2008). Realized volatility (RV) provides a consistent non-
parametric estimate of return variation over a given historical period, typically estimated on a
daily basis using intra-day returns. However, RV can be estimated at any frequency as long as
returns at a higher frequency are available (though limitations could arise at higher frequencies
due to the micro-market structure). It thus provides a measure of the realized return variation,
without having to rely on a specific model. Hence, it becomes observable and therefore can be

used in more standard estimation techniques.

An interesting analysis of RV is by Christiansen et al. (2012), who analyse the predictive
content of financial and macroeconomic variables for monthly realized volatility. Specifically,
they employ a set of 38 macro-finance (i.e. macroeconomic and finance) variables to predict
the monthly realized volatility of four different asset classes: equities, commodities, foreign
exchange rates, and bonds. Using Bayesian estimation techniques they attempt to find the
variables that are best in predicting RV. They ultimately find there is added value in these
variables to predict volatility for the different classes. More specifically, they find the strongest
predictive ability in the variables that are associated with time-varying risk premia, leverage or
financial distress. Interestingly, they find the best performance in the variables that are directly
related to the asset classes (i.e. the finance variables). The macroeconomic variables are only
weakly represented in their best prediction models. Furthermore, their research reveals that
variable selection is a fruitful exercise. By selecting the most important predictor variables by
means of Bayesian Model Averaging, they find that their forecast models beat autoregressive
benchmarks. Their multi-asset focus, combined with a relatively large set of potential predictors
is an interesting case and provides new insight in the predictability of RV by macroeconomic
variables. However, the idea of linking macroeconomic variables to RV is not new. Mele (2007)
suggests that macroeconomic variables have the potential to proxy for ‘time-varying risk premia’,
which makes it reasonable to expect that they have at least some value in predicting RV. The
relation between macroeconomic data and financial volatility has been investigated further in
the past, but often in a more limited way or in a different context. Schewert (1989) investigates
the relation between stock market volatility and several macroeconomic variables, but all in
a separate linear regression model. He thereby ignores possible interaction between different
variables. Further, Jones et al. (1998) examine the reaction of daily bond market volatility to

macroeconomic news releases, using GARCH-type models. In a more recent paper, Beltratti and



Morana (2006) further investigate the relation between macroeconomic data and stock market
volatility. They highlight that the relation of macroeconomic variables and volatility is subject
to structural breaks. This makes it increasingly difficult to find a strong and consistent relation
between macroeconomic variables and volatility. However, taking these breaks into account
they find long-run relationships between stock market volatility and macroeconomic variables.
Interestingly they find that the causality works both ways, but the evidence of causality running
from macroeconomic data to stock market volatility is stronger. Pierdzioch et al. (2008) analyse
the relation between monthly stock market volatility and a set of macroeconomic variables,
using data from Germany. As they use an expanding window, including all information that is
available at ¢ (i.e. today), they implicitly account for structural breaks in volatility. Further,
they use a recursive modelling approach to determine the optimal subset of macroeconomic
variables to use for forecasting each period. As realized volatility also aims to proxy for risk, it
provides an almost direct relation with macroeconomic variables. However, which variables are
most useful for forecasting can change each period. Using variable selection techniques to find
this optimal subset, such as the recursive approach by Pierdzioch et al. (2008), therefore seems

crucial for further research on this topic.

The primary goal of this paper is to shed more light on the relation between macro-finance
variables and RV, taking into account the findings of above mentioned papers. This paper
further develops the framework established in Christiansen et al. (2012), using a broad set of
different estimation and evaluation techniques. More specifically, the extension lies in applying
a range of different ‘frequentist’ estimation techniques, appropriate for analysing large sets
of possible explanatory variables, to the same set of variables and different asset classes. The
methods aim to select the variables that contribute most to explaining RV. However, as opposed
to Bayesian techniques they do not rely on prior information. The estimation techniques applied
here are primarily drawn from Kim and Swanson (2014a) and can be subdivided in four different
classes: penalized regressions, dynamic factor models, forecast combinations and bootstrap
aggregation. The motivation of using a wide range of different techniques is twofold. Firstly,
all techniques provide a different perspective on forecasting using a set of large predictors.
Secondly, as they all are capable of dealing with many predictors it is beforehand difficult to
say which model is best for forecasting RV. Using many different techniques provides an implicit
robustness check; is the performance of one model simply due to luck or is it consistent for all

the different estimation techniques?

Furthermore, the resulting forecasts are evaluated extensively, both from a statistical and
economic perspective. The statistical evaluation focuses on the accuracy of the forecasts and
their ability to predict the right direction of realized volatility. The economic evaluation entails
an analysis of the forecasting performance via two direct applications. Firstly, the forecasts
are used to construct monthly Value-at-Risk forecasts. Secondly, the forecasts are used in a

mean-variance strategy to create monthly portfolios.

Summarizing, the paper provides an extensive analysis of the predictability of realized vo-
latility and, in particular, the added value of macro-finance variables. The analysis is executed

on different estimation techniques that can be subdivided in four different groups, which all



approach the set of predictors differently. The forecasts resulting from the different estimation
techniques are evaluated both statistically and economically, to provide a complete overview.
The main research question which follows from the above is: “Are macroeconomic and finance
related variables able predict monthly realized volatility?” This question is accommodated by

the following sub questions:

1. Which of the used estimation techniques turn out to be most appropriate? What is the

best explanation for this? Is there cross-asset consistency?

2. If the macroeconomic variables are able to predict realized volatility, which variables are

most relevant for each asset class? Is there cross-asset consistency?
3. What is the best application of realized volatility forecasts?

The analysis reveals that monthly realized volatility is better predictable when using (a sub-
set) of the macro-finance variables, compared to a simple autoregressive model. However, the
extent to which predictability of realized volatility is possible differs per asset class. The added
value of the variables is most clearly visible for predicting the realized volatility of the equities
class. Further, which technique is most appropriate for predicting realized volatility also is dif-
ferent for each class. The evaluation of the Value-at-Risk forecasts and mean-variance portfolio
returns reveal that the models perform quite well in general for these two applications. However,
it seems that the largest part of this good performance is due to the autoregressive component
that is included in each model. Though, the techniques based on forecast combinations appear
to perform best on an overall basis, as its forecasts are significantly more accurate than the
autoregressive model. Furthermore, which variables are most helpful also is different per asset
class. Only limited consistency is found in the variable selection procedure and forecasting
performance. For equities, not surprisingly, equity market related variables appear most impor-
tant. In addition, monthly inflation is variable that is selected often to forecast with. The most
selected variables for the commodities class show strong overlap with the equities class, as it also
selects predominantly equity market and macroeconomic variables. The foreign exchange rates
and bonds class also show some overlap, primarily macroeconomic variables. There appears to
be some consistency, as inflation is for all classes an important variable. To shed further light
on this issue several extensions are possible, primarily in the choice of estimation techniques

and data to which these methods are applied to.

The paper is structured in 7 sections, which includes this introduction as Section 1. Section
2 gives a thorough analysis of the data and a further substantiation of the potential predictor
variables. Subsequently, Section 3 provides an individual discussion of the different estimation
techniques applied to the data. Further, Section 4 presents the techniques with which the fore-
casts will be evaluated. The results corresponding to these evaluation techniques are presented
and discussed in Section 5. The penultimate Section 6 entails a discussion of the paper and pro-
vides possible further extensions. Lastly, Section 7 presents the overall conclusion and answers

the main hypotheses of the paper.



2 Data

The dataset comprises the ‘short’ sample of Christiansen et al. (2012).! The sample runs from
January 1983 to December 2010, which amounts to a total of 336 monthly observations. It
consists of 38 potential predictor variables and four realized volatility series. The RV series
each represent an asset class: equities, commodities, foreign exchange rates (henceforth referred
to as ‘FX-aggregate’) and bonds. The equities class is approximated with daily returns of the
S&P 500. For bonds it is computed over the daily returns (based on closing prices) of the 10-year
Treasury note futures contracts traded on the Chicago Board of Trade (CBOT). Christiansen
et al. (2012) point out that the advantage of using futures contracts is that they are very liquid,
which allows for a straightforward daily return calculation. Furthermore, the commodities class
is represented by the Standard & Poor’s GSCI commodity index and the foreign exchange
returns are approximated by a basket of exchange rates of different currencies wis-a-vis the
US Dollar (see Christiansen et al., 2012, for more detailed information). The underlying daily
return series for the first three classes are obtained from Datastream, for the purpose of the
economic evaluation. The FX-aggregate returns are not included, as its exact construction is
unclear. Lastly, the monthly risk-free rate is approximated by the monthly 3-month T-Bill rate,
as provided via the database of the Federal Reserve.? The 3-month T-Bill rate is available for
the full length of the dataset and not discontinued at a certain point. It is therefore favoured
over the the 1-month or 4-week T-Bill rate, as they are both discontinued in 2001.

The remainder of this section is structured as follows: Firstly, the anatomy of monthly
realized volatility is explained and discussed; Secondly, a preliminary analysis of the realized
volatility will be presented (e.g. summary statistics, correlation between the different classes);
Lastly, the 38 predictor variables will be further analysed, in particular for their possible relation

with realized volatility.
2.1 Realized Volatility

The monthly realized volatility of month ¢ for asset class k is computed as the sum of squared

daily returns of that month:

where d is the trading day of a month and D, the last trading day of month ¢. The daily returns
(r) are computed as log returns.> Assuming that the average daily return is zero, RV is in fact
the sum of squared deviations from its mean. Based on this assumption, RV is closely related
to the monthly sample standard deviation of daily returns. As standard deviation is a measure
to estimate uncertainty, the link between risk and realized volatility becomes clear. As realized
volatility is measured over past observations and thus is backward looking, it can best be seen

as the (perceived) risk of month t.

! Available at the Journal of Applied Econometrics Data Archive.
2 Available at the Official webstie of the Federal Reserve.
3pg = log(Pa/Pi-1), where P is the price of the asset.


http://qed.econ.queensu.ca/jae/datasets/christiansen001/
http://www.federalreserve.gov/releases/h15/data.htm

Andersen et al. (2006) point out that logarithmic time series of RV typically are much closer
to being homoskedastic and (unconditionally) normally distributed (i.e. the RV is close to being
log-normally distributed). As can be observed from Table 1 below, this also holds for the realized
volatility series. The ‘raw’ series represent the untransformed series of (1) and the ‘log’ series
represent the log transformed RV series. All of the raw series are heavily skewed and exhibit
strong excess kurtosis, which leads to a rejection of the null hypothesis of the Jarque-Bera test
on normality. Compared to its raw series, the distributional properties of log RV (henceforth
referred to as ‘LRV’ or ‘y’) are more favourable and closer to being normally distributed. The

LRV will therefore be used for further analysis.

Although the log transformation is favoured, it can be problematic as the ultimate goal is
to forecast the raw series. Using log transformed series as dependent variable in, for example
a linear regression model, leads to log forecasts. Hence, the predicted value at t + k£ should be
converted back to its ‘raw’ value. The naive approach is now to simply take the exponent of

this predicted value and assume that:
RVaype = exp (LRVy 4 2)

However, the k-step prediction of LRV is in fact the conditional expectation of LRV at t+k, using
all information available at ¢ (Z;). As the exponent is a convex function, the transformation is
not straightforward. The inverse of the expectation of a convex function introduces Jensen’s

Inequality (1906), which states the following:
Elf (Xew)Ze] = f (Ee[Xo1k|Te])  or

Elf (Xepn)|Ze] = f (B[ Xoqn|Ze]) + viera, (3)

where v;1j represents the error term not captured by the naive transformation of (2) and
f(-) is a convex function, such as the exponent. The most obvious solution to find vy is to
use the relation between the normal and lognormal distribution, which provides an accurate
transformation. However, this requires two strong assumptions. The first is that the (log) series
have to be normally distributed. As the LRV series for equities is non-normal distributed, it
is unclear whether this assumption is appropriate. Secondly, the transformation requires an
estimate of the conditional volatility of the dependent variable. This estimate is easily obtained
when using OLS, but is quite tedious and often unknown for more advanced techniques. On
top of that, Andersen et al. (2006) argues that for short periods the correction term can be
considered negligible. As only one-step forecasts are considered here, albeit monthly, the naive
transition of (2) will be used to obtain the RV forecasts.

2.2 Preliminary analysis
2.2.1 Realized volatility series

Table 1 below presents an overview of the characteristics of the dataset in five panels. It can

be observed from Panel A that the LRV for different asset classes show similarities, yet all of



them hold unique characteristics. Most important is that RV for equities and commodities are
non-normal, as the Jarque-Bera test statistic rejects the null hypothesis at a 5% significance
level. The stationarity of the data is informally tested by testing whether the AR(1)-coefficient
(¢1) is significantly different from 1, which would lead to conclude that the time-series has no
unit-root. This appears to be the case and is confirmed by the Augmented-Dickey Fuller test,

which rejects the null-hypothesis of a unit root in all four cases.

Panels C to E provide insight in how the different classes relate to each other, in other words,
how ‘integrated’ they are. Panel C provides the standard cross-correlation values between the
four classes. The equity class correlates moderately with all classes and, quite remarkably,
most with the commodities class. Other than between the bonds and FX-aggregate class, the
correlations are negligible. Panel D shows the correlations between the RV of class i at ¢
and the RV of class j at t — 1. The diagonal contains the first-order autocorrelation for each
class, which corresponds with the AR(1) coefficients of Panel B. The ‘auto-correlation’ between
classes can be relatively high (e.g. equities and commodities, bonds and FX-aggregate), but
also negligible (e.g. FX-aggregate and commodities, bonds and commodities). This relation is
further investigated in Panel E, where the one-month lagged series of class j is added to the
AR(1) model of class i:

Yit41l = €+ P1Yit + P2,jYjt + Et41, (4)
which aims to reveal whether the lagged value of class j has additional predictive information
for class i, on top of the lagged value of class ¢. The results are disappointing, as only the

t-values between stocks and commodities is significant at a 5% significance level. In further

analysis on the predictability of RV, the lags of other asset classes are disregarded.
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Table 1: Descriptive statistics of the realized volatility series

Equities Commodities FX-aggregate Bonds

Log Raw Log Raw Log Raw Log Raw

A. Distribution

ean -3.215 0.045  -3.080 0.052  -4.059 0.019  -4.014 0.019
Standard Deviation 0.452 0.028 0.466 0.028 0.394 0.008 0.356 0.007
Skewness 0.814 3.737 0.349 2.156  -0.111 1.264  -0.005 1.220
Kurtosis 4.436  24.404 3.032  10.357 3.355 5.513 3.114 5.795
Jarque-Bera p-value 0.000 0.000 0.033 0.000 0.293 0.000 0.912 0.000
B. Stationarity .

AR(1) coefficient (¢1) 0.712 0.771 0.657 0.582
t-statistic (¢1 — 1) -7.483 -6.600 -8.335 -9.325
R? 0.507 0.597 0.433 0.335
Augm. Dickey-Fuller p-value 0.000 0.004 0.000 0.002
C. Cross-correlation

Equities

Commodities 0.480

FX-aggregate 0.250 0.025

Bonds 0.325 0.044 0.338

D. Lagged cross-correlation

Equities 0.712 0.383 0.206 0.244
Commodities 0.403 0.773 0.009 -0.011
FX-aggregate 0.169 -0.037 0.658 0.257
Bonds 0.190 -0.009 0.278 0.579
E. Extended AR(1) model: yi41,: = ¢+ gz$1 iYti + P2Ytj + €1

t-statistic (d)g E) 0.373 1.031 1.250
t-statistic (d}z c) 1.812 - -0.186 -0.813
t-statistic (¢2,r) -0.259 -1.631 - 1.462
t-statistic (¢2,5) -1.243 -1.227 1.429 -

Notes: (i) The ‘Raw’ columns refer to the realized volatility as defined in (1), and the ‘Log’ columns represent the
log transformed Realized volatilities. (ii) The Augm. Dickey-Fuller test is applied on the ‘level’ series, including
a trend, intercept and a number of lags. (iii) The lagged cross-correlation refers to the correlation between the
RV series class ¢ and the one month lagged series of class j.

To provide a better idea of the nature of the series, Figure 1 below shows a graphical
illustration of both the log (blue) and raw (red) RV of the four asset classes. The raw series
appear to be quite stable. However, there are several strong peaks in the series for all four
classes. These appear to correspond with periods of large shocks (1987, black Monday) and
crises (2008, financial crisis). The log transformation magnifies the behaviour of the RV, both
on long and short term. The volatility appears to follow a ‘wave-pattern’ over the whole window,
especially for equities, which signals periods of low and high volatility. The short term pattern
in volatility seems to be quite volatile, as range in which the volatility moves is relatively wide.
In short, all series display a changing ‘behaviour’ over time and also appear to act differently

between asset classes.
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Figure 1: Graphical illustration of the time-seris of (Log) Realized Volatility
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Notes: (i) The blue (red) line and left (right) vertical axis correspond to the log (raw) RV series. (ii) The
horizontal axis presents the time frame in years.

The added value of the macro-finance variables will be reviewed with respect to an AR
model, which makes it important to account for the dynamic behaviour of the persistence of
the RV series. Fixing the number of lags would potentially lead to a suboptimal fit, which on
its turn will negatively influence the quality of the analysis. To account for this problem, the
number of lags that are used each estimation window is optimized separately for each asset
class. The autoregressive model, up to five lags, which yields the lowest BIC value is selected
as the baseline model for that sample. The BIC is favoured over other criteria as it assumed to
reflect the desired trade-off between model fit and parsimony. The BIC penalizes larger models
more strongly than, for example, the Akaike Information Criterion (AIC). This will generally
lead to smaller models. The optimization of the number of lags is shown in Figure 2 below.
All four asset classes display substantial variation in the optimal number of lags, especially in
the commodities and bonds class. Higher order autoregressive models appear to be favoured.
Lastly, the optimal number of lags per asset class each period appears to be unique to that
class. For example, in the period of 1998 to 2002 the equities class consistently favours the
AR(5) model while the optimal number of lags for the bonds class is relatively low during that
period. Allowing for different lags each period appears to be the right choice, as there is little

consistency of the optimal number of lags both within and between classes.
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1

Figure 2: Dynamic behaviour of the optimal autoregressive model
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Notes: (i) The optimal number of lags each period is determined by the autoregressive model which has the

lowe

st BIC value. (ii) The vertical axis represents the number of lags included in the optimal AR model in each

period, which can be up to five lags. (iii) The horizontal axis presents the time frame in years.

2.2.2 Macro-finance variables

Table 2 below presents the summary statistics of the complete set of possible predictor variables.

The dataset is subdivided in five different groups, consisting of variables that either target a

specific asset class (A — C) or variables that proxy for risk not directly related to a particular
asset class (D and E):

A.

Equity Market Variables and Risk Factors. Contains primarily variables that are drawn from
the literature on predicting equity returns. Though a good variable in terms of predicting
returns is not necessarily useful for predicting realized volatility, there is a strong link.
Besides the fact that the RV is based on returns, equity return models often include variables
that proxy risk. Possibly the most well-known variable for predicting equity returns, the
Fama-French model (Fama and French, 1992), relies solely on risk proxies (i.e. MKT, SMB
and HML). Though analysed from a cross-sectional point of view, the concept could hold
over time as well. Variables such as the D-P and E-P (see, amongst others Brandt, 2009;
Campbell and Shiller, 1988) can be argued according to the same logic. Furthermore,
the set holds a short term reversal factor and the return on the MSCI World Index, to

13



capture the leverage effect. This effect states that negative returns are often associated
with higher volatility (Black, 1976), changing patterns in (lagged) returns could therefore
correspond with similar patterns in realized volatility. Lastly, the S&P500 monthly turnover
is included, as it is claimed to proxy for market consensus and corresponding uncertainty

on future values (Scheinkman and Xiong, 2003).

. Interest Rates, Spreads and Bond Market Factors. Holds variables most closely related
to bond returns. The T-Bill rate represents the short term return on (effectively riskless)
government bonds. It appears to be a useful predictor for predicting equity returns (Ang and
Bekaert, 2007). Furthermore, the group contains the long term bond return and term spread.
Increased uncertainty or a change in investor sentiment might lead to a shift towards long-
term bonds, causing changes in its price (and underlying interest rates). In other words,
strong changes in bond returns might signal increased future uncertainty/volatility. The
term spread, the difference in the yields between short- and long term bonds, has also been
documented as a useful variable, both for equities and bonds (Fama and French, 1993).
Lastly, the Cochrane-Piazzesi factor (2005) is included as it should hold information which
is not included by common term structure models, let alone a straightforward term spread

variable.

. FX Variables and Risk Factors. Includes the average forward discount and two other foreign
exchange rate specific variables based on the work of Lustig et al. (2011). The forward
discount measures the difference between domestic current and future spot exchange rates
to a certain currency. A differential signals that future spot rates might appreciate or
depreciate, depending on the sign of the difference. The average forward discount here is
the average of the exchange rate of the US dollar against various major currencies, thereby
reflecting the overall expected position of the US dollar from a global market point of
view. The factors by Lustig et al. (2011) are derived from the first two factors of principal
components analysis on a broad set of currency portfolio returns. The first factor is identified
as the dollar risk factor, which can be interpreted as the average excess return on currencies.
The second factor, referred to as the carry risk factor, represents the difference in high and

low interest rate currencies.

. Liquidity and Credit Risk Variables. A change in credit risk is considered as a fourth possible
signal for increased market uncertainty, represented here by the default spread. Measured
as the yield spread between BAA and AAA bonds, it is argued in Christiansen et al. (2012)
that it tends to be positively related to leverage, the ratio of equity over debt. An increase in
credit risk will make borrowing more expensive (i.e. higher interest rate), which could lead
to a shift towards equity. According valuation models (see amongst others Merton, 1974)
an increased leverage should on its turn affect volatility. Furthermore, the TED spread
(difference between three-month LIBOR and T-Bill rate) and FX Average Bid-ask spread
are used as proxies for the funding liquidity in interbank markets and FX market liquitidy,
respectively. Additionally, the liquidity factor of Pastor and Stambaugh (2003) is included
to proxy for stock market liquidity. The relation between liquidity and realized volatility is

not obvious. High liquidity signals a state of the market where assets are readily available.
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This easy access might suppress the bid-ask spread, which could lead to more ‘stable’ prices

and corresponding lower realized volatility.

E. Macroeconomic Variables. The final and largest group contains a selection of general macro-
economic variables, representing the state of the general economy. Given that these vari-
ables reflect the state of the economy, they could attribute to predicting realized volatility as
well. As already briefly mentioned in the introduction, Mele (2007) points out that macro-
economic variables potentially proxy for (time-varying) risk premia. This would directly link
the macroeconomic variables to realized volatility, though different variables could proxy for

different risk premia.

As some groups of variables are more closely related to specific asset classes, it is not expected
that exactly the same set of variables will be selected as most valuable predictors in each
class. However, as revealed by Fama and French (1993), their could be some form of predictor
‘integration’. The correlation between different asset classes can be substantial, as shown in
Table 1, which makes it reasonable to think that at least some variables work for multiple
asset classes. Furthermore, it is implicitly assumed that the causal relation between the macro-
finance variables and realized volatility is that the former explains the latter. The paper holds
the perspective that the macro-finance variables potentially hold information relevant for the

future movement of the realized volatility, and not the other way around.
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Table 2: Descriptive Statistics of the full set of potential predictor variables

Variable Abbr. Mean Std. Skew. Kurt. JB.
A. Equity Market Variables and Risk Factors

Dividend-to-Price Ratio (Log) (*) D-P -0.003 0.046 0.776 6.437 0.000
Earnings-to-Price Ratio (Log) E-P -3.023 0.428 -1.312 6.509 0.000
US Market Excess Return MKT 0.006 0.046 -0.909 5.756 0.000
Size Factor SMB 0.001 0.032 0.816 11.458 0.000
Value Factor HML 0.004 0.032 0.049 5.529 0.000
Short Term Reversal Factor STR 0.004 0.034 0.176 8.347 0.000
S&P500 Turnover TUR 0.013 0.165 -0.065 3.377 0.330
Return MSCI World MSC 0.007 0.043 -1.197 6.424 0.000
B. Interest Rates, Spreads and Bond Market Factors

T-Bill Rate (Level) (*) T-B 0.000 0.002 -0.947 5.118 0.000
Rel. T-Bill Rate RTB -0.002 0.008 -0.256 2.756 0.105
Long Term Bond Return LTR 0.008 0.030 0.201 4.804 0.000
Rel. Bond Rate RBR -0.002 0.006 -0.345 4.537 0.000
Term Spread (*) T-S 0.000 0.003 0.343 3.669 0.002
Cochrane Piazzesi Factor C-P 1.222 1.559 0.411 3.337 0.004
C. FX Variables and Risk Factors

Dollar Risk Factor DOL 0.121 2.189 -0.349 4.028 0.000
Carry Trade Factor C-T 0.055 2.580 -0.688 4.371 0.000
Average Forward Discount AFD 0.177 0.186 0.883 7.870 0.000
D. Liquidity and Credit Risk Variables

Default Spread DEF 0.010 0.004 2.525 12.644 0.000
FX Average Bid-ask Spread BAS 0.129 0.050 1.949 7.629 0.000
Pastor-Stambaugh Liquidity Factor PS -0.026 0.068 -1.759 10.456 0.000
TED Spread TED 0.007 0.005 1.800 8.767 0.000
E. Macroeconomic Variables

Inflation Rate, Monthly INM 0.002 0.003 -1.380 11.274 0.000
Inflation Rate, Yearly INA 0.029 0.013 -0.479 4.401 0.000
Industrial Production Growth, Monthly IPM 0.002 0.007 -1.375 10.376 0.000
Industrial Production Growth, Yearly IPG 0.022 0.043 -1.600 7.455 0.000
Housing Starts H-S -0.023 0.248 -0.040 4.565 0.000
M1 Growth, Monthly MIM 0.004 0.008 1.511 13.751 0.000
M1 Growth, Yearly M1A 0.048 0.050 0.293 2.307 0.003
Orders, Monthly ORM 0.001 0.018 -0.044 3.086 0.899
Orders, Yearly ORA 0.012 0.069 -1.509 8.491 0.000
Return CRB Spot CRB 0.002 0.027 -1.761 17.660 0.000
Capacity Utilization CAP 0.000 0.007 -1.143 9.120 0.000
Employment Growth EMP 0.001 0.002 -0.364 7.392 0.000
Consumer Sentiment SEN 0.000 0.047 0.069 5.653 0.000
Consumer Confidence CON 0.000 0.083 -0.291 9.908 0.000
Diffusion_Index DIF 8.669 16.929 -0.635 3.563 0.000
Chicago PM Business Barometer PMB 55.173 7.323 -0.379 3.390 0.006
ISM PMI PMI 52.102 5.351 -0.399 3.789 0.000

Notes: (i) Variables with a (*) are non-stationary according to the Augmented Dickey-Fuller (ADF) test, includ-
ing a constant, trend and a number of lags. To correct for the non-stationarity, they are transformed to their
first differences (i.e. ya+ = y+ — y¢—1). (ii) Variables with a (Log) are transformed to logarithmic variables, i.e.
X (log) = log(X). (iii) The JB column holds the p-values of the Jarque-Bera test for normality.
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3 Estimation techniques

The large set of possible predictor variables (henceforth denoted by X) provides an almost
infinite amount of different model specifications. Evaluating every possible combination of
predictor variables in a linear predictive regression model implies the estimation of 23% (over
274 billion) different models. Besides the computational intensity of this approach, Stock and
Watson (2006) reveal that there are many pitfalls on the road when analysing a large set of
regressors. The main problem comes forth from the relation between the number of regressors
(K) and observations (NV), as the forecast error variance of a model estimated with OLS is
proportional to K/N. Clearly, if K is large relative to N, this error become non-negligible. In
fact, it could occur that a model without any regressors has a better forecasting performance
than a model with all regressors. In other words, it is better to disregard all the information in
the possible predictor variables. Thus, parsimony is key when trying to ‘improve’ upon a model

without any predictors. However, this poses the question which predictors to select.

To address this issue, a wide range of ‘robust’ estimation techniques are applied, primarily
based on Kim and Swanson (2014a), which all will be explained into detail in the sections below.
The motivation of using a wide range of different techniques is twofold. On the one hand,
all techniques provide a different perspective on forecasting using a set of large predictors.
On the other hand, using many different techniques provides an implicit robustness check;
is the performance of one model simply due to luck or is it consistent for all the different
estimation techniques? Given that many of the methods that are used in this paper rely on input
parameters or ‘hyper-parameters’ which have to set in advance, using different methods will also
account implicitly for the sensitivity to these parameters. This is especially important for the
purposes of this paper, as it aims to identify the most important macroeconomic determinants
for predicting realized volatility. The techniques used in this article can roughly be divided in
four classes, namely: penalized regressions, dynamic factor models, forecast combinations and

bootstrap aggregation.
3.1 General set-up

Though the possible macro-finance predictors are expected to hold information about future
values of LRV, their actual relevance should be reviewed in light of their added value to a
simple model which solely contains a number of lagged values of LRV. As shown in the previous
section, the LRV series are highly persistent, but this persistence varies over time. In other
words, consecutive values of LRV are strongly related and are very useful in forecasting future
values. For this reason, each model starts in each period with an optimized number of lags, as

explained in the previous section:

Yt = Bo + Bryci—1 + &, (5)

where y, is a matrix that can contain up to five month lagged values of y and 8, the correspond-
ing coefficient vector, estimated using OLS. Finding the optimal subset of predictor variables

can therefore be seen as a search for a subset variables which improve upon the autoregressive
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fit.

To analyse the above, a rolling window of 90 observations is used as estimation window,
which translates to 7.5 years of monthly observations. The choice of the number of observations
is the result of a trade-off between statistical reliability and economic validity. Considering the
number of possible predictors that can be included, using less than 90 observations could severely
endanger the reliability of the methods. From a pure statistical point of view, using more than
90 observations would actually be more favourable. However, from an economic point of view
this is considered undesirable. By using data for a certain period, it is implicitly assumed that
the parameters are constant during that period. As the stability of the relation between RV and
the economic variables is unclear, it makes sense to limit the estimation sample to most recent
observations. As the aim is to forecast only one month ahead, the ‘current’ relation between

RV and the explanatory variables is most likely found in these observations.
3.2 Penalized regressions

Penalized regressions form the first class of estimation techniques with which the predictability
of RV is analysed. The class is represented in this article by four variations: Ridge regressions,
the least absolute shrinkage selection operator (lasso), elastic net (EN) and least angle regres-
sions (known as LARS). Penalized regressions in general can be defined as an adjusted OLS
minimization problem. Rather than only minimizing the sum of squares, as with OLS, it also

takes into account an additional term, often labelled as the ‘penalty’ term:

g7 = argminlly — X85 + Al ©)

where |||, = (3, |xi\p)1/p, A a positive scalar that controls the strength of the penalty, and
a vector of length K. For any A > 0, this will generally lead to estimates different from the OLS
solution (B"ls ). As the minimization in fact poses a restriction on the magnitude of the betas,
this will generally lead to betas closer to zero. In other words, the penalty function ‘shrinks’
the betas towards zero. The underlying idea of this shrinkage can perhaps best be explained
with use of the decomposition of the mean squared error (MSE) of the estimated betas into the

squared bias and variance of §:

MSE(B) =E [(5 - 5)%|

2

MSE(S) = Bias(3)? 4 Var(J3) (7)

As the betas estimated by OLS are unbiased, its MSE is equal to its variance. Since the re-
sulting betas from a penalized regression move away from the OLS solution by directing them
towards smaller values, they will likely introduce some bias into equation (7) above. However,
if this increase in bias is at least offset by a decrease in the variance, the penalized regres-

sion has improved upon simple OLS in terms of the MSE. However, the aim is to increase the
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forecasting performance and not to minimise the MSE. The penalized regressions will there-
fore only improve on OLS if this bias-variance trade-off also leads to an increased forecasting
performance. Suppressing the size of § via the shrinkage parameter makes it less vulnerable
to outlying observations and other sample specific effects. This on its turn could improve the
forecasting performance of y, the actual goal of this paper. Stock and Watson (2006) point
out that OLS with many predictors typically perform badly in terms of (forecasting) accuracy
and (i.e. it will lead to estimates of the parameters which are difficult to relate to underlying
theory). Letting OLS decide on the parameter values, without imposing restrictions, poten-
tially leads to a model fit which is specific to the sample it is based on. Guiding the parameter
estimates to smaller values, in fact tries to prevent that the parameter estimates become too
sample specific. As X contains a lot variation in terms of origin and relation to RV, it provides
reason to think that penalized regressions will lead to improved forecasts, at least compared
to the model which simply includes all predictors. The aim is, however, to improve on the

autoregressive benchmark.

In the application of all forms of penalized regressions used in this paper, both y and X
are centred around their means. This allows to exclude an intercept term in the minimization
function. As the intercept often approximates the mean of y, of which the mean is zero when
centred, including an intercept will not influence the estimates of 5. More importantly, variables
in X are scaled to have unit sample variance. Not scaling (or standardizing) the possible
predictor variables would lead to a bias towards variables with very large values compared
to y (i.e. this leads to small betas by nature). Standardizing the variables solves this issue.
Note that y is not scaled to have unit variance. Standardizing y will also affect the coefficient
estimates. Subsequently, this might lead to a different optimal shrinkage parameter. As the
shrinkage parameter is optimized in this paper, which will be explained later in this section,
standardizing y is not considered to be important. Whether vy is standardized or not, a shrinkage

parameter will be selected which leads to the ‘optimal’ solution.
3.2.1 Ridge regressions, lasso and elastic net

Two well-known forms of penalized regressions are the ridge regression (Hoerl and Kennard,
1970) and lasso (Tibshirani, 1996), which use p = 2 and p = 1 as norm in the penalty term,
respectively:

pridae =argéninllnyﬁH§+MlﬁH§ 8)

Blasso — arg;ninHy — X,BH% + )\HBHl (9)

The methods are closely related, as they only differ in the penalty function they employ: A
‘squared’ norm in the case of ridge regressions and an ‘absolute’ norm for the lasso. The effect of
the shrinkage parameter and the relation of the estimated coefficients of the ridge regression and
lasso with the estimated coefficients according to OLS, becomes clear in an orthogonal setting

(i.e. the columns in X are uncorrelated) (amongst others, see Kim and Swanson, 2014b). In
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this setting, the above optimization functions can be rewritten to:

N Bols R
Bridge — and 51(1350 — <

Rols
1+ XM 8

o /Q)W sign (BO“) , (10)

where |x| is the absolute value of x, sign(z) is equal to £1 and (x)ps is the positive part of
x (i.e. all negative elements are removed). From above equation it is visible that the OLS
coefficients in a ridge regression are linearly scaled by the shrinkage parameter. The conversion
of the OLS coefficients to lasso estimates is more complex. Only those coefficients of which the
absolute value is larger than half the shrinkage parameter are retained. The lasso therefore has
the capability to set the coefficients at exactly zero, while the ridge regression has not.* This
generally leads to more parsimonious models for the lasso. How the different penalties operate
and why they differ can further be explained by rewriting the general penalized regression

expression of (6) to a constrained optimization problem:

g = arg;ninuy — XB|13,  subject to||8]], < t, (11)

with ¢ as parameter that controls the strength of the shrinkage. The interaction between the
minimization of the sum of squares and the restriction is illustrated in Figure 3 below. The
example limits itself to two regressors, in order to be able to illustrate the effects clearly. The
red ovals and dotted lines in Figure represent the confidence ellipse of the estimated betas (B)
and the constraints, respectively. The shape of the constraint is determined by the combinations

of values for 51 and By of which the p-norm is equal to t.

In the case of simple OLS, the confidence ellipse of ﬁ will position itself at a point where
it minimizes the sum of squares. However, in the case of penalized regressions it also has to
satisfy the restriction. Graphically this means that the confidence ellipse has to find a point
where it is tangent with the given restriction. This limits the size of the estimates of beta, as
the restriction only allows a limited number of combinations via t. The smaller ¢ is, the smaller
the shape will be and also the estimates of beta. It is therefore obvious that ¢ controls the
strength of the shrinkage. From Figure 3a it is visible that for p = 2 in the ridge regression, the
restriction becomes a circle. The tangent point can therefore only be close to the y-axis, where
B2 is zero, but can never lie exactly on the y-axis without intersecting the boundary line of the
restriction. The absolute norm of the lasso (p = 1, Figure 3b) leads to a tilted rectangle, which
does provide a tangent point which lies exactly on one of the axes. The lasso, which uses the
absolute norm, therefore implicitly executes variable selection. As a result, the lasso generally

leads to a more parsimonious model than the ridge regression (Tibshirani, 1996).

4Coefficients are considered to be zero if they are ‘effectively’ zero. That is, if coefficients are smaller than
0.001 they are set at zero. Given the fact that the variables are standardized to have a zero mean and unit
variance, the impact of a variable is considered negligible when the coefficient is that small.
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Figure 3: A graphical illustration of the penalty functions of the ridge regression and lasso

(a) The squared L2-norm (b) The ‘absolute’ L1 norm

Notes: (i) The figure presents the working of the penalty functions of the ridge regression (a) and lasso (b) of a
model that consists of two indepdent variables. (ii) The dotted lines represent the penalty function, which’ shape
is determined by connecting all possible combinations of 31 and (2 that lead to a norm equal to t. (iii) The red
ovals represent the confidence ellipses of the beta estimates.

Still, Zou and Hastie (2005) reveal that the lasso is an inappropriate method in two cases.
Firstly, when K is larger than NN, the lasso selects at most N variables, given the nature of
the optimization problem. Secondly, in case there is a group of variables which have high
pairwise correlations the lasso tends to randomly select only one variable from that group. This
variable is not necessarily the ‘best predictor’ and can therefore affect the predictive power of
the resulting model. It is empirically observed that the ridge regression can outperform the lasso
in terms of prediction as a result of these two cases (Tibshirani, 1996). As they strongly limit

the use of lasso, Zou and Hastie (2005) developed the naive elastic net (NEN) regularization:

Bnen:argéninHy_XlBH%—i—)qH,@H%‘i‘)QHBHI (12)

This is equivalent to solving the residual sum of squares, subject to a constraint that combines

the ridge regression and lasso penalty:

g = arg;ninHy — XBl[3,  subject to (1 —a)||Bll +allB|3 <t, (13)
where a = Al’}f/\rz. Thus, NEN uses a combination of the penalty terms of the ridge regression

and lasso, which they refer to as the ‘elastic net penalty’. The strength of each penalty is
determined by a € [0,1). Correspondingly, NEN has the characteristics of both the ridge
regression and lasso when o > 0. The two main problems of the lasso are solved by the NEN
in the following manner. The solution to the first problem, the limitation of variables to select
if N is smaller than K, is solved as follows. It is best explained when using the ‘augmented’

representation of the NEN, which is equivalent to solving (12). The augmented representation

21



first augments X and y to:

) - X " y
X(viryxx = (14 A2) UQ(\/)TQI), Y =N+K= <0>,

where X and y, originally of length IV, are extended to length N+ K through a unit matrix Ik of
size K and zero vector O of length K, respectively. Subsequently, by defining v = A1/(1+ \2)
and 8% = /1 + Ao the solution to the NEN on augmented data can be expressed as:

L(v,5%) Zargﬁminlly* — X*B|13 +~118*11 (14)

The sample size of X* is now N + K, which implies that the NEN procedure can select all
K predictors. Hence, the first problem is solved. This problem is, however, no issue in this
paper as the number of observations in the estimation sample is always larger than the number
of predictors. The second problem is related to correlated predictor variables. Zou and Hastie
(2005) argue that the lasso is unable to deal with variables in the full set of predictors which have
high pairwise correlations. As a result, the lasso will randomly select one of those correlated
variables, which is not necessarily the most relevant one. The elastic net, however, does not
select one of these variables, but selects the whole group of these correlated variables at once.
This is what Zou and Hastie (2005) refer to as the ‘grouping effect’. As the set of predictors used
in this paper all to a greater or lesser extent proxy for risk, it could be that one more variables are
highly correlated. Tables 12, 13 and 14 show the correlations between the 38 potential predictor
variables, measured over the full sample. It appears there are variables which have relatively
high correlations with each other, though only a small fraction of the variables have pairwise
correlations higher than 0.7. As the correlations are measured over the full sample, it is difficult
to say how the correlations behave in different sub-samples. It could be that the correlations are
strongly affected by certain periods of extreme observations. Still, the inability of the lasso to
deal with this scenario make the use of the elastic net important. Not only because it is able to
deal with correlated variables, but also because it can act as a ridge regression-lasso switching
model. Using (12) to optimize the shrinkage parameters, without restricting that both should
be larger than zero, allows the NEN to be equal to the ridge regression or lasso. Restricting the
parameters to be larger than zero would mean that the NEN always has the properties of both
the lasso and ridge regression, but does not necessarily imply that its forecasting performance
is better than the ridge regression or lasso. Dropping this restriction therefore provides a great

amount of flexibility, which ultimately could improve the performance of the forecasts.

Lastly, Zou and Hastie (2005) point out that there is double shrinkage in the NEN, which
eventually may lead to extra bias without reducing the variance. The naive elastic net problem
is solved by moving through two dimensions. This double shrinkage becomes especially clear in

the expression of 3" in an orthogonal setting:

(

The solution of the naive elastic net in this setting is a combination of the solutions of the

Bols

*)\2/2>
14+ X

fren — PO Gion ( Bols) (15)
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ridge regression and lasso, as presented in (10). It is directly visible that BOZS is subject to the
shrinkage of both A\; and A2. In the optimization of the shrinkage parameters, the function
has to evaluate all different combinations of A\; and A\y. For each fixed \; one has to find the
optimal Ao, thereby shrinking the parameters twice. They point out that naive elastic net does
not perform that well empirically, as a result of the double shrinkage. With the elastic net
(EN) they propose a straightforward correction for this, which removes the double shrinkage

and retains all the good properties of the lasso and ridge regression:

Ben _ (1 + )\I)Bnen (16)

The predictor variables in X are evaluated for their added value to the autoregressive model.
The coefficients of this autoregressive model are not subject to the shrinkage. As the shrinkage
could lead to estimates of 8 that are very small or even exactly zero, shrinkage on the coefficient
estimates of the AR parameters could lead to the situation that a higher order lag is included,
but a lower order lag is excluded. This implies that the best forecast comes from ignoring
the most recent information and relying on more historical information instead. This is highly

undesired. The minimization argument in (6) is therefore adjusted accordingly:
B = al"géﬂinHyt —yra—1Bc — Xi1Bx |5 + M|Bx|lp, (17)

where yz ;1 is the matrix of lags of y;, and 8 = (gf{) Furthermore, a constant is excluded

from the minimization procedure as y is centred around its mean.

Finding the optimal setting of a certain model forms an important aspect in all of the above
described methods. To ‘tune’ the parameters and select the optimal number of variables to
forecast with, cross-validation is employed (for example, see Hastie et al., 2001). The use of
cross-validation is favoured over other validation methods, such as picking the optimal model
which has the lowest value of a certain information criterion, is due the nature of the methods
applied here. As explained in the beginning of this section, the penalized regressions are based
around the mean-variance trade-off. If a shrinkage parameter is greater than zero, the solution
will move away from the typical OLS solution. Hence, its bias increased and its variance
potentially decreased. Put differently, the in-sample fit may be worse, but its out-of-sample
forecasting performance may have increased compared to the model estimated with OLS. As
the model fit forms an important component of information criteria, there might be a tendency
towards the OLS solution. Based on a standard linear regression model, y; = X;_18 + &; with
g; ~ N(0,0?), information criteria (IC) in general can be described by the following equation
(Zhang et al., 2010):

IC = log(6%) + kndf (B), (18)

where 6% is the maximum likelihood estimator (MLE) of 0%, ki is a penalty function for number
of parameters in 3 and/or number of observations, and df (B) represents the degrees of freedom
of the estimate of 5. The IC can be broken down in two parts: the goodness-of-fit and penalty

function. The first part, represented by log(62), determines how well the estimated model fits
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to the data. The lower the MLE of o2, the error variance, the better the fit. The second
part, kydf (B), is the penalty function. The higher the degrees of freedom of B or the size
of the estimation sample (N), the higher the penalty. As the degrees of freedom corresponds
to the number of parameters in the model (i.e. variables), the IC penalizes complex models
more strongly. Generally speaking, IC aim to balance the model fit and its complexity. An
argument for choosing cross validation over information criteria, is the assumption of normality
to find the MLE of the error variance. This assumption generally holds for OLS, but it not
necessarily has to hold for the penalized regression estimates. The possibility exists that the
OLS solution is always favoured (i.e. A = 0) as it has by nature the best fit (i.e. it minimizes
the residual sum of squares). Though, the information criteria also incorporate the complexity
of the model (i.e. number of parameters) by giving a penalty to larger models. The decrease
of the penalty may absorb the increase in the estimated error variance, which could result in
an optimal shrinkage larger than zero, but this not necessarily has to be the case. The method
of cross-validation does not rely on the underlying fitting procedure of a method and thus is
independent of the distribution of errors.® It determines the quality of a model on its ability to

forecast observations of a sample, when these observations excluded from the sample.

Technically, CV starts by setting a grid of possible tuning parameters, say (Ai,...,\,), and
subdivides the training data in N equal parts. The estimation method is then executed, given a
certain fixed parameter \,, on all training data but the n-th part. The estimated model is used
to predict the n-th part, which was excluded in the estimation. This is repeated N-times, until
all parts have been excluded (and predicted) once. The next step is to collect the predictions
and calculate the CV prediction error. This is then repeated for each possible value of the
tuning parameter and selects the tuning parameter with the lowest CV estimation error. The
N-fold CV-error is defined by:

N
CV(A) = =Y En(}), with (19)

The B”C in above equation is the estimated [ over all but the n-th part of the data. A com-
plication of the use of CV here, is that the order in time-series is of crucial importance. The
procedure of CV as described above is to simply remove a part of the data, without explicitly
taking the time-series structure into account. CV leads to ‘predicting’ data, using a model that
has been estimated on data that comes from a later time period. To account for this, CV is
modified in the following manner. For a sample of K observations, the procedure starts with a
set of the first T' observations, the estimation sample, which is considered to be the minimum
number of observations necessary to estimate a model. This leaves K — T observations left to
‘cross-validate’ the parameters with. In the first step, the model is estimated on these first T

observations and then forecasts observations 7'+ 1 as one-step ahead forecasts. In each of the

®Note that the selection of the optimal number of lags is executed with use of the BIC. As all the autoregressive
models are estimated with OLS, the assumption of the normal distribution of the errors is appropriate.
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following steps, the observation that has been predicted in the previous step is added to the
starting set of T observations. After the last step, the estimation sample consists of N — 1
observations and K — T one-step ahead forecasts are obtained. The cross-validation error can
now be calculated via (19), similar to standard cross-validation. This process is then repeated
for each of the shrinkage parameters and the parameter which leads to the lowest CV forecast
error is selected as the optimal parameter. In this paper, which uses a moving window of 90

observations, 7' is set at 60.

The optimization of the shrinkage parameters of the ridge regression, lasso and NEN is
limited to the following grid: (0, 1, 2, 3, 5, 7, 10, 20, 30, 50, 70, 100). The grid reflects the trade-
off between the computational burden and a sufficient amount of possibilities to optimize over.
The grid contains extremes 0 and 100, which represent the cases where no shrinkage is imposed
and where all coefficients are (very close to) zero. Furthermore, the values in between reflect
limited, medium and heavy shrinkage. Lastly, note that the (N)EN requires two-dimensional
CV, as the function contains two parameters. This grid allows the NEN to take the form of a
ridge regression, lasso or unrestricted OLS, as either one or both of the parameters can be zero.

After finding the optimal shrinkage parameters, the one-step forecast for ;11 is determined as:

Y1)t = Hyt + yﬁ,tBE + XtB;(a (20)

where B} represents the betas as a result of the optimal shrinkage parameter(s) and fi, ¢ repre-
sents the mean of y in the estimation period, which has to be added back as y is centred around

its mean.
3.2.2 Least Angle Regressions

LARS as introduced by Efron et al. (2004) is a stepwise estimation algorithm that closely resem-
bles the penalized regressions introduced above. The underlying idea of the LARS algorithm
is to build a model step-by-step, by adding one variable at a time. The procedure starts by
setting the coefficients of all possible K predictor variables equal zero, thereby having a first
estimate of the fit as jip = X’ B = 0. Subsequently, the predictor that correlates most with
dependent variable y is added to the ‘active set’ of variables. The coefficient of this predictor
is then increased in the direction of its correlation with y, until another predictor has as much

correlation with the remaining residual:

¢ (21, (= i) = ¢ (2, (¥ = ) » (21)

where fi(1) = T} 31. This equicorrelation requirement simultaneously determines the next pre-
dictor to be added to the active set as well as how to update the current ‘fit’. The process
continues in the same way for all predictors and is stopped when all have entered the active
set. Efron et al. (2004) describe that the lasso only differs from LARS in a sign restriction it
enforces on the variables in the active set after each step. The lasso requires that the sign of

any non-zero coefficient Bj, which is part of ot = X B, must be equal to the sign s; of the current

In the case that either \; or A is zero, then B”e" is not additionally scaled, as there is no double shrinkage.
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correlation ¢(;) = xg(y — f1). If this restriction is not satisfied, the corresponding variable z; is

removed from the active set and disregarded in subsequent steps of the algorithm. LARS and
lasso move parallel to each other until the sign restriction of a certain coefficient is violated, say
step k. From step k& and forward the LARS and lasso will not be similar and each will lead to

its own unique solution.

The LARS algorithm by Efron et al. (2004) is followed here and slightly adjusted to fit
time-series data (see also Kim and Swanson, 2014b). The process is initialized by estimating
the autoregressive model on (5) on a demeaned y. The corresponding residuals (R) are retained
and the possible predictors in X are standardized to have a mean of zero and unit variance.
The objective is to forecast these residuals and improve upon the autoregressive fit. In each
of the following steps 4, the variable that correlates most with the current estimate, fi(;), is
added to the active set (i.e. set of variables that is incorporated in the current estimate of
w). The estimate of p is updated accordingly in each step, until the set of predictors is either
exhausted or stopped at step NN, if the number of observations (V) is smaller than the number

of predictors. The exact algorithm is described below:

LARS Algorithm
1. Fori=1,..., M, where M = min(K, N):

(a) Calculate for all predictors their ‘current’ correlation with the remaining residual

after subtracting fi(;_1) as:

é(z) = X/(R — /:L(zfl)) with é(z) = Hl]aX|(AZ(1)| for j € Q(i,l),

To initialize the process set p ) = R and add the predictor that corresponds to C'(l)
to the active set G. Note that the active set contains all variables that have been

ranked so far.

(b) Determine the ‘active’ matrix for all X; € G;_; as:
X(z) = (S(i),ij) where S(i),j = sign(é(i),j),
and correspondingly:

—1
Dgiy = XnXe and A =4/1(, D lp),

where g, is a vector ones of a length equal to the number of variables in G.
(c) Now calculate the equiangular vector u; as:
-1
u@) = Xpwa where we = A D) 1gg,
(d) Finally update fi;;_1) to fi;) as:

figy = figi—1) + V@)U, With (22)
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The fit is updated with the smallest positive solution of 4. The corresponding pre-

dictor in the inactive set (G¢) is added to the active set.

2. After completion of the algorithm a full ranking of the K predictors is provided, ranked
according to their added value to the autoregressive fit. More importantly, the algorithm
provides the ‘optimal’ fit of residuals after each step, fi(;), and can be used for forecasting

purposes. The forecast can be established as:

Uer1)e = Pyt + LiBr, + i (Xe), (23)

where fi, is the mean of y in the estimation sample, LtBL is the autoregressive fit and
" (X¢) the optimal LARS estimator. To determine the optimal LARS estimator, tenfold-
CV is applied after each step ¢ to a regression model with the AR terms and predictors in
the active set. The estimate of u that corresponds to the step which leads to the lowest

CV forecast error is used to forecast with.
3.3 Dynamic Factor Models

Rather than applying penalized regressions, a different method is to ‘filter’ out most impor-
tant information in a large set of predictor variables by using dynamic factor models (DFM)
combined with principal component analysis (PCA). DFM is based on the theorem that the
co-movement of a set of K variables (combined in X) can be described by a number of common
unobserved factors (F'). Instead of adding the predictors directly into a regression model, DFM
first subtracts these common factors from X and uses them as predictor variables. The method
aims to find a more parsimonious model by including only a limited number of the extracted

factors.

As the factors are unobserved, PCA is applied to X to subtract the factors. PCA applied here

is based on the spectral decomposition of the covariance matrix (A) of predictor variables X,

which are all stationary and standardized to have zero mean and unit variance. The covariance

matrix A can be decomposed as A = FAF’, which eventually leads to principal component
representation of X:7

X =FP, (24)

where F'is the N x K matrix with all the uncorrelated, unobserved factors (or principal com-
ponents). Furthermore, P is the K x K matrix containing the eigenvectors corresponding to
the K factors in F. The factors in F' are ordered in the amount of variance they explain in
X, where the first factor explains most variance. The proportion of variance explained by each
factor can be determined by scaling the eigenvalue of each factor, Ay, by the sum of all the

eigenvalues (A\p/ Zfi 1 Ai). A dynamic factor model can now be constructed by extending the

"The algebra to come to (24) is skipped here, but can be found in, for example, Alexander (2008).
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model in (5) by adding a subset of the estimated factors, denoted by Fj:

yt = Bo + Bryci—1 + BrFji1 + et (25)

which Stock and Watson (2006) denote as the static representation of DFM.

The issue that remains is to decide on the number of factors to maintain, as the aim of the
model is to describe the K economic predictors by a (strongly) reduced set of factors (r). A
limited number of r factors should be selected to come to a feasible specification. However,
leaving out variables inevitably leads to a loss of information. The issue therefore becomes
a trade-off between the number of factors maintained and the variance explained, which are
adversely related. Picking too many factors may negatively impact the forecasting power, but

picking too few factors could lead to a loss of useful information.

To select r, the following steps are undertaken. In the first step all the factors F' are estimated
by means of PCA. The second step entails estimating a model which consists of a set of lags of
the dependent variable and the first factor, as specified in (25). In each of the following steps
one factor is added to the model, until all possible factors have been added. For each model,
the CV forecast error is estimated. The factors that are part of the model that yields the lowest

error are used for forecasting.
3.3.1 Pre-selecting variables

A possible disadvantage of PCA is that it focuses on capturing the common variation in X, but
does not take into account the relation of the variables with the dependent variable. Therefore it
could be that PCA is successful in capturing the common variation, but that the corresponding
DFM has limited predictive quality. Bai and Ng (2008) find that by pre-selecting the variables
in X for their usefulness in forecasting the dependent variable, the forecasting quality of the
DFM can be improved. Furthermore, they apply a ‘soft’ thresholding procedure to pre-select
variables (see also Cakmakli and van Dijk, 2010). The soft thresholding makes use of the LARS
algorithm, as explained in the previous section. This algorithm acts as a selection technique
when stopped after a certain amount of k-steps. The algorithm is stopped at the step which
leads to the optimal LARS estimator *(X;). The variables that are in the active set at that
point are assumed to be the optimal subset. In addition to using the LARS as soft-thresholding
technique, the lasso and elastic net can also be used for variable-pre selection. These methods
also provide a limited set of variables, as variables can be set exactly zero in these methods. This
leads to four different variations of the DFM model: unrestricted and with variable pre-selection
of the three above described methods.

3.4 Forecast combinations

The third perspective from which the predictability of RV will be assessed is with use of forecast
combinations (Rapach et al., 2010). The application of forecast combinations is essentially a
two-step approach. The first step is to estimate a simple linear regression model as in (5),

consisting of a constant, a set of lags of the dependent variable and one of the predictor variables
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in X. This leads to K different sets of forecasts for the dependent variable, each generated by
a different explanatory variable. The second step is to combine these forecasts to one forecast,

based on a certain weight (w;) assigned to each forecast:

k
YOt4n|t = W11 t4nft T+ WKYK t4n)t = Zwigi,t—&-n\t (26)

i=1
The use of this set-up is motivated by the assumption that different variables can capture
different components (i.e. different parts of the variation) of the dependent variable, which is
not captured when different variables are combined in one model. This is especially the case with
as many predictors as analysed this paper. Combining them all in one model is infeasible, but
combining their forecasts could lead to a less volatile and more accurate forecast (Rapach et al.,
2010). Simply combining all variables in one model ignores the relevance of each variable to
the predictor variable. Weakly related variables potentially only distort the estimates of other,
more strongly related variables. Furthermore, adding many variables which all should proxy
for risk may give rise to multicollinearity. The big difference with the previous two methods is
that the former two methods first combine variables and then estimate a model, whereas this
method first estimates a model for each variable separately and then combines the estimates to

one forecast.

The combined forecast in (26) is determined by two crucial factors: The weighting function
and the set of input variables. The remainder of this section will therefore discuss the possible
weighting functions and how to select the set of variables. Three different functions are applied
in this paper; equal weights, weights based on the in-sample fit of the models (based on the
Discount MSPE of Stock and Watson, 2004), and minimization of the in-sample error. The
determination of the weights in the first method are straightforward, as each model is assigned
a weight of 1/K. The second method determines the weight assigned to model i as the fraction
of the sum of squared errors (SSE) to the total SSE:

SSE-_I t—1
Lt with SSE;, =Y 077", (27)

e —
ZiZI SSEi,tl

j=m

Models which have a lower SSE get assigned a higher weight. In addition, the models gives a
larger weight to more ‘recent’ errors via #. Smaller errors in more recent observations possibly
signal that the model performs well in the current situation, which justifies that it should get a
higher weight regardless of the fact that model already includes several lags. The value of 6 is
set at 0.99, which leads to the fact that the 90-th observation only gets a weight of 40%.

The weights of the third method are determined by minimizing the following function:

t—1 k 2 k
w= argminzetflfs <yj — Zwiyi7j> ,  s.t. sz- =1 and w; >0 Wi (28)
“oi=1 i=1

i=1

The weights are determined as the combination which leads to the lowest in-sample error. The

weights are subject to the restriction that they have to be positive and add up to one. Again,
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more weight is given to more recent observations. This method allows the models to interact
on a observation-by-observation basis to determine the overall lowest possible SSE. The key
difference between this method and the former, is that the former simply gives more weight
to the models that have a lower error and this method assigns weights according to which
combination would have led to the lowest error. In other words, the last method takes into

account the correlation between the different individual forecasts.

Similar to the dynamic factor models, as explained in the previous section, variable selection
could be applied to narrow down the total set of variables to a set which contains only the most
important variables. The weights, especially for the third method, could be heavily influenced
by the number of predictors included. The resulting ‘active’ variables from lasso, elastic net

and LARS are therefore applied in the same manner as explained before.
3.4.1 Forecast combinations with multivariate models

The concept explained above can be extended to combining multivariate models which include
p predictors of X instead of ‘univariate’ models which include only one of the predictors in
X. However, this extension leads to an exponential increase in the number of possible models.
Including two predictors already leads to 703 possible models, while three predictors allow for
over 8,000 models. Including more than two predictors therefore strongly limits the number
of methods that can be used to determine the weights for each model. Especially the third
method in this paper becomes computationally very burdensome when trying to combine a
large number of models. However, there could be value in combining models that include more
than one of the macro-finance predictors. The negative relation between the performance of
a model and the number of included predictors might only hold for very large models, while
models with a limited number of predictors might still outperform univariate models. Different
variables combined into one model might interact well and produce a better forecast than when

they are estimated separately.

A creative solution is required to make optimal use of the available predictors. One solution
that is considered in this paper, is to divide the predictors in different categories based on their
origin. The set of predictors can be subdivided into five different groups (G), as can be seen
in Table 2: Equity & risk, bond, foreign exchange, liquidity & credit risk, and macroeconomic
related variables. Each of those groups provides a different perspective on risk and therefore
possibly also predict realized volatility differently. For example, the equity market group in-
cludes lagged market returns and the Fama-French risk factors, while the macroeconomic group
includes variables such as inflation and industrial production growth. These entirely different
variables potentially capture a different share of the variation of realized volatility. However,
variables from the same group are likely to capture much of the same variation in realized vo-
latility. Including many ‘univariate’ models based on variables that stem from the same group
might not be helpful. Rather, it could be fruitful to estimate one forecast model for each of the

five groups.

To establish a model for each group, PCA is applied to each of the groups of predictors.
Subsequently, the first factor is used to establish the model for each group. The first factor
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holds most common variation of the underlying variables and regarded to be an appropriate

‘representative’ of the group. Each model has the same structure and is estimated as:

ye = Bo+ Bryci—1 + BGFG + &t (29)

The resulting forecasts, denoted by g 41}, are then combined in one forecast:

G
Yoot = ngﬁg,tﬂna (30)

g=1
where the weights for each model are determined by the above discussed methods. Alternatively,
the first factors can also be combined directly in one linear regression model, thereby avoiding

forecast combination procedure:

G
Yt = Bo + B/Lyﬁ,t—l + Z BgFg + &t (31)
g=1

This ‘first factor regression’ model will likely deal differently with the correlation between the
estimated factors compared to the forecast combinations, which will make it interesting to see

how they relate to each other.
3.5 Bootstrap Aggregation

The last method considered in this paper is bootstrap aggregation (bagging), which is charac-
terized as a “device for reducing prediction error in learning algorithms” (Breiman, 1996). As
the name already suggests, the method involves drawing bootstrap samples from a certain set
of training data. For each bootstrap sample b a certain model is estimated (hence, the learning
algorithm), which is then used to forecast a certain value. The final forecast is determined as
the average prediction over the different bootstrap samples, which could lead to a reduction in
the estimation error. As the estimated parameters (and selected variables) of a certain model
could be sample specific, simply forecasting with that model could lead to disappointing re-
sults. Bagging provides a solution to this problem, as it averages over forecasts that stem from
different bootstrap samples. This method was recently investigated in a time-series context
to forecast realized volatility by Hillebrand and Medeiros (2010). They indeed find that their
models benefit from bagging, as it leads to increased forecast accuracy. The different bootstrap
samples basically act as a robustness check on the original sample. If the estimated model is
not strongly influenced by a subset of observations in that sample (i.e. every combination of
X and y carries the same relation), the estimated models of different bootstrap samples will
likely be close to the estimated model on the original sample. However, if there are observations
which significantly negatively influence the estimation, bagging could be useful. Combining the
forecasts based on random samples via bootstrapping, will average out the effect of extreme
observations. If B is large enough, the average bagging forecast is robust to the effect of extreme
observations in the estimation sample. This on its turn could lead to an increase in forecasting

accuracy or a decrease in the variance of the forecasts. As the optimal number of B is not clear
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beforehand, four different sample sizes will be provided in this paper: B = (1, 50,100, 200).
Bagging on one sample, which is equivalent to estimating the model once on the original sam-
ple, is included to illustrate the effect of the number of bootstrap samples. The technical details
of bagging can best be explained by converting it to a number of steps which have to be followed

to obtain the bagging predictor, which is shown below:

Bagging Algorithm
1. Forb=1,...,B:

(a) Draw a sample from {y}' and {X}! with re-sampling. To keep the possible

s=t—m s=t—m
dependence between y and X intact, the full rows of C' = (y, X) will be used to

construct samples. Denote this sample as y) and X).

(b) Estimate for each predictor k:

Yoyt = Bo + Brywyci—1 + By kX @) k-1 + &t

and retain only those variables for which |t(B(*b) x)| > ¢, which will be denoted as
subset X(3). The value of ¢ is in set at 1.96, which is the t-value for a two-sided t-test

with a 5% significance level.

(c) Estimate a regression based on this subset X), a constant, and a number of lagged

dependent variables:
Yoyt = Bo + Brywyc,i—1 + BaXpy i1 + €1,
(d) Subsequently, determine the forecast as:
?)Ekb),t+1|t = 50 + /32:y(b)£,t + B:cX(b),t

2. The bagging forecast is computed as the average over the B samples:

B

- 1 "

Yl = 5 > Gy (32)
b=1
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4 Out-of-Sample evaluation

The models presented in the previous section are evaluated both for their statistical and eco-
nomic quality of the forecasts they produce. The statistical quality of the models is analysed
from two perspectives; precision and directional accuracy (i.e. how good are the forecasts in
predicting the correct direction). The precision is assessed by means of the mean squared pre-
diction error (MSPE). The significance of the MSPEs, compared to the ‘optimized’” AR model,
is determined by the test of Clark and West (2007). An adjusted variation of the test by Breen
et al. (1989) is used to assess the directional accuracy of the models. Furthermore, the eco-
nomic quality is tested by means of two different applications. Firstly, the forecasts are used
to predict the monthly Value-at-Risk (VaR). The VaR predictions are evaluated by means of
the Conditional Coverage test by Christoffersen (2011). Secondly, the forecasts are applied
to a myopic mean-variance investment strategy. The returns resulting from this strategy are
used to determine Sharpe Ratios. The significance of these Sharpe Ratios, compared to a sim-
ple Buy-and-Hold strategy, is determined by the test of Opdyke (2007). All tests are further

substantiated and explained below.
4.1 Statistical criteria

The primary metric to evaluate the accuracy in this paper is the Mean Squared Prediction
Error (MSPE). The MSPE provides an indication of the forecasting accuracy in the form of the

average squared forecast error, which is determined as:

T+P—-1

MSPE = P4 S (yer1 — Geyre) (33)
t=T

where y;11 is the actual value of LRV at ¢ +1 and g;,|; the forecasted value. The significance
of the difference between the MSPE of model x and the optimized AR model, which serves
as a benchmark, is determined by the MSPE-adjusted test statistic of Clark and West (2007).
The test uses the null-hypothesis that the difference between two MSPEs is not significant, or
in other words, they do not differ significantly from each other. The added value of this test
over, for example, the test by Diebold and Mariano (1995), is that it remains to have its power
when applied to nested models. Since all the models start from the same autoregressive model,
this cannot be ignored. The MSPE-adjusted statistic is a regression based method, where the
adjusted-MSPE (f) is regressed on a constant. The corresponding one-sided p-value of this
coefficient determines the significance of the difference between two models. The adjusted-
MSPE is defined as:

feer = W1 = Dopr1e)” — (Wit — Gopr110)” — @oerpe — Goarp)’] 5 (34)

where g 111}, is the forecast of the benchmark (b) model and ¢, ;11|¢ the forecast of model z.

As outlined above, the test by Breen et al. (1989) instead is used to determine the directional

accuracy of the forecasts. This method is favoured over, for example, the PT-statistic by Pesaran
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and Timmerman (1992), due to the nature of volatility. The existing literature on volatility
tells us that it is likely that volatility exhibits clustering, which will work through in tests
that focus on the sign of forecasts of volatility. Ignoring this, by using the PT-Statistic, would
possibly lead to the wrong conclusions (i.e. it lacks power). Breen et al. (1989) provide a
straightforward solution to this by testing the directional accuracy in a regression framework
and correcting for possible heteroskedasticity and/or autocorrelation (i.e. Newey-West standard

errors) subsequently. The test revolves around the following regression:
I,y =a+bl, ,, + 41, (35)

where [ is a binary variable that is equal to 1 or 0 if s is positive or negative, respectively.

St+1

Since RV can only be positive (and the log RV is predominantly, if not entirely, negative),

the test is based on the first differences of y. Subsequently, I3 is adjusted accordingly and

t+1|t
reflects the direction of the forecast at 41 compared to the actual value at t: sp41 = Ty g — 2.
In the case of a significant coefficient (both signs possible, though a negative sign would be an
interesting case), the test signals that volatility can be timed. In other words, the model is able

to predict the correct direction of the volatility on average.

As both the dependent and independent variable are indicator variables, the model is quite
peculiar and its interpretation is not straightforward. The model should be interpreted as
follows. Firstly, the model also includes a constant, which can be interpreted as the average
value of the dependent variable. In this case it is the average direction of the true value of
LRV. The coefficient value b therefore says that if there is a predicted upward movement, thus
a one, then the fitted value is the sum of constant and the coefficient value. In the case a
forecast model is not at all able to predict the direction, the value of the coefficient will be very
small. A predicted direction says little about the actual direction in this case, so it will not add
much to the ‘average’ direction of the constant term. Hence, a small value of b. On the other
hand, a model that is able to predict the right direction will have a higher value of b. Thus,
the coefficient b reflects the capability of the independent variable (the predicted value of y) to

predict the correct value of the dependent variable (the true value of y).
4.2 Economic criteria

Though the statistical criteria provide extensive insight regarding the predictive quality of
model, a model is only as good as its economic performance. A good model from a statistical
point of view does not necessarily imply that it returns a high profit, albeit likely that they
go hand-in-hand. The economic quality is assessed by means of monthly Value-at-Risk (VaR)
forecasts and as the return on a myopic investment strategy (see, amongst others, Cakmakli
and van Dijk, 2010). For both applications, the LRV forecasts are converted to RV forecasts
using (2).

The a%-Value-at-Risk (VaR,) is a measure that provides a certain loss L that occurs with

a probability of a%. From a statistical point of view, the VaR,, can be defined as
VaRa = pe + oD a), (36)
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where 1 is the mean return, o the standard deviation, D a certain distribution and « the a%-
quantile. Clearly, the metric relies on the underlying distribution of the asset returns. This
makes it difficult to analyse the ability of volatility forecasts to predict the VaR, as the returns
not necessarily follow a certain distribution. The focus in this paper is to forecast the one-
month VaR,%, using the volatility forecasts generated by the models, the mean return by a
historical mean (HM) model (i.e. a linear regression model with only a constant), and a normal

distribution to approximate D.
Ei[VaRa,i11] = Be[rg i11) + Ee[on,141]@ 7 () (37)

Though the choice of a proper distribution is difficult and the normal distribution could be
questioned, the aim is to compare the different models and not to evaluate the VaR forecasts
on an isolated basis. Though, to analyse the influence of the normal distribution, the analysis
is also executed on a Student’s t-distribution with 5 degrees of freedom. The quality of the
VaR forecasts will be assessed by how many times the VaR forecast is surpassed by the actual
return. This will be formally tested with use of the conditional coverage test by Christoffersen
(2011), which simultaneously tests for the proportion of exceedances and volatiliy clustering:
Tk (1 — Texp) ™

LR — eXp
“ et (1 — moo) "oyt (1 — myq )0’

where —2InLR.. ~ x(2), (38)

where a 1 represents an actual return that is lower than the predicted VaR and 0 when it is not.
A double digit, such as 11, means that an exceedance is followed by another exceedance. The n
represents the number of times it occurs and 7 its corresponding fraction to the total number of
predicted observations. In addition, ey, corresponds to the expected number of exceedances,
which corresponds to a. The conditional coverage test can be split up in the unconditional

coverage test and the independence test:

LR. = LRyce X LRjng, where (39)
LRyce = Texp (1~ Texp)™ and LR;,q = Tops (1 — Tobs )™
T (L= Tops )0 T et (1 — mop)moomyy (1 — myp)mo”

where both —21n LR and —21n LR;,4 are asymptotically chi-squared distributed with 1 degree
of freedom. The unconditional coverage test focuses explicitly on the number of exceedances,

while the independence test evaluates the independence or clustering of the exceedances.

The investment strategy considered here is from the perspective of a myopic, mean-variance
investor with a one-month horizon. Furthermore, the investor’s portfolio consists of risk-free
T-bills (ry) and one of the assets (1) analysed. The portfolio return (r,) at ¢ + 1 is therefore
given by:

Tpkit+1 = Tft41 + Wit1 Tk t+1 (40)

The weight allocated to the asset is determined by optimizing the following objective function,
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where  represents the risk-averseness of the investor

Y
max  Ey[rp 1] — 5 Vi[rp 1], (41)
wt+1 2

where E;[-] and V,[-] are the conditional mean and variance at ¢, respectively. Assuming that
1.t reflects the risk-free rate between ¢ and ¢+1, allows the optimal weight can to be determined

as:
. Et[rg,t+1]

S 'th[rk,t—i-l]

To prevent unrealistic weights, the range of wj,; is limited to [~1,1]. This setting prohibits

(42)

extreme positions (i.e. more than %100 short in the asset). To determine the optimal weight
given to the asset at ¢ + 1, forecasts of both the expected return and volatility are required.
The forecast of volatility is given by one of the forecast models as discussed in Section 3 and

the mean is predicted with the HM model. This leads to a monthly portfolio return equal to:

E3
Tpkit+1 = Tft+1 + Wi 1 Tht+1 (43)

The profitability of these monthly returns is assessed by means of their Sharpe Ratio (SR):

)
=

SRy = [rpt = 71.4] 7 (44)
&lrp ke — 7]

which is equal to the ratio of the average monthly return in excess of the risk-free rate, divided
by its standard deviation. The Sharpe Ratio is a measure to put the profitability (i.e. average
monthly return) in perspective to its variation. The Sharpe Ratio reveals whether a higher
profitability is solely due to increased variance (i.e. the risk-return trade-off), or whether it
actually performs better than other portfolios. The Sharpe ratio in fact ‘standardizes’ the
average return and provides a neutral measure to compare portfolios. To evaluate the Sharpe
ratios of the myopic portfolios they are compared to a simple Buy-and-Hold (BAH) strategy.
The BAH strategy buys 50% of the asset and 50% of the risk-free asset on the first month of the
forecast period and holds it throughout this period. It never updates or changes its position.
Thus, the monthly return of the BAH strategy is to the average of the monthly actual return
and risk-free rate. A good portfolio strategy should at least be able to beat a simple passive

strategy, which makes the BAH strategy a suitable benchmark.

The performance of the portfolios with respect to the BAH strategy is formally tested by the
test of Opdyke (2007). The test derives the underlying distribution of the difference between
two Sharpe Ratios (.ﬁ%d), to determine whether they differ significantly. Opposed to other tests,
such as the more commonly used test by Jobson and Korkie (1981), it does not assume that the
underlying returns are normally distributed and estimates the variance using the delta method.
As the variance of SRy reduces to the expression found by Jobson and Korkie (1981) if returns
are normally distributed, the variance of Opdyke (2007) can be seen as a more generalized
expression. The distribution of ,S/'Y%d is asymptotically normal, having a zero mean and Var, as
variance:

VT (S/f\{a - S/f\{b) =T (S/P\{d> X N(0,Varg), where (45)
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where s, k, 0 and p stand for skewness, kurtosis, standard deviation and correlation, respectively.
Furthermore, fi,;mr = E[(j —E(j))" (k — E(k))™]. The asymptotic normality of SRy implies
that the resulting sample mean and variance of S/’Rd can be used for a standard z-test for

hypothesis testing.
4.3 Benchmark models

Benchmark models take an important place in the evaluation of the models. Next to the opti-
mized AR model, which has a central role throughout the paper, several other benchmarks are
presented. The use of additional benchmarks is motivated as a means to analyse the estimated
models more in-depth. To evaluate whether optimizing the AR model is the right choice, the
benchmarks also include to AR(1) to AR(5) models. Furthermore, an important benchmark
to add for the penalized regression methods is the model which simply adds all variables to
the optimized AR model and estimates its coefficients by means OLS. This model, denoted as
the ARX model, implies the model which sets A = 0 each period. The historical mean and
random walk (RW) model without drift (i.e. next month’s forecast is this month’s volatility)
are also included as benchmarks. Their performance should reveal whether they can actually

outperform the ARX model, as stated in the beginning of this paper.
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5 Empirical results

5.1 Statistical performance

Table 4 below displays the MSPE of the forecasts, both in absolute terms (MSPE,) and relative
(MSPE;,) to the optimized autoregressive benchmark model (AR,). Thus, a model outperforms
the AR, model in terms of accuracy if the MSPE, is smaller than one. The AR,,; model
appears to perform quite well, as it is amongst the best performing benchmark models. However,
its average absolute MSPE is highest in the equities class, but appears to be quite substantial
in all models. Taking the root of the MSPE, (RMSPE) gives a better idea by how much the
average forecast is off compared to the true value. The RMSPE of the AR,,; models for all asset
classes is in the range of 0.28 to 0.3, which is indeed quite substantial given that the average
absolute value of log RV is between 3 and 4. In addition, the model fails to perform better
than one or more of the fixed lag models. For all classes, the AR(3) model performs best and is
significantly more accurate than the optimized AR model in all classes. However, at the time
the forecast is made it is difficult to find the best specification of the AR model. The fact that
the AR(3) model will perform best over time is not known at that point. Optimizing the lags
is therefore intuitively a sensible thing to do. The AR,,; model is, however, amongst the best
performing model and is a hard-to-beat benchmark for the other models. Only a limited number
of models have a MSPE, smaller than one and if they do, its only by a marginal amount. Below
the forecasts of each of the estimation technique classes will be discussed separately, before a

general conclusion is provided.

The penalized regression techniques fail to beat the benchmark in all asset classes. Their
performance is therefore quite disappointing, as the methods are all well-established variable
selection and estimation techniques. The ridge regressions performs best on an overall basis,
but is outperformed by the LARS in the bonds class. However, the LARS performs worst in the
equities class. Besides the bad performance in general, the consistency in performance of the
models between asset classes appears to be limited. The penalized regressions all outperform
the ARX,,; model, which is the model that simply combines all predictors in one model without
imposing any shrinkage. The essence of the penalized regressions is to improve the accuracy
of this model, in which it succeeds. Nevertheless, adding non of the 38 variables seems to be
the better choice. Though the performance is disappointing, it is not necessarily surprising as
an optimal in-sample forecasting performance does not guarantee a good out-of-sample perfor-
mance. Moreover, shrinking the complete set of variables all together may not be optimal. The
dimension of the set of predictors may require pre-emptive elimination of variables which surely

do not hold any predictive content of LRV.

The performance of the elastic net consistently lies between the performance of the ridge
regressions and the lasso. As the elastic is able to switch between the ridge regression and lasso,
regardless of the possibility of combining the two, it is in the line of expectation that the EN
outperforms both. However, this is based on the assumption that an in-sample optimal choice
holds out-of-sample. As argued above, this does not necessarily has to be the case. Figure 4

below provides more insight in the interaction between the ridge regression component (A1) and
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the lasso component (Ag2) in the elastic net. In only a limited number the ridge (regression)
and lasso component are both larger than zero. In most cases the elastic net switches between
the two. It is striking to see that the optimization often finds that relatively large values of Ay
are optimal, while the optimal values of Ao are relatively small. Most likely this is due to the
fact that the lasso component is able to set coefficients at exactly zero. The benefit of having
a more parsimonious model appears to have its limits. For Ay a value of 100 would mean that

practically all coefficients are set zero, which apparently is not optimal in-sample.

Figure 4: The time-varying behaviour of the ridge regression and lasso shrinkage parameters in
the elastic net
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Notes: (i) The Figure shows the optimal values of the shrinkage parameter of the ridge regression and lasso
component in the elastic net, respectively. (ii) The blue and red line represent the value of the ridge regression
component (A1) and the lasso component (Az2), respectively.

The second class of models, the dynamic factor models, also perform quite poorly. They all
fail to beat the AR, model. It seems that the common variation in the predictors, as extracted
by means of principal component analysis, is not able capture and forecast the variation in log
realized volatility. This could be the result of two causes. Firstly, the common risk of the
predictors that is captured in the factors is not related to realized volatility. PCA can still

be successful in subtracting the common variation in the variables, but the factors are of no
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use. Secondly, the common variation of the predictors is too low and the corresponding factors
therefore have little meaning. As the predictors originate from different segments of the financial
market, this is most likely to be the case. This is confirmed by Table 3 below, which provides
a further analysis of the performance of the PCA in subtracting the common variation in the
variables. The average number of factors (ANF) is quite low, but surprisingly is higher when the
variables are pre-selected. This implies that, although the set of variables is limited to the ‘most
important’ ones, the shared variation has decreased. As a result, this requires more factors to
capture (proportionally) the same amount of common variation. The average percentage of
common variation captured (% Expl.) is also higher than PCA on all variables as it is roughly
60% compared 40% in the unrestricted case. The fact that PCA needs on average more than
four factors to capture 50 to 60% of the common variation, this reveals that common variation
is fairly low. Pre-selecting variables results in an increase in the captured common variation,
but also requires on average more factors. Most important variables do not necessarily share
a lot of common variation, which will result in information-rich factors. This appears to be
the case, as the pre-selection of variables does not improve the forecasting quality of the DFM

model. This leads to concluding that the use of DFM models appears to be limited.

Table 3: Dissection of the dynamic factor models: Average percentage of common variation
captured and number of required factors

Equities Commodities FX-aggregate Bonds
% Expl. ANF % Expl. ANF % Expl. ANF % Expl. ANF
Dynamic factor models
Unrestricted 46.1 4.8 41.3 3.8 37.9 3.3 38.3 3.7
Lasso 64.4 5.4 67.5 6.0 63.4 5.3 49.3 3.3
Elastic Net 60.6 6.1 54.8 4.7 50.9 3.8 44 .4 3.2
LARS 64.4 5.4 67.5 6.0 63.4 5.3 49.3 3.3

Notes: (i) The table presents an overview of the average share of common variation explained (% Expl.)
by the average number of optimal factors (ANF) to use for the DFM forecast model. (ii) The four cases
represent the unrestricted variant, which includes the full set of 38 predictors, and the sets of variables that
come out after applying one of the three penalization methods to the predictors.

The best performance is found in the forecast combinations class, similar to what has been
found by Christiansen et al. (2012). Combining the forecast of separate models which add only
one of the predictor variables to the AR,,; model leads to a significant outperformance of both
the AR, and AR(3) model. Only the forecast combinations according to the second weight
type perform poorly. Perhaps this weighting scheme is more prone to sample specific effects.
Letting the weights be determined by the combination that leads to the lowest in-sample error,
not necessarily implies the best out-of-sample combination. As already mentioned, the equal
weighted combinations and combinations according to weight type perform strongly and have
the lowest MSPEs of all models. The performance is consistent for the different asset classes,
albeit weaker compared to the equity class. Unlike the dynamic factor models, pre-selecting
variables does improve the predictive quality of forecast combinations. Narrowing down a set
of predictor variables using penalized regressions and then apply forecast combinations appears
to be the most successful strategy to produce forecasts with the highest accuracy. The fact

that it does work for forecast combinations is most likely due to the construction of forecast
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combinations. Each predictor is allowed to hold its own, unique predictive content and not

forced into a factor or combined in one model.

Interestingly, the PCA-based combinations appear to be a strong competitor of the regular
forecast combinations, as their MSPEs are very similar. Subtracting the common variation of
each five different subgroups of variables (see Table 2) and combining the corresponding first
principal components, works better than directly applying PCA to all predictor variables. It
therefore appears that the weak performance of the dynamic factor model is not due to the
inability of PCA to capture the common variation, but more due to a lack of common variation
of all variables. This common variation is however found within each subgroup, which explains
its good forecasting performance. Surprisingly, adding the same ‘first principal components’ for
each subgroup to the AR,,; model leads to a disappointing performance. The use of forecast

combinations therefore appears to be crucial for a good forecasting performance.

Lastly, the bagging forecasts appear not to be able to outperform the AR,,; model. Bagging
on only one sample represents the strategy of simply removing all predictors which are not
significant, which not surprisingly leads to a poor forecasting performance. Bagging on only
one sample is simply equal to selecting only those predictors that are significant in a linear
regression model, which is a superficial method the select the most important variables. The
value of bagging lies, however, lies in repeating this procedure many times to ‘filter’ out sample
specific selections. This appears to be the case, as bagging on 100 samples leads to a strong
improvement of the predictive quality. More than 100 samples, such as 150 or 200, seems to
have no real impact on the forecasting performance of bagging. Though bagging on 100 samples
seems sufficient, it still lacks predictive quality compared to the AR,,; model. Its main flaw
therefore appears to lie in the variable selection component, which could be replaced by more
sophisticated techniques such as those provided in this paper. This is, however, left for future

research.
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Table 4: Mean Squared Prediction Errors

Equities Commodities FX-aggregate Bonds
MSPE, MSPE, MSPE, MSPE, MSPE, MSPE, MSPE, MSPE,

1. Benchmark models

Historical mean 0.257 2.672 0.159 1.899 0.162 1.951 0.127 1.566
Random Walk 0.106 1.105 0.101 1.201 0.097 1.176 0.105 1.286

Ropt 0.096 1.000 0.084 1.000 0.083 1.000 0.081 1.000
AR(1 0.102 1.061 0.090 1.069 0.089 1.080 0.087 1.071
AR(2 0.097 1.005 0.08** 0.959 0.082**  (0.987 0.083 1.025
AR(3 0.095**  0.992 0.08** 0.961 0.081**  0.977 0.08** 0.981
AR(4 0.098 1.019 0.082* 0.975 0.081**  0.972 0.082 1.002
AR(5 0.097 1.004 0.083 0.989 0.084 1.012 0.083 1.020
ARXopt 0.277 2.878 0.211 2.521 0.197 2.380 0.239 2.937

2. Penalized regressions

Ridge Regressions 0.099 1.030 0.092 1.098 0.088 1.063 0.089 1.090
Lasso 0.103 1.070 0.098 1.174 0.092 1.105 0.093 1.139
Elastic Net 0.105 1.095 0.088 1.052 0.090 1.084 0.088 1.085
LARS 0.105 1.095 0.093 1.109 0.089 1.070 0.087 1.071
3. Dynamic factor models

Unrestricted 0.114 1.184 0.090 1.073 0.095 1.145 0.087 1.069
Lasso 0.148 1.541 0.118 1411 0.118 1.426 0.087 1.074
Elastic Net 0.129 1.344 0.107 1.283 0.090 1.088 0.091 1.115
LARS 0.155 1.609 0.104 1.244 0.121 1.457 0.103 1.261
4. Forecast combinations

a. Equal weights

Unrestricted 0.096 0.999 0.082**  0.975 0.082%* 0.991 0.082 1.008
Lasso 0.094* 0.980 0.083* 0.986 0.083 0.999 0.082 1.010
Elastic Net 0.095 0.987 0.082%* 0.977 0.082 0.986 0.083 1.016
LARS 0.095 0.990 0.084 1.002 0.083 1.004 0.082 1.006
b. Weight type 1

Unrestricted 0.095* 0.989 0.083* 0.994 0.083 0.997 0.081%* 0.994
Lasso 0.093* 0.972 0.084 1.006 0.083 1.002 0.081 0.995
FElastic Net 0.094* 0.979 0.083 0.996 0.082 0.991 0.081 1.002
LARS 0.095 0.984 0.085 1.020 0.083 1.008 0.081 0.996
c. Weight type 2

Unrestricted 0.103 1.073 0.083* 0.996 0.090 1.086 0.087 1.066
Lasso 0.104 1.086 0.086 1.031 0.091 1.102 0.083 1.018
Elastic Net 0.100 1.039 0.084 1.007 0.088 1.060 0.085 1.048
LARS 0.098 1.024 0.087 1.035 0.092 1.114 0.088 1.082
d. PCA based

Unrestricted 0.095* 0.993 0.082%* 0.976 0.082%* 0.990 0.082 1.010
SSE weights 0.095*%*  0.984 0.083 0.995 0.082 0.995 0.081 0.996
SSE minimalized 0.095**  0.989 0.081**  0.970 0.083 1.001 0.083 1.022
First factor regression 0.105 1.094 0.091 1.081 0.090 1.081 0.089 1.099

5. Bootstrap aggregation
Bootstrap samples = 1 0.109 1.133 0.094 1.120 0.098 1.189 0.093 1.138
Bootstrap samples = 100  0.104 1.084 0.090 1.073 0.096 1.159 0.087 1.065
Bootstrap samples = 150 0.105 1.095 0.090 1.075 0.095 1.144 0.087 1.070
Bootstrap samples = 200 0.106 1.098 0.090 1.073 0.096 1.155 0.086 1.062

Notes: (i) The table displays the Mean Squared Error, both in absolute sense (MSPE,) and relative to the ARgp:
model (MSPE,p:. The ratios for AR,y are therefore all are equal to 1. (ii) The significance of the MSPE is only es-
timated if the ratio is smaller than one. A * or ** implies significance at a 10% or 5% significance level, respectively.

In addition to the accuracy statistics over the full sample, Figure 5 shows how the MSPE
of the best model in each ‘model class’ for each asset class evolves over time. More specifically,
there are in total 5 models displayed; (1) penalized regressions (PR), (2) dynamic factor mod-
els (DFM), (3) forecast combinations of subgroup a, b or ¢ (COM), (4) PCA-based forecast
combinations (PCOM) and (5) bagging (BAG). The movement of the of the MSPE over time

is measured relative to the MSPE of the AR(3) model, using the Out-of-Sample R? (R2,,) of
Campbell and Thompson (2008):
R _1- 27 e — o) _ | MSPE.(3,) (46)
. ZtT:+TP_1(yt+1 - Qb,t+1|t>2 MSPEq(4s)
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The Out-of-Sample R? is initialized with the first 60 observations of the forecast sample and
then expanded with one observation each month until all observations are included. The AR,

is outperformed by a model if the corresponding Out-of-Sample R? is larger than zero.

2

“os Teveals that there is quite some variation in the predictive quality for

The time-varying R,
some of the models. However, the forecast combinations, the best performing overall models,
behave quite stable over time. The strong performance of the PCA-based forecast combinations
appears to be primarily due to a good performance in the beginning of the forecast sample ('95
—~’96 ). Quite interesting is the behaviour of the penalized regressions and bagging forecasts
for the equities class, which are strong upward sloping for the majority of the forecast sample

after hitting its lowest point early in the sample. Though both remain to be below zero during

2
008

its rise, it must be taken into account that the window for estimating the RZ . is expanding. A
strong rise therefore implies a (relatively) strong performance of the models in period of the rise.
Their upward movement signals that these models perform better in more recent periods. A
similar pattern is not observed in the other asset classes, which implies the good performance is
limited to the equities class. Equally remarkable is the behaviour of the dynamic factor models
in the bonds class. Its shows a very strong and persistent outperformance of the AR,,; model
for the majority of the forecasting sample, but dies out in the most recent period. Though
DFM appears not to work for other classes, just like the performance of bagging seems specific
to the equities class, it does work for the bonds class. Lastly, the predictor variables have most
difficulties in predicting the RV of commodities and FX-aggregate class, as the majority of the
models are consistently beaten by the AR,,; model. Based on these figures and Table 4, it

appears that the macro-finance variables work best for the equities class.
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Figure 5: Time-varying Out-of-Sample R? for the best models of each asset class
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Notes: (i) The figures show the moving out-of-sample R? for the best model of each of the following five classes:
(1) penalized regressions (PR, blue line), (2) dynamic factor models (DFM, red line), (3) forecast combinations of
subgroup a, b or ¢ (COM, green line), (4) PCA based forecast combinations (PCOM, black line) and (5) bagging
(BAG, green/blue line).

Table 5 shows the estimated coefficients b of (35), both in absolute terms and relative to the
coefficient of the AR,p; model (b/b,), and lastly their corresponding standard errors (std. err.)
between brackets. The models appear to be quite successful in timing the volatility, as almost
all coefficients are significant. As monthly realized volatility is highly persistent, which is for
a large part already captured by the AR, model, this comes as no surprise. The AR models
have the highest values of b for all asset classes but the equities class, which signals that a simple
AR model is sufficient to predict the direction of next month’s volatility and more importantly,
the macro-finance variables do not increase the predictability. However, for equities class the
results are consistent with the MSPEs of the models. The forecast combinations are as a class
best in predicting the correct direction, but the ridge regression is surprisingly the best direction
predictor on an overall basis. The general conclusion is that the models are able to predict the

correct direction as the almost all coefficients are significant and differences are relatively small.
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Overall, there appears to be information in the macro-finance variables which help to improve
the forecasting power of the AR,y model. Of all models, the forecast combinations appear
to work quite well. In particular, the pre-selection of variables in combination with forecast
combinations seems to perform consistently over all different asset classes. Identifying the
most important variables and combining their forecasts separately, which keeps their unique

predictive content intact is a successful strategy to beat the AR,,; model.
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5.2 Economic performance

The first part of the economic evaluation aims to reveal the ability of the models to predict the
monthly Value-at-Risk (VaR). Table 6 below shows the results for the 95% (1-a) VaR using
a normal distribution. As explained in the previous section, the results have been subdivided
in unconditional coverage (UCC), independence (IND) and conditional coverage (CCV). In
addition, the table shows the percentage of violations (m1) of each model. The VaR performance

of each asset class will be evaluated separately below.

For the equity class, the models seem to perform quite well in general. Most models have a
proportion of violations below 6% and are close to the expected 5% violations. Furthermore,
all models do not appear to suffer from volatility clustering, leading to consecutive violations
of the VaR, as the independence test is not rejected for any of the tested models besides the
historical mean model. The unconditional coverage, testing whether the number of violations is
significantly different from the expected violations, also shows promising results. As both tests
yield positive results, it is not surprising that this is also the case for the conditional coverage
test.

Though the models work quite well in general, there are subtle differences between them.
Firstly, the bagging forecasts seem to outperform all the other models in terms violations. With
only a mere 4% of violations, it remains even below the expected 5%. At first sight this seems
odd, as their forecasting performance is quite poor from a statistical point of view. However,
lack of accuracy can go hand in hand with a ‘good’ VaR forecast performance. A consistent
overestimation of the volatility will also lead to a consistent overestimation of the monthly
VaR. This on its turn will cause relatively few violations, as it is set to low in general. A strong
deviation from the expected 5% violations, either below or above, therefore also signals a lack
of forecasting accuracy. From that perspective, there are several models that perform quite
strong. In particular, the ridge regression, elastic net and forecast combinations with equal

weights. Those models all have a number violations close to to expectations.

As strong as the performance of the VaR forecasts is for equities, as weak it is for the
commodities class. The forecasts consistently underestimate the actual VaR, leading to an
average number of violations of roughly 8 to 9%. Hence, it is not surprising that the UCC test
is rejected for almost all models. The bagging forecasts based on 100 samples come closest to
the expected number of deviations and is the only model for which the null hypothesis of the
UCC test is not rejected, though its number of violations is still quite substantial. Similar to
what has been observed for the equities class, the models in the commodities class also do not
seem to suffer from volatility clustering. This leads to conclude that although the forecasts
violate the thresholds quite frequently, they do not happen more frequent in certain periods.
This conclusion is also expressed in the CCV test, which is largely determined by the strong
negative performance of the UCC test. Only the bagging forecasts appear to be ‘able’ to capture
the monthly VaR of commodities, albeit likely that this is due to the consistent overestimation

of the volatility.

The bonds class, however, shows again more promising results. The proportion of violations
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are for all models roughly between 5% and 7%. Quite unexpectedly, this does not lead to a
rejection of the UCC test for any of the models. Though the number of violations appear to be
quite different from the expected 5%, they are not significantly different. Furthermore, as for
the other asset classes, the models all seem able to incorporate volatility clustering (for as far it
is present). More interestingly is that most models perform quite similarly, some even display
the exact same performance. A possible explanation for this is similar to the ‘overestimation
issue’ of the bagging forecasts. If there are two models of which one predicts higher values of
volatility in all cases, this will likely show up in an analysis on forecast accuracy. However, it
could occur that the violations of the forecasted VaR for the two models are exactly similar.

Consequently, this leads to a similar performance in terms of violations.

At first sight, it can be concluded that the forecasts are very well able to forecast the
monthly 95% Value-at-Risk for equities and bonds. However, the forecasts seem unable to
capture the actual VaR for the commodities class. Several complications make it difficult to
draw conclusions on a general level. As explained in Section 2, a naive transformation of the
log volatility forecasts is used to convert them back to ‘normal’ volatility forecasts. Though
the error might be small, it cannot be ruled out that it influences the outcome of the economic
evaluation. Further, the results are based on a normal distribution. The choice of the normal
distribution could explain the large differences in performance. It might just be that the normal
distribution is completely inappropriate for the commodities class, while it approximates the
distribution of equities and bonds quite well. An evaluation of the VaR forecasts based on
the Student’s t-distribution should reveal whether this distribution is more appropriate for the

commodities class.

Table 18 shows the results of the 95% VaR forecasts using a Student’s t-distribution with 5
degrees of freedom. This distribution is known to have fatter tails than the normal distribution,
which therefore implicitly assumes there are more observations with ‘extreme’ values compared
to the mean of the distribution. This on its turn leads to higher critical values for the same
critical p-values, compared to the normal distribution. Ultimate this leads to a higher VaR,
thereby making it more difficult for the actual return to violate the VaR threshold. This is
also what is observed, as the proportion of violations is substantially lower for all models in all
asset classes. Though this is unnecessary for the equities and bonds class, for which the normal
distribution seems appropriate, it appears that a ¢-distribution fits better to the forecasts of
the commodities’ realized volatility. The choice of a distribution is therefore crucial in making

VaR forecasts as this can strongly influence the performance.

So far the performance of the forecasts as a VaR estimate have only been analysed for an «
of 95%. Different levels of « give a different threshold, which may lead to new insights. Setting
a at 99%, for example, will reveal whether the violations of the 95% VaR are primarily extreme
violations or that the violations are only of a moderate size. As the 99% VaR sets the threshold
lower than the 95% VaR, only 1% violations are expected. If more than one 1% violations
occur, which leads to a rejection of the UCC test, this implies that the violations are quite
extreme. In other words, if a violation occurs a high loss is likely. Similar reasoning can be
applied to comparing the 90% VaR and the 95% VaR. An adequate forecast of the 95% VaR
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does not necessarily imply that the 90% VaR will perform equally well. If there are primarily
small violations this will not be traced by the 95% VaR threshold. A significant violation of
the 90% VaR but not of the 95% VaR, signals that violations do exist but that they are on
average relatively small. Tables 15 and 16 provide the results for the 90% and 99% VaR based
on a normal distribution, respectively. The 90% VaR gives the same picture as the 95% VaR
does: It is accurate for equities and bonds, but a poor estimate for commodities. For equities
and bonds, this implies that the violations are well distributed and can be accurately captured
by the forecasts. The 99% VaR also appears to be accurate for the equities class, but performs
poorly for both the commodities and bonds class. As the 95% VaR is accurate for the bonds
class, this suggests that the violations of the 95% VaR do not occur more than expected, but

are on average quite large.

The 90% and 99% VaR performance based on a t-distribution with 5 degrees of freedom
are displayed in Table 17 and 19, respectively. The 90% VaR shows, similar to the results for
the normal distribution based VaR, the same picture as the 95% VaR. It works best for the
commodities class, though the proportion of violations still is substantial for some models. For
the equities and commodities classes the forecasts overestimate the 90% VaR, as the propor-
tion of violations is on average quite small. The 99% VaR appears to work quite well for all
classes, though there is a slight overestimation of the 99% VaR by the forecasts of the equities
an commodities class. Overall, the 95% VaR based on a normal distribution represents the
performance of the forecasts quite well for the equities and bonds class and the 95% based on

a t-distribution for the commodities class.

Still, the evaluation over the full sample gives only a one sided view on the performance of
the model to act as a 95% Value-at-Risk estimate. Plotting the percentage of violations over
time will provide further insight in the performance of the forecasts as VaR estimate. Figure 6
reveals the evolution of the fraction violations using an expanding window for the best model
of each model class (i.e. model with the lowest UCC value in each class). A vertical increase
in the line implies that there has occurred a violation of the 95% VaR. A downward trend
indicates a period in which no new violation has occurred, which will lead to a decline of the
fraction of violations as time passes by. Most strikingly, all models appear to perform similarly
or even exactly the same (not all lines are visible, which implies that a model exacly mimics the
pattern of another model). Though, between asset classes the is different. For the equities class
most violations are quite early in the out-of-sample period. The fraction of violations builds
up to a peak around 2002. After 2002 it declines slowly, with no violation up until the start of
2008. This is, however, not surprising as markets were struck by the financial crisis back then.
The commodities class displays a more stable evolution of the percentage of violations, as the
violations are equally spread over the sample. Lastly, the bonds class seems to move in the
opposite direction of the equities class. The fraction of violations shrinks to a minimum in 1999
and then goes into a period where violations occur quite frequently. In the most recent period,
2005 to 2010, there are hardly any violations. Overall, the models appear to be well suited to
predict the 95% Value-at-Risk of the returns for all asset classes. Though, the models do not

seem to be able to perform better (or even differentiate) from the AR, model, which leads to
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question what the added value is of the macroeconomic variables.

Figure 6: Percentage of violations over time of the 95% Value-at-Risk forecasts of the best
performing models
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Notes: (i) The figure shows the 95% Value-at-Risk violations as a fraction of the sample. The sample is based
on an expanding window, that is initialized with the first 60 observations (i.e. 5 years). (ii) Each model class
is represented by the model which produces the 95% Value-at-Risk forecasts, which is based on the conditional
coverage test value. The classes can be subdivided in penalized regressions (PR), dynamic factor models (DFM),
forecast combinations (COM), PCA-based forecast combinations (PCOM) and Bagging (BAG). In addition, the
figures display the performance of the optimized autoregressive model (AR). (iii) The 95% Value-at-Risk forecasts
are based on a normal distribution for the equities and bonds class, and based on a t-distribution with 5 degrees
of freedom for commodities.
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The second part of the economic evaluation entails the analysis of the mean-variance invest-
ment strategy for a myopic investor with a one-month horizon. Table 7 below shows the results
for the investor with a risk aversion coefficient (y) of 2. The Table is subdivided in average
monthly portfolios return in excess of the risk-free rate (approximately 0.37% or 37 basis points
(bps) per month), Sharpe Ratios on monthly returns, the ¢-value resulting from the test based
on (45), and the average weight given to the asset. The results of the investment strategy with
a risk aversion of 5 and 10 are presented in Table 20 and 21, respectively. As the level of risk
aversion does not appear to strongly influence general pattern the results, the focus will lie on

the results of the strategy with a ~ of 2.

Starting again with the equities class, it is striking to see that the forecasts show a lot of
resemblance. All models seem only marginally able to ‘beat’ the risk-free rate, as the average
excess return is roughly only 6 bps and the Sharpe ratios are remarkably low. However, they
all to perform better than a simple ‘50-50’ buy-and-hold strategy given the low Sharpe ratio
of the strategy compared to the portfolio returns based on the forecast models. As the BAH
strategy has the highest average monthly excess return but has the lowest Sharpe ratio, this
signals that the main improvement of the mean-variance portfolios lies in a reduction of the
return variance. This reduction in variance is most likely due to the relatively small weight that
is invested in the asset, as the average weight is roughly 9%. This implies that the risk-free asset
gets on average a relatively large weight, which will lead to portfolio returns close to the return
of the risk-free asset. As the average returns and Sharpe ratios are measured over the returns
in excess of the risk-free rate, this explains why these values are relatively low. As it seems
unlikely that the full out-of-sample period was subject to strong volatility, which would explain
a flee towards the risk-free asset, the most logical explanation is that the volatility forecasts on
average overestimate the actual volatility. A similar pattern was observed for the Value-at-Risk

estimates, where it seemed that the VaR threshold was often set too low.

What is observed for the equities class also holds for the commodities class. The average
monthly excess returns and Sharpe ratios are even lower, though they are positive, which makes
it almost not worth investing in the commodities asset by means of a mean-variance portfolio
strategy. The best performance of the mean-variance portfolios is found in the bonds class.
Due to the average negative return obtained by the BAH strategy, it is relatively easy for the
mean-variance portfolios to outperform this strategy. However, actively managing the weight
assigned to the asset does pay off as the average returns of the portfolios are slightly positive.
Subsequently, the Sharpe ratios of the portfolios are almost all positive and significant. The
average weight assigned to the asset is, however, remarkably low. Only investing a small amount
in the bonds asset already leads to a better average return than simply investing in the risk-free

asset.

As the weights assigned to the assets are surprisingly low, it becomes especially interesting
to analyse the behaviour of the weights over time. Figure 7 below shows the average weight
assigned to the asset for the best model of each model class (i.e. model with the highest Sharpe
ratio in each class) using an expanding window. The models within each asset class all follow

more or less the same pattern and also show strong similarities between asset classes. For the
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equities class, the average weight slowly increases to a peak at roughly 14% in 2001 after which
it quite steeply declines to the average weight of approximately 9% of the full sample. This
reveals that the relatively low weight of the full sample is primarily due to the decline of the
weight in the most recent period. Though the decline stretches over a quite long period, it could
be linked to the recent crisis. An increase in market volatility directly influences the weight
given to the asset in a mean-variance portfolio. As already mentioned, the same patterns are
observed in the commodities and bonds classes. The peak in the commodities is more extreme
and comes even earlier in the dataset, but its decline is more gentle. The bonds class also reaches
its peak quite early in the dataset and also declines afterwards, but there is more variation in
the speed of the decline. Overall, the low average weights of the full sample can be explained by
the decrease in the later, more recent part of the out-of-sample period. This hints at increased

volatility in more recent periods, which inevitably leads to a shift towards to the risk-free asset.

Figure 7: Evolution of the portfolio weights over time of the mean-variance portfolio strategy
based on the best models
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Notes: (i) The figure shows the average sample weight assigned to the asset in the mean-variance portfolio strategy,
based on the best LRV forecast model of each model class. The sample is based on an expanding window. (ii) The
classes can be subdivided in penalized regressions (PR), dynamic factor models (DFM), forecast combinations
(COM), PCA-based forecast combinations (PCOM) and Bagging (BAG). In addition, the figures display the
performance of the optimized autoregressive model (AR).
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Similar to the above discussed statistical and economic evaluation metrics, the portfolio
returns can also be analysed over time to provide further insight in the performance of the
mean-variance portfolios. Figure 8 below displays the cumulative returns, estimated as the sum
of monthly excess returns, of the Buy-and-Hold strategy and the best performing portfolio of
each model class (i.e. model that has the portfolio with the highest Sharpe ratio). The figures of
each asset class all highlight the big difference in the return volatility of an investor who manages
his portfolio according to the BAH strategy and the investor who applies the RV forecasts to
invest according to the mean-variance portfolio. As expected, the cumulative returns of the
mean-variance portfolios increase gradually over time, displaying little variance. In contrast,
the BAH strategy is strongly influenced by the volatile behaviour of the asset returns. This
immediately reveals why the portfolios almost all have a higher Sharpe ratio than the BAH
strategy. The average monthly return of the BAH strategy may be higher, but it comes at the
price of increased volatility. As the cumulative returns of BAH and mean-variance portfolios
in the equities and commodities class are fairly close to each other, it appears to pay-off to
actively manage the portfolio. This is especially the case for the bonds class, as the mean-
variance portfolios perform significantly better than the BAH-strategy. The mean-variance
strategy thus seem to be a strategy worth pursuing, though the returns are not corrected
for any transaction costs. This correction may eat up a large share of the profit, but this is
particularly the case when the portfolio is managed frequently. As monthly returns and thus
monthly revisions are analysed here, the results may still hold even without a correction for

transaction costs.
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Figure 8: Cumulative Returns over time of the mean-variance portfolios based on the best

models
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Notes: (i) The figure shows the evolution of the cumulative returns of the mean-variance portfolios, based on the
best LRV forecast model of each model class. The sample is based on an expanding window. (ii) The classes
can be subdivided in penalized regressions (PR), dynamic factor models (DFM), forecast combinations (COM),
PCA-based forecast combinations (PCOM) and Bagging (BAG). In addition, the figures display the performance
of the optimized autoregressive model (AR) and the Buy-and-Hold strategy (BAH) .
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5.3 Which variables matter

Table 8 shows the proportion of times a variable is used in a forecasting model for all three
variable selection techniques: lasso, elastic net and LARS. It appears that lasso and LARS quite
severely penalize larger models as they select only 12 variables on average. The impact of the
‘ridge component’ in elastic net is therefore clearly visible, as it prevents variables to become
exactly zero and selects 25 variables on average. As the ridge regression is amongst the best
performing models of the penalized regressions class, especially for equities, it seems that the

advantage of having a more parsimonious model has its limits.

Though the selection techniques have their own unique characteristics they are, of course,
closely related. This is also expressed in the ranking of variables, based on the proportion of
times they were selected. Focusing on the five highest ranked variables for each technique and
asset class there appear to be similarities both between techniques and asset classes. Starting
with the equity class, all three techniques select the equity market variables and the monthly
inflation rate the most. This consistency between different techniques leads to think that eq-
uity market variables such as the dividend-to-price ratio and return of the underlying index,
combined with monthly inflation, work best to predict the realized volatility. The other macro-
economic variables are considered less useful. The average proportion for the elastic net is quite

high, which is not really surprising, given that the model on average selects roughly 28 variables.

The best five variables for the commodities class show quite some resemblance compared to
the equities class, as the majority of the best ranked variables are either from the equity market
or macroeconomic variables group. This resemblance is most likely due to the fact that the
realized volatility of equities and commodities are most correlated with each other, as shown in
Table 1. Quite interesting to see is that the annual inflation rate (INFA) is selected more often
than the monthly inflation rate, as is the case in the equities class. It could be that the realized
volatility of commodities behaves more stable, though this is not directly visible in Figure 1 or
the standard deviation in Table 1, which as a result makes it better predictable by the annual

inflation rate.

The average forward discount appears to be the most important variable in predicting the
realized volatility of the foreign exchange class. As this variable proxies the general appreciation
or depreciation of the US dollar compared to other major currencies, it might be best able to
capture the volatility as well in this market. Similar to the leverage effect as observed for equity
returns, a strong change in the position of the US dollar against the world might be associated
by an increase of volatility in the foreign exchange market. Furthermore, the macroeconomic
variables also play an important role. As exchange rates are directly influenced by the state of

the economy, in particular by inflation, this is not surprising.

More remarkable is the overlap of best predictors of the foreign exchange class and the
bonds class. However, their realized volatilities are most correlated with each other as well. The
interest rates, spread and other bond market factors appear not be very helpful in predicting the
realized volatility for bonds. As these variables are almost never amongst the highest ranked

variables, it is difficult to assess their added value. At first sight, it appears to be limited.
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The liquidity and credit risk variables, however, seem to be more useful for the bonds class.
A (sudden) change in credit risk perhaps may also lead to increased uncertainty and thereby

leading to increased volatility.

In general, the macroeconomic variables can be considered as the most relevant or important
variables to predict realized volatility for all asset classes, inflation in particular. This leads to
suspect that current inflation level is a good proxy what to expect for next month’s volatility.
As inflation directly affects the value of money, it also directly affects the spending behaviour
of individuals. An increase in inflation will make money worth less, thereby making (financial)
products relatively more costly. Periods of high inflation could therefore result in a decrease
in expenditures, as people will be tempted to postpone their investments. This also affects the
financial market, as people may prefer to hold their money and wait for a period of deflation. A
decrease in market activity leads to a decrease in bid and ask orders, which makes the markets
less ‘liquid’. This implies that a single market order of reasonable size will more likely affect the
stock price. Hence, the market volatility will increase. As the reaction of market participants
may be lagged to some extent, the current value of inflation may give a good indication of near

future market volatility.
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Table 8: Average weights assigned to each predictor variable according to the lasso, Elastic Net
and LARS selection procedures

Equities Commodities FX-aggr. Bonds
LAS EN LAR LAS EN LAR LAS EN LAR LAS EN LAR

Awverage no. of selected variables
128 25.3 11.9

12.2 23.9 12.8 12.1 22.5 11.2 12.1 22.5 10.2

A. Equity Market Variables and Risk Factors
D-P 59.4 76.6 46.3 23.0 56.1 18.4 43.0 55.3 44.3 43.0 55.3 25.0
E-P 56.1 83.6 52.9 36.9 68.0 27.9 27.0 65.2 32.0 27.0 65.2 18.9
MKT 75.8 83.2 52.5 18.4 46.7 9.4 19.7 50.0 17.2 19.7 50.0 5.3
SMB 22.1 66.0 35.7 52.9 79.1 66.4 33.2 58.2 35.7 33.2 58.2 26.2
HML 42.2 64.8 41.0 11.5 49.6 23.4 24.2 60.7 27.5 24.2 60.7 17.2
STR 66.8 77.5 73.8 43.0 66.8 41.8 25.0 56.1 28.3 25.0 56.1 34.0
TURN 30.7 67.2 28.3 54.5 83.2 57.8 22.5 54.1 35.7 22.5 54.1 68.9
MSCI 30.7 66.0 10.7 25.8 53.7 28.3 20.9 53.3 9.4 20.9 53.3 22.5
B. Interest Rates, Spreads and Bond Market Factors

- 14.8 59.0 18.9 23.4 53.3 13.1 18.4 56.1 13.9 18.4 56.1 28.7
RTB 25.0 63.9 22.5 29.5 54.9 16.0 11.1 54.1 22.5 11.1 54.1 23.0
LTR 41.8 65.2 35.7 15.6 46.3 12.7 12.3 53.7 11.9 12.3 53.7 32.4
RBR 29.5 59.0 26.2 41.0 70.5 28.3 22.5 56.1 12.7 22.5 56.1 33.2
T-S 35.7 52.0 38.5 11.5 50.0 21.7 9.8 51.2 12.3 9.8 51.2 26.2
C-P 40.6 63.1 38.5 48.8 70.9 48.8 44.7 61.9 38.9 44.7 61.9 23.8
C. FX Variables and Risk Factors
DOL 41.4 61.1 40.6 47.5 73.4 54.5 23.0 54.9 15.2 23.0 57.8
C-T 26.2 53.7 29.9 37.7 64.3 40.2 34.4 54.9 24.2 34.4 54.9 18.4
AFD 48.4 76.2 36.5 40.6 74.2 27.9 58.2 77.0 54.9 58.2 31.1
D. Liquidity and Credit Risk Variables
DEF 29.5 67.2 21.7 27.9 66.8 18.9 31.1 57.0 36.5 31.1 57.0 11.9
BAS 29.9 66.0 22.1 32.4 59.0 18.4 33.6 62.3 27.5 33.6 62.3 45.5
PS 43.0 68.4 52.0 51.2 67.2 45.5 51.6 69.7 54.9 51.6 69.7 27.0
TED 29.1 63.5 23.4 42.2 69.7 29.5 32.8 57.8 27.9 32.8 57.8 35.2
E. Macroeconomic Variables

NEM 67. 81.6 54.9 33.2 53.3 38.5 48.8 69.7 66.8 48.8 69.7 38.1
NFA 29.5 59.4 22.5 58.6 83.2 50.4 29.1 54.5 23.4 29.1 54.5 21.3
PM 42.6 70.9 41.0 23.0 50.8 15.6 63.5 73.8 56.6 63.5 73.8 29.5
PGA 22.1 66.0 14.3 33.6 64.8 33.2 23.8 54.5 11.1 23.8 54.5 35.7
H-S 18.4 58.6 32.0 50.4 70.9 56.6 46.3 66.8 59.0 46.3 66.8 25.8
M1M 31.6 62.3 36.1 40.6 77.9 33.2 32.4 64.3 45.1 32.4 64.3 29.9
MI1A 44.3 84.0 32.4 42.2 73.0 9.4 25.8 56.1 21.7 25.8 56.1 31.1
ORDM 40.6 68.9 46.7 40.6 70.5 48.4 16.4 55.3 25.0 16.4 55.3 48.4
ORDA 12.3 57.8 9.0 39.3 62.3 36.9 18.4 52.9 16.0 18.4 52.9 1.2
CRB 44.3 65.2 34.0 50.0 69.7 38.9 50.4 68.9 59.0 50.4 68.9 24.6
CAP 31.6 62.3 14.3 16.0 56.1 6.6 45.1 64.3 37.3 45.1 64.3 39.8
EMPL 46.7 77.5 27.5 23.8 59.8 22.1 41.8 62.3 48.4 41.8 62.3 18.0
SENT 40.6 70.1 44.7 30.3 56.1 21.3 24.6 57.4 29.1 24.6 57.4 34.4
CONF 19.3 57.0 25.4 26.6 49.6 26.6 48.8 59.0 36.9 48.8 59.0 33.2
DIFF 22.5 60.7 19.7 35.2 61.5 36.5 22.5 56.6 22.1 22.5 56.6 38.5
PMBB 23.4 66.0 21.7 14.8 50.0 9.0 37.7 55.3 33.6 37.7 55.3 44.3
PMI 12.7 57.0 6.1 19.7 53.3 6.1 35.2 61.9 28.7 35.2 61.9 11.9

Notes: (i) The lasso, elastic net and LARS are abbreviated as LAS, EN and LAR, respectively. (ii) All
weights are expressed in percentages. (iii) The description and the full names of the variables can be
found in Table 2.

As the best out-of-sample performance is found in the forecast combinations class of weight
type 1 (i.e. SSE weighted) and PCA-based combinations (both weight type 1 and 2), it is worth
investigating the weight distribution of these models. Tables 9 and 11 below show the weight
distribution for weight type 1 and the PCA-based, respectively. The reported weights represent
the average weight given to a forecast model which only includes variable x;, which is part of
the set of variables of the full set (unrestricted case, UR) or if it is part of the active set found
by the lasso (LS), elastic net (EN) or LARS (LR).

What stands out from both Tables is that the weights according to type 1 based on the full
set of variables, is roughly the same as the weights based on equal weighed combinations. As
there are 38 variables in the full set, the variables in the equal weighted combinations all get
a weight of 1/38 or 2.6%. This implies that the SSE of the individual models are on average
similar. Individual predictors appear not to be able to significantly reduce the SSE of the AR
model, which would lead to a different, unequal distribution of the weights. This means that the
average weights assigned to the variables based on one of the three variable selection techniques,

is directly related to the number of times the variables are selected by those techniques. Tables
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8 and 9 are therefore directly related to each other. The subset of variables selected by one
of the three penalized regression methods, is most likely an equal weighted combination of
those variables. This explains why the performance of the forecasts based on equal weighted
combinations and of weight type 1 are so similar throughout the paper. However, this is not
completely true, as the forecast combinations according to weight type 1 are slightly better than
the corresponding equally weighted combinations. The PCA-based combinations confirm this

idea, as the factors all get an average weight of 20%, which is equal to 1/5.

Table 9: Average weights assigned to the variables in the forecast combinations based on weight
type 1

Equities Commodities FX-aggr. Bonds
UR LS EN LR UR LS EN LR UR LS EN LR UR LS EN LR

A. Equity Market Variables and Risk Factors
D-P 2.6 7.1 4.3 11.2 2.6 7.6 3.8 7.3 2.6 7.9 3.5 7.8 2.6 7.9 3.5 7.2

-P 2.6 7.3 4.6 10.2 2.6 7.8 4.3 6.7 2.6 10.2 6.5 11.2 2.6 10.2 6.4 5.9
MKT 2.6 7.4 4.4 8.1 2.6 8.5 3.1 4.5 2.6 8.5 2.9 8.0 2.6 8.4 2.9 6.0
SMB 2.6 7.2 3.9 6.6 2.6 7.4 5.1 13.3 2.6 7.5 3.9 6.8 2.6 7.5 3.9 6.3
HML 2.6 7.5 4.3 8.4 2.6 7.5 3.2 4.9 2.6 10.1 4.2 8.3 2.6 10.1 4.2 7.2
STR 2.6 7.5 4.2 9.8 2.6 8.3 4.2 9.5 2.6 7.2 3.9 6.5 2.6 7.2 3.9 7.2
TURN 2.6 6.3 3.9 6.0 2.6 7.9 5.2 10.1 2.6 7.8 3.7 7.1 2.6 7.8 3.7 10.7
MSCI 2.6 7.7 4.0 4.9 2.6 7.6 3.3 5.4 2.6 8.6 3.8 5.6 2.6 8.6 3.8 10.7
B. Interest Rates, Spreads and Bond Market Factors
T-B 2.6 6.7 3.5 6.8 2.6 6.6 3.4 5.1 2.6 10.3 4.0 6.1 2.6 10.3 4.0 7.7
RTB 2.6 7.5 4.1 6.3 2.6 7.0 3.6 5.9 2.6 9.5 3.6 9.7 2.6 9.4 3.6 10.5
LTR 2.6 7.2 3.6 7.9 2.6 7.1 2.8 5.3 2.6 7.3 3.9 4.7 2.6 7.3 3.9 10.1
RBR 2.6 7.8 3.6 135 2.6 7.1 4.6 8.4 2.6 9.1 4.6 5.2 2.6 9.1 46 11.1
T-S 2.6 7.6 3.1 6.9 2.6 7.0 3.2 4.8 2.6 7.4 3.4 5.0 2.6 7.4 3.4 6.7
C-P 2.6 7.7 3.8 7.8 2.6 9.2 4.7 11.0 2.6 7.9 4.2 7.8 2.6 7.9 4.2 6.0
C. FX Variables and_Risk Factors
DOL 2.6 7.7 3.7 8.3 2.6 8.7 49 11.2 2.6 8.1 3.4 6.4 2.6 8.1 3.4 11.2
C-T 2.6 7.2 3.2 6.5 2.6 7.3 4.0 7.2 2.6 7.9 3.7 6.5 2.6 7.9 3.7 7.0
AFD 2.6 7.2 4.2 9.5 2.6 7.7 4.6 9.4 2.6 8.0 6.0 10.1 2.6 8.0 6.0 8.6
D. Liquidity and Credit Risk Variables
DEF 2.6 7.2 4.1 8.9 2.6 7.6 4.5 6.0 2.6 10.5 4.9 8.4 2.6 10.6 4.9 6.3
BAS 2.6 6.6 3.9 7.1 2.6 6.8 4.2 10.2 2.6 8.5 4.7 6.8 2.6 8.5 4.7 9.8
PS 2.6 6.7 3.8 7.7 2.6 7.3 4.1 8.0 2.6 8.2 6.2 11.3 2.6 8.2 6.2 8.5
TED 2.6 7.3 4.1 8.4 2.6 7.3 4.6 8.9 2.6 7.2 3.8 7.0 2.6 7.2 3.8 9.2
E. Macroeconomic Variables
INFM 2.6 7.4 4.7 8.3 2.6 8.3 3.5 10.1 2.6 7.6 5.8 9.3 2.6 7.6 5.8 8.0
INFA 2.6 7.6 3.6 7.0 2.6 7.5 5.5 9.3 2.6 7.7 3.6 6.3 2.6 7.7 3.6 8.4
PM 2.6 7.4 4.2 8.9 2.6 6.3 3.4 5.1 2.6 7.8 6.1 9.2 2.6 7.8 6.1 8.3
IPGA 2.6 8.0 4.0 5.4 2.6 7.9 4.0 6.6 2.6 9.9 4.0 12.8 2.6 9.9 4.0 12.2

-S 2.6 6.8 3.6 6.8 2.6 9.1 4.5 14.6 2.6 8.2 50 104 2.6 8.2 5.0 6.4
MIM 2.6 8.2 4.1 7.8 2.6 7.0 4.8 7.5 2.6 7.2 4.7 7.7 2.6 7.2 4.7 6.0

1A 2.6 7.0 4.8 7.3 2.6 7.3 4.8 5.3 2.6 8.0 3.6 5.9 2.6 8.0 3.6 9.8
ORDM 2.6 7.1 4.0 7.6 2.6 7.8 4.5 10.1 2.6 9.4 4.0 6.0 2.6 9.4 4.0 12.1
ORDA 2.6 9.3 3.4 5.4 2.6 7.4 4.0 6.9 2.6 9.1 3.4 7.0 2.6 9.1 3.4 3.7
CRB 2.6 6.6 3.7 7.8 2.6 7.9 4.8 9.5 2.6 7.8 5.1 9.0 2.6 7.8 5.1 10.8
CAP 2.6 7.1 3.7 8.5 2.6 6.7 3.8 4.7 2.6 7.4 5.0 7.6 2.6 7.4 5.0 11.2
EMPL 2.6 7.4 4.3 9.0 2.6 9.3 4.3 6.5 2.6 7.3 4.9 8.0 2.6 7.3 4.9 6.7
SENT 2.6 6.7 3.9 7.2 2.6 8.0 3.7 8.3 2.6 9.0 4.5 9.0 2.6 9.0 4.5 6.5
CONF 2.6 7.2 3.4 5.7 2.6 7.6 3.1 7.0 2.6 7.5 4.1 7.5 2.6 7.5 4.1 9.1
DIFF 2.6 6.9 3.4 5.7 2.6 7.6 4.0 8.1 2.6 7.8 4.3 6.9 2.6 7.8 4.3 9.2
PMBB 2.6 7.3 3.9 115 2.6 8.0 3.2 4.7 2.6 9.0 3.7 8.9 2.6 9.0 3.7 8.8
PMI 2.6 9.1 3.6 6.0 2.6 8.5 3.4 6.7 2.6 11.1 4.3 10.7 26 11.1 4.3 5.7

Notes: (i) The 38 variables are represented by their abbreviation, which is introduced in Table 2. (ii) The weights are
determined by the first weighting type introduced in this paper. This weighting type determines the weights based on
the proportion of SSE of each individual model, compared to the total SSE. (iii) The average weights are based on the
average weight they have when they are part of the active set of variables. The active set of variables is either the full,
unrestricted set (UR) or determined by one of the three variable selection techniques: lasso (LS), elastic net (EN) and
LARS (LR).

More variation is expected is the behaviour of the weights according to the second weight-
ing method. This method minimizes the total SSE of each estimation sample by finding the
optimal combination of different available forecast models. This likely to be better able to take
correlations into account, but it can backfire as well. This weighting scheme can also lead to
an optimization of the in-sample error, which can lead to very extreme weights. These extreme

weights do not necessarily have to optimal to forecast with. This appears to be the case, as
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found in the analysis on the forecast accuracy of the models. Table 10 displays the average
weights according to the second weighting method, which are indeed quite extreme. Many
of the variables are disregarded completely, while others get assigned a weight of 100%. The
weighting scheme appears to be highly unstable, which makes it difficult to analyse the distri-
bution of the weights. Given that the best results come from the equal weighted combinations
and weight type 1, it can be concluded that an optimization of the in-sample total SSE is not

optimal and seems to have a limited application in forecasting the RV.

Table 10: Average weights assigned to the variables in the forecast combinations based on
weight type 2

Equities Commodities FX-aggr. Bonds
UR LS EN LR UR LS EN LR UR LS EN LR UR LS EN LR
A. Equity Market Variables and Risk Factors
D-P 7.3 40.0 22. 68.2 0.0 76.6 89.0 382 0.0 95.0 943 91.0 0.0 942 776 100
E-P 96.5 96.0 96.3 55.1 933 93.5 943 298 100 100 100 100 100 100 100 0.0
MKT 0.0 0.0 0.0 43.1 0.0 56.0 0.0 0.0 0.0 100 0.0 0.0 0.0 100 0.0 0.0
SMB 0.0 100 0.0 629 1.3 36.3 353 835 0.0 90.3 86.8 100 0.0 89.2 859 0.0
HML 0.0 100 0.0 64.2 0.0 0.0 0.0 85.1 0.0 96.3 88.0 87.6 0.0 984 0.0 21.9
STR 0.0 100 100  80.1 0.0 100 0.0 97.1 0.0 0.0 0.0 95.2 0.0 0.0 0.0 30.4
TURN 0.0 0.0 0.0 76.3 0.0 0.0 0.0 73.1 0.0 0.0 0.0 92.0 0.0 0.0 0.0 80.1
MSCI 0.0 0.0 0.0 86.0 0.0 2.3 0.0 76.6 0.0 100 0.0 0.0 0.0 100 0.0 81.0
B. Interest Rates, Spreads and Bond Market Factors
T-B 0.0 100 100  96.8 0.0 87.1 0.0 62.9 0.0 10 100  75.8 0.0 100 100  48.5
RTB 0.0 89.9 94.8 65.2 0.0 79.6 100  82.5 0.0 82.0 100 100 0.0 99.6 100 81.7
LTR 0.0 0.0 0.0 77.9 0.0 0.0 0.0 60.0 0.0 0.0 0.0 100 0.0 0.0 0.0 77.8
RBR 0.0 95 96.8  98. 0.0 96.0 95.5 68.3 0.0 75.0 100  76.0 0.0 725 100  69.1
-S 0.0 88.4 0.0 86.1 0.0 54.6 100  70.0 0.0 80.4 100 55.9 0.0 75.6 100  55.6
C-P 2.7 5 5.0 749 8.3 124 6.9 T77.6 0.0 37.5 41.7 90.5 0.0 433 432 794
C. FX Variables and Risk Factors
DOL 3.8 34 14.1 54  59.6 0.0 283 236 100 0.0 183 245 44.0
C-T 0.6 13 2 3.0 57.4 1.3  16.3 6.5 53.2 0.0 324 19.3 75.0 0.0 359 242 11.3
AFD 5.3 5.5 4.7 670 121 5.7 13,5 47.1 0.0 0.0 100 83.0 0.0 0.0 100 86.9
D. Liquidity and Credit R'Lsk Variables
DEF 0.0 0.0 83.3 0.0 0.0 0.0 76.0 0.0 0.0 100  87.9 0.0 33.2 100  46.8
BAS 0.0 0.5 0.0 68.3 0.0 0.2 0.0 584 0.0 100 0.0 80.6 0.0 100 0.0 832
PS 0.0 93.8 99.8 64.9 0.0 88.9 983 643 0.0 882 94.1 90.0 0.0 84.8 915 77.6
TED 0.0 0.0 0.0 99.0 0.0 100 0.0 88.4 0.0 0.0 0.0 76.0 0.0 0.0 0.0 48.8
E. Macroeconomic Variables
M 0.0 1.3 0.0 925 0.0 849 0.0 84.9 0.0 100 81.1 919 0.0 100 779 752
NFA 0.0 0.0 0.0 86.4 0.0 0.0 100  87.7 0.0 0.0 100  53.5 0.0 0.0 100 78.6
PM 0.0 0.0 0.0 61.0 0.0 0.0 0.0 67.0 0.0 826 855 96.1 0.0 624 694 0.0
PGA 0.0 0.0 0.0 58.0 0.0 0.0 0.0 50.9 0.0 0.0 0.0 91.2 0.0 0.0 0.0 57.6
H-S 0.0 100 100  25.3 0.0 959 100  85.5 0.0 87.5 99.1 99.5 0.0 81.6 99.2 88.7
M1M 0.0 943 929 100 0.0 12.1 3.3 781 0.0 100 100 72.6 0.0 100 0.0 91.0
MI1A 0.0 1.0 0.0 359 5.5 122 4.1 66.6 0.0 0.0 0.0 47.2 0.0 0.0 0.0 785
ORDM 00 879 797 76.3 0.0 585 100  55.9 0.0 80.9 68.0 90.8 0.0 64.0 63.8 56.9
ORDA 0.0 100 0.0 0.0 0.0 704 70.9 77.2 0.0 100 0.0 100 0.0 66.8 0.0 0.0
CRB 0.0 0.0 0.0 24.3 0.0 93.3 100 70.4 0.0 100  97.1 78.2 0.0 946 935 704
CAP 0.0 81.9 0.0 385 0.0 0.0 85.9 100 0.0 834 80.0 824 0.0 387 76.0 789
EMPL 0.0 99.5 0.0 99.8 0.0 100 100 33.1 0.0 749 100  69.8 0.0 70.1 100  86.1
SENT 0.0 84.2 0.0 20.1 0.0 10.1 0.0 632 0.0 71.0 100 61.4 0.0 888 100  83.0
CONF 0.0 100  65.7 28.5 0.0 21.1 0.0 754 0.0 94.1 100 100 0.0 929 100 94.3
DIFF 0.0 0.0 0.0 5.8 0.0 0.0 0.0 41.6 0.0 0.0 0.0 74.0 0.0 0.0 0.0 86.8
PMBB 0.0 0.0 0.0 0.0 0.0 0.0 0.0 59.4 0.0 0.0 0.0 73.1 0.0 0.0 0.0 96.9
I 0.0 0.0 0.0 1.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 88.5 0.0 0.0 0.0 0.0

Notes: Notes: (i) The 38 variables are represented by their abbreviation, which is introduced in Table second weighting
type introduced in this paper. This weighting type determines the weights based on the lowest SSE that is possible by
combining the individual models. (iii) The average weights are based on the average weight they have when they are
part of the active set of variables. The active set of variables is either the full, unrestricted set (UR) or determined by
one of the three variable selection techniques: lasso (LS), elastic net (EN) and LARS (LR).
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Table 11: Average weights assigned to the factors of the PCA-based forecast combinations

Equities Commodities FX-aggr. Bonds

Typel Type2 Typel Type2 Typel Type2 Typel Type?2

Group A 20.0 25.2 20.0 25.8 20.0 27.3 20.0 27.7

Group B 20.0 33.2 20.0 27.7 20.0 36.7 20.0 34.6
Group C 20.0 28.7 20.0 27.7 20.0 31.7 20.0 31.3
Group D 20.0 26.7 20.0 25.1 20.0 31.7 20.0 32.1
Group E 20.0 36.2 20.0 30.7 20.0 33.6 20.0 33.9

Notes: Notes: (i) The table presents the average weight assigned to the different subgroups
of variables, based on weighting type 1 or 2. (ii) The first weighting type determines the
weights based on the proportion of SSE of each individual model, compared to the total SSE.
The second weighing type determines the weights based on the lowest SSE that is possible
by combining the individual models. (iii) The groups represent the equity market variables
(A), bond market variables (B), FX variables (C), Liquidity and credit risk variables (D),
and macroeconomic variables (E).
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6 Discussion and further extensions

The primary goal of the paper was to assess the value of macroeconomic variables in predicting
monthly realized volatility, using a large variety of different estimation techniques. The analysis
revealed that monthly realized volatility is predictable, though strong variation is observed on
various levels. Most useful techniques appear to be the forecast combinations, as also found by
Christiansen et al. (2012), but they fail to behave consistently over the different asset classes. As
the extent to which realized volatility is predictable changes over time, this makes it increasingly
difficult for the models to perform consistently. To provide further insight in this topic, various

suggestions for possible extensions are presented below.

Already a broad set of different estimation and variable selection techniques are used to assess
the use of macroeconomic variables in explaining and predicting realized volatility. The goal
of this was to analyse the issue from several perspectives and to provide an implicit robustness
check. As little consistency both within and between methods is observed, the question arises
what alternative methods are available. Many alternatives are available, an almost countless
amount, which all treat a large number of predictors differently. Kim and Swanson (2014a),
amongst others, provide several alternatives to the methods applied in this paper. Potential

extensions or improvements of the analysis therefore lie primarily in the methodology.

More specifically, most fruitful extensions lie primarily in the area of variable selection. This
forms the central component of the paper and works through in all different methods. Further
analysing the possibilities of variable selection, will reveal more insight in the predictability of
realized volatility and the added value of macroeconomic information. Moreover, the bootstrap
aggregation procedure was applied in its most elementary form. A fairly straightforward was
applied to select the variables used in the forecasting model, which could be simply replaced by

more sophisticated techniques.

Though methodology is an important part, most fundamental is the data they are applied to.
The paper covers the four major asset markets, but they could all be approximated by different
assets. Also, the analysis could be narrowed down to more specific, individual assets, rather than
analysing it from an index point of view. Applying the methodology to, for example, different
individual stocks, provides an interesting perspective that could add value to this paper. As
individual effects possibly cancel out in an index, the analysis here might not apply to individual
assets. Further, to be able to obtain reliable estimates, this paper uses a moving window of 7.5
years. From an economic point of view, this period is quite long. Switching to weekly or daily
realized volatility will make it possible to analyse short periods of time, using therefore more

recent observations, which could increase the forecasting performance.

A last point that could be further investigated is the actual application of the realized
volatility forecasts. The perspective of this paper is quite broad, as the focus lies on predicting
realized volatility on a monthly basis for four large indices of different assets. The forecasts
are therefore perhaps most useful for economic decision making. The predictions give an idea
of the expected risk in financial markets and the accommodated uncertainty, which could help

decision makers such as central banks to set, for example, the risk-free rate. Taking on, for
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example, a more individual perspective by using individual assets might also change the use of

realized volatility forecasts.
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7 Conclusion

This paper presents an analysis of the use of 38 different macro-finance (macroeconomic and
finance) variables to predict monthly realized volatility in four different asset classes: Equities,
commodities, foreign exchange rates and bonds. A variety of different estimation- and variable
selection techniques are used which can be roughly subdivided in four groups: penalized regres-
sions, dynamic factor models, forecast combinations and bootstrap aggregation. All approach
the set of possible predictor variables differently, thereby providing different perspectives on the
predictability. The added value of the the macro-finance variables is analysed with respect to an
optimized autoregressive model, which is the best elementary model possible without using any
exogenous predictors. The goal of the paper is thus to analyse whether macro-finance variables

add value to this autoregressive model model.

The forecast combination models appear to be most successful in predicting realized volati-
lity. However, all models lack consistency between different asset classes. This highlights the
difficulty of finding one forecast model or estimation technique to forecast realized volatility of
different asset classes. Overall, the realized volatility of equities seems to be best predictable.
The analysis also reveals, quite surprisingly, a weak performance of dynamic factor models.
This leads to conclude that the common variation (or information) in macroeconomic variables

is not able to capture the variation in realized volatility.

The forecasts of all models are quite well able to predict the monthly 95% Value-at-Risk.
This signals that the realized volatility forecasts might be useful for economic decision making,
as they provide a good estimate of next month ‘worst case scenario’. The realized volatility
forecasts also seem usable in portfolio context, as almost all models are able to outperform a
simple buy-and-hold strategy and the risk-free rate. In general, the economic evaluation is not
able to strongly differentiate between different models. This makes it difficult to assess which
estimation technique performs best, though the penalized regression and forecast combination

based forecasts belong consistently amongst the best performing models.

Lastly, and perhaps most importantly, the paper provides an analysis of which variables get
selected most by the variable selection techniques. For equities, not surprisingly, equity market
related variables appear most important. In addition, monthly inflation is selected often to
forecast with. The most selected variables for the commodities class show strong overlap with
the equities class, as it also selects predominantly equity market and macroeconomic variables.
The latter two asset classes, foreign exchange rates and bonds also share many observations,
primarily economic variables. There appears to be some consistency, as inflation is for all classes

an important variable.

The overall conclusion of the analysis is that monthly realized volatility is predictable. More
importantly, the use of macro-finance variables further improve the forecasts, as including them
leads to outperforming a simple autoregressive model. Which variables are most helpful differs
for each asset class as only limited consistency is found in the variable selection procedure and
forecasting performance. To shed further light on this issue several extensions are possible,

primarily in the choice of estimation techniques and data to which these methods are applied
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A Additional Tables

A.1 Correlation matrix

Table 12: Correlation matrix part 1/3
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OO —HOOOO

Notes: The table shows the correlation between the 38 possible predictor variables, as presented in Table 2.

Table 13: Correlation matrix part 2/3
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Notes: The table shows the correlation between the 38 possible predictor variables, as presented in Table 2
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Table 14: Correlation matrix part 3/3
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Notes: The table shows the correlation between the 38 possible predictor variables, as presented in

Table 2
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A.2 Additional Results

A.2.1 Value-at-Risk
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A.2.2 Mean-variance portfolio returns
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7, SR, t-val. and w stand for average monthly return in excess of the risk-free rate (expressed in percentages), monthly Sharpe Ratio, the

t-statistic for the comparison of the Sharpe Ratios, and average weight (expressed in percentages) assigned to the asset, respectively. (ii) The t-value is significant at a

5% significant level if its absolute value is larger than 1.96.
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5. Bootstrap aggregation
Bootstrap samples = 1
Bootstrap samples = 100
Bootstrap samples = 150
Bootstrap samples = 200
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