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Abstract
Market timing models aim to anticipate short-term market movements according to a given
source of information. Such information could be extracted from an analysis of history or a
forecast of the future. In fact, the financial markets are driven mainly by the expectations of
market investors andby exogenous sources.An explicitway formarket investors tomake clear
their expectations about a certain asset is to define the implied volatility of the options that
are written on that asset. Moreover, the literature proposed tools that generate the state price
density of the underlying by observing the implied volatility of the options. The combination
of the implied volatilities and the state price density can give deep insight into investors’
expectations about the short-term movements of the underlying and, thus, can represent a
reliable source of information to perform a market timing strategy or to select a portfolio
for a risk-neutral investor with a short-term horizon. To avoid adjusting the procedure for
dividend-paying assets, we develop our approach considering market price indexes. This
approach constitutes a completely new technique to establish both a market timing strategy
and a ranking among the considered indexes. In the empirical analysis, we considered both the
market timing problem for a single index and the portfolio selection problem when multiple
indexes are available.
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1 Introduction

The most famous and widely used technique to price options is the model of Black and
Scholes (Black & Scholes, 1973) with contributions by Merton (Merton, 1973) (henceforth
referred to as theBSMmodel). However, thismodel suffers from some drawbacks, such as the
assumption that the log-returns of the underlying asset follow a Gaussian distribution and the
assumption that their variance is constant and deterministic. Because of these disadvantages,
the model’s empirical observations of the optionmarket prices differ from the prices obtained
with the BSM model. Thus, traders typically invert the BSM formula to obtain the so-
called implied volatility (IV), then quote the IVs rather than the option prices. Therefore,
the information hidden in the IV somehow reflects market agents’ ideas about the extent to
which the future distribution of the returns of the underlying asset differs from the Gaussian
distribution. At any time, for a single underlying asset, several call and put options with
different strike prices and maturities are quoted. Thus, at any time, we can compute a whole
set of IVs. Instead of the strike price, in this paper, we adopt the concept of moneyness (i.e.,
the ratio of the strike price to the current underlying asset price). Moneyness simplifies the
comparison among options with different maturities. When, for a given maturity, we plot IVs
against moneyness, we obtain a curve similar to a smile (especially for forex options) or a
smirk (a nonsymmetric smile common for equities).

IV curves have been deeply analyzed in the last three decades. Corrado and Su (1997)
focused on the relationship between the skewness and kurtosis of the underlying asset and
of the IV. Skiadopoulos et al. (2000) applied principal component analysis to identify the
components that better explain the IV smiles. Tompkins (2001) proposed an extensive work
on IV surfaces, considering several markets and trying to capture similarities among the
smile patterns. Hafner and Wallmeier (2007) extracted from IV curves suggestions regard-
ing whether to invest or not in volatility-based financial instruments. Ielpo and Guillaume
(2010) investigated the mean-reverting behavior of the IV through time. Silvia (2010) tried
to exploit the information inside the IV to forecast the volatility for the underlying asset
and demonstrated the quality of the BSM model. García-Machado and Rybczyński (2017)
focused on the interpretation of the IV curves according to their particular shape in periods
of market turmoil. Jang and Lee (2019) used neural network models to predict the IVs of
the options. Thus, the importance of studying IV curves and of being able to smooth the IV
function across the quoted values to capture its shape along the entire moneyness span is
clear. For a review of parametric and semiparametric models to smooth the volatility surface
please refer to Fengler (2012) and Homescu (2011). Unfortunately, there is no continuum
of data with respect to moneyness, so we need some kind of interpolation and smoothing.
In this paper, we adopted the IV smoothing proposed in Benko et al. (2007), which has
been previously used in Kim and Lee (2013); Kopa et al. (2017), and Vitali et al. (2023).
Benko et al. (2007) combine IV smoothing with a model to estimate the state price density
(SPD). SPD is able to replace the BSM hypothesis of Gaussianity, giving a representation of
the hidden distribution of the underlying forecast by market agents. Other non-arbitrage IV
and SPD estimation procedures have been presented in, for example, Fengler (2012); Glaser
and Heider (2012), Fengler and Hin (2015), and Ludwig (2015). The estimation procedures
differ if the underlying of the options is a dividend-paying asset or not. To avoid excessive
complications we limit the analysis in this work to non-dividend-paying asset, namely we
use stock market price indexes.

The SPD (also known as Q-distribution) is, by construction, a risk-neutral distribution. To
obtain the real-world probability density function (known as P-distribution) it is necessary to
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adjust the SPD, consideringmultiple elements as highlighted by Figlewski (2018).Moreover,
Kostakis et al. (2011) show that it is important to try to perform such a transformation (from
the Q-distribution to the P-distribution) to correctly quantify the risk when the calculation of
an optimal portfolio is carried out. The same need is also noted by Kosolapova et al. (2023)
for portfolio and risk management. However, they all agree that such a transformation is
particularly challenging and that several elements are difficult to estimate and quantify. For
these purposes, since we did not want to quantify, reduce, or control the risk, we replicated
the behavior of a risk-neutral investor and, thus, as remarked in Kosolapova et al. (2023), we
could rely on the information contained in the SPD. Indeed, thiswork aims to analyzewhether
some hidden information in the SPD distribution can be used to define a good trading strategy.
If so, the advantage of using the SPD would be evident, since it can be easily estimated from
option prices, while the P-distribution is difficult to obtain in practice.

To summarize, the aim of this paper is twofold:

• To propose a market timing strategy for a risk-neutral investor when the investment
decision focuses on a single index;

• To propose a short-term portfolio selection strategy for a risk-neutral investor when the
investment universe is composed of a set of indexes.

The idea of using the information from the IV to improve portfolio selection models has
already been explored: DeMiguel et al. (2013) investigated the implied volatility and implied
skewness of options within a portfolio optimization; Kempf et al. (2015) performed a min-
imum variance optimization based on implied estimators extracted from options. However,
to the best of our knowledge, the idea of using the SPD to make investment decisions is new.
To show the effectiveness of our approach, we considered a huge dataset of options for some
of the main stock indexes that represent the worldwide financial markets, and we showed
that it is possible to perform a good market timing for a single index and to rank the indexes
to select the best ones to build a portfolio. The results show that the proposed market timing
strategy nearly always performs better than the simple buy-and-hold strategy and, in multiple
cases, our criteria suggest portfolios that beat the 1/N portfolio that we take as a benchmark.

This paper is structured as follows. Section2 reviews the theory of IV and SPD. Section2.1
describes the market timing and portfolio strategies that we propose. Section4 presents the
empirical analysis. Section5 concludes the paper.

2 Implied volatility and state price density estimation

Implied volatility can be computed using the BSM-type model and market price data of
European call (or put) options. Let us assume that the index value dynamic evolves as a
geometric Brownian motion with constant drift and volatility. In this case, the value Ct of a
call option on a non-dividend-paying underlying is expressed as (Black & Scholes, 1973):

Ct (St , K , τ, r , σ ) = St�(d1) − Ke−rτ�(d2), t < T , (1)

d1 = log(St/K ) + (r + σ 2/2)τ

σ
√

τ
, (2)

d2 = d1 − σ
√

τ , (3)

where St is the spot value of the underlying, K represents the strike, T is the maturity of the
option, τ = T − t is the time-to-maturity, r is the risk-free interest rate, σ is the volatility
of the log returns of the underlying (assumed to be an unknown and constant parameter),
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and �(·) represents the cumulative distribution function of the standard normal distribution.
The implied volatility of the underlying log returns σ̃ is defined as the solution of the system
(1)–(3) in which the price of call option Ct is substituted by the observed market price C̃t .

It is well known that the implied volatility is not constant over time and not equal for all
quoted strikes; see Brockhaus et al. (2000) and Fengler (2006). Indeed, for a given maturity,
the implied volatility is a u-shaped function of the strike. This function is called the implied
volatility smile.

Thus, we can assume the following model structure:

σ̃ (Ki , τi ) = σ(Ki , τi ) + εi , i = 1, . . . , n, (4)

where σ̃i = σ̃ (Ki , τi ) is the implied volatility observed for Ki and τi , σi = σ(Ki , τi ) is its
theoretical counterpart, εi represents the noise of the model, and n corresponds to the number
of observations. Following Benko et al. (2007), we do not introduce any explicit model
expression forσ . Instead,we apply the local nonparametric smoothing technique presented by
Fan andGijbels (1996); Hardle (1990), and Fan andYao (2003). Local polynomial estimators
have been successfully applied to calibrate a volatility surface model (4) and are currently
preferred to other approaches, such as a spline interpolation or higher-order polynomials; see
Shimko (1993); Fengler et al. (2003), and Cont et al. (2002). Moreover, Benko et al. (2007)
further improved this approach by imposing non-arbitrage constraints.

These constraints are actually imposed on the SPD that is a density function defined as:

qt,ST (x, τ ) := erτ
∂2Ct (K , τ )

∂K 2

∣
∣
∣
∣
K=x

. (5)

A comparison of (1)–(3) and (5) makes clear the relation between the SPD and the implied
volatility surface, which can be written as:

qt,ST (x, τ ) = erτ St
√

τϕ(d1(x, τ ))

{
1

x2σ(x, τ )τ
+ 2d1(x, τ )

xσ(x, τ )
√

τ

∂σ (K , τ )

∂K

∣
∣
∣
∣
K=x

+ d1(x, τ )d2(x, τ )

σ (x, τ )

(
∂σ

∂K

∣
∣
∣
∣
K=x

)2

+ ∂2σ

∂K 2

∣
∣
∣
∣
K=x

}

, (6)

d1(x, τ ) = log(St/x) + (r + σ 2(x, τ )/2)τ

σ (x, τ )
√

τ
, (7)

d2(x, τ ) = d1(x, τ ) − σ(x, τ )
√

τ , (8)

where ϕ(·) denotes the probability density function of the standard normal distribution; see
Brunner and Hafner (2003). Therefore, the SPD is expressed as a function of the implied
volatility surface and its derivatives. For a review, see Jackwerth (2004).

Benko et al. (2007) proves that a negative value of the SPD function highlights an arbitrage
opportunity, while the nonnegativity of the SPD guarantees the opposite. Combining the
local smoothing of (4) and the SPD, we can finally obtain a non-arbitrage estimation of both
quantities jointly. To achieve this result, the implied volatility should be standardized with
respect to the underlying value to make subsequent estimations comparable. Thus, instead of
considering the strike K , we consider the futures moneyness κt := K/Ft with Ft = St erτ ,
meaning the relative position of the future value of the underlying with respect to the strike.
The strikes K that we consider are the ones quoted in the market, therefore we do not utilize
any artificial strike. In the following section, we focus on the estimation of the IVs for fixed
maturity, and we apply this technique to a large set of data.
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2.1 Implied volatility for fixedmaturities

To estimate the implied volatility function, we consider a set of option market prices with
a fixed time-to-maturity τ . In this case, the general setting of the model (4) can be further
simplified considering the fixed τ and the futures moneyness κi :

σ̃ (κi ) = σ(κi ) + εi , i = 1, . . . , nτ , (9)

where σ̃i := σ̃ (κi ) and σi := σ(κi ) are assumed to be functions of κi only, εi is the error
term, and nτ is the number of observed implied volatilities with fixed time-to-maturity τ . If
τ = T − t is given, the definition of the moneyness becomes Ki = κi Ft , where, observing
daily data, the term Ft = St erτ is supposed to be constant, meaning St := S, Ft := F , and
Ki = κi F .

Model (9) can be calibrated using a local polynomial fitting. In particular, Benko et al.
(2007) suggests a local quadratic estimator. The estimator σ̂ (κ) of the function σ(κ) in the
grid point κ is then computed as the solution of the following minimization problem:

min
α0,α1,α2

nτ∑

i=1

[

σ̃i − α0 − α1(κi − κ) − α2(κi − κ)2
]2 Kh (κ − κi ) , (10)

where the weighting term Kh(κ − κi ) is defined as 1
hK

(
κ−κi
h

)

, in which K denotes a kernel
function. The kernel function is a weighting function generally used in nonparametric esti-
mation techniques. In particular,K is a nonnegative real-valued integrable function satisfying
(i)

∫ ∞
−∞ K(x)dx = 1 and (ii) K(x) = K(−x), ∀x ∈ �. For a review of the literature about

kernel functions, see Fan and Gijbels (1996). The parameter h > 0 is the so-called band-
width, and it controls the size of the local neighborhood considered for the estimation. As
analyzed in Kopa et al. (2017), the choice of the bandwidth h has a huge impact in the local
polynomial fitting procedure. On the one hand, a high bandwidth induces over-smoothing
(i.e., modeling bias). On the other hand, a small bandwidth produces under-smoothing (i.e.,
noisy estimates). If h = ∞, the local polynomial fitting becomes a global quadratic fitting;
see Fan and Yao (2003). Moreover, using the Taylor’s expansion of σ in the problem (10),
we can obtain the following: α0 = σ̂ (κ), α1 = σ̂ ′(κ), and α2 = σ̂ ′′(κ)/2.

To impose the non-arbitrage condition, the minimization (10) must be subjected to
qt,ST (κ, τ ) ≥ 0. Moreover, because τ is fixed, we can further simplify the notation, as
follows: qt,ST (κ, τ ) =: q(κ). Therefore, equation (6) and the following formulas can be
rewritten as

q(κ) = √
τϕ(d1(κ))

{

1

κ2σ(κ)τ
+ 2d1(κ)

κσ (κ)
√

τ

∂σ (κ)

∂κ
+ d1(κ)d2(κ)

σ (κ)

(
∂σ (κ)

∂κ

)2

+∂2σ(κ)

∂κ2

}

,

(11)

d1(κ) = σ 2(κ)τ/2 − log(κ)

σ (κ)
√

τ
, (12)

d2(κ) = d1(κ) − σ(κ)
√

τ , (13)

considering the following derived relations: K = Fκ , ∂K
∂κ

= F , ∂σ
∂K = ∂σ

∂κ
1
F ,

∂2σ
∂K 2 = ∂2σ

∂K 2
1
F2 .

With some analytical computations, the SPD can be standardized to fulfill
∫ ∞
−∞ q(κ)dκ = 1.

It is clear that the true implied volatility function σ(κ) and its derivatives are not generally
known and, thus, that they must be substituted by suitable estimates. We can use α0, α1, and
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α2 as approximations, according to their characterization stated above. Then, the optimization
model (9), constrained with the no-arbitrage condition, becomes the following:

min
α0,α1,α2

nτ∑

i=1

[

σ̃i − α0 − α1(κi − κ) − α2(κi − κ)2
]2 Kh (κ − κi ) , (14)

s.t. q̂(κ) = √
τϕ(d̂1(κ))

{

1

κ2α0τ
+ 2d̂1(κ)

κα0
√

τ
α1 + d̂1(κ)d̂2(κ)

α0
α2
1 + 2α2

}

≥ 0,

(15)

d̂1(κ) = α2
0τ/2 − log(κ)

α0
√

τ
, (16)

d̂2(κ) = d̂1(κ) − α0
√

τ . (17)

If IV is estimated without no-arbitrage constraints (15)–(17), then the estimated SPDmay
be negative in some points.

To estimate the bias and variance of our results, we refer to the results reported by Kopa et
al. (2017), whose work drew on the ideas of Fan and Gijbels (1996) and Fan and Yao (2003).

The previous results can be extended to cases in which the option is written on dividend-
paying assets. In such a case, the options are priced as suggested in Merton (1973), and the
semiparametric estimation proposed by Benko et al. (2007) must be adjusted accordingly,
as shown by Kopa et al. (2017) and Vitali et al. (2017). For the purpose of this paper, we do
not need to consider such adjustments, because we consider options written on price indexes
that do not pay dividends and, thus, are considered as non-dividend-paying assets.

3 Investment strategies

In the following sections, we analyze four different strategies based on the shape of the SPD:
two market timing strategies and two portfolio selection strategies. As mentioned in the
introduction, we assume that the investor is risk neutral. Then, according to the information
contained in theSPD, she simplywants to identify the bestmoment to invest (or to disinvest) in
a given index, or which are the indexes (in a given universe) for which she expects a potential
higher growth. In particular, in each trading day, the market timing strategies indicate either
to buy or to sell the underlying index of the options. Meanwhile, in each trading day, the
portfolio selection strategies aim to create a ranking among the available indexes, and to
identify and invest in the best of them.

Strategy 1: market timing considering SPD areas

The first strategy, Strat1, is based on the observation of the area below the SPD. As discussed
in the previous section, it is possible to interpret the SPD as the distribution of the future
value of the underlying embedded in the quotation of the IV.Thus, if the area below the
SPD for moneyness greater than one (Aκ>1) is bigger than the area for moneyness less than
one (Aκ<1), then we can argue that the market believes that an increase of the value of the
underlying is more probable than a loss. In this case, a risk-neutral investor will decide to
invest (to buy or to hold) in the underlying because there is an higher probability of a potential
increase. In Fig. 1, Aκ>1 is highlighted in blue, while Aκ<1 is in red. If Aκ>1 > Aκ<1, then
the strategy suggests investing in the underlying; otherwise, it suggests not investing in the
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Fig. 1 Strategy 1: a comparison between area above and below monenyness 1

underlying. Such a strategy can be implemented as long-only (Strat1-L), meaning that either
we invest or do not invest in the index, or as long-short (Strat1-LS), meaning that we could
short sell the underlying if Aκ>1 < Aκ<1.

Strategy 2: market timing considering SPD peak

The second strategy, Strat2, considers only the modal value of the SPD (the moneyness that
corresponds to the SPD maximum), which represents the state that matters the most in the
pricing of options, i.e. the statewhere an additional unit of payoff has the highest price impact.
We denote such value as κmax . If κmax > 1, the state that carries the highest price impact
for an additional unit of payoff is greater than the current state and, thus, we assume that the
underlying will increase, and vice versa. Figure2 presents an example of κmax . If κmax > 1,
then the strategy suggests investing in the underlying; otherwise, it suggests not investing
in the underlying. In addition, this strategy can be implemented as long-only (Strat2-L),
meaning that either we invest or do not invest in the asset, or as long-short (Strat2-LS),
meaning that we could short sell the underlying if κmax < 1.

Strategy 3: Portfolio selection considering SPD areas

The third strategy, Strat3, is based on the area of the SPD above and below moneyness equal
to 1. Let us assume there are I indexes in the investment universe. To generate a ranking
among them, we compute for each index i , i = 1, ..., I ; the areas Ai,κ>1 and Ai,κ<1; and

the ratio Ri = Ai,κ>1
Ai,κ<1

(i.e., the ratio between the blue and red areas in Fig. 1). We decide
the number N of indexes that we want to select among the I indexes available. Then, if we
implement a long-only strategy (Strat3-L), we rank the ratios Ri in descending order, and we
invest in the N indexes with higher Ri if their Ri > 1; otherwise, we invest only in the top
one. It can happen that we invest in fewer than N scenarios. If we implement the long-short
strategy (Strat3-LS), we rank the absolute value of the ratios |Ri − 1| in descending order,
and we invest in the top N indexes in the following way: If Ri > 1, we buy, and otherwise,
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Fig. 2 Strategy 2: observation of the moneyness corresponding to the maximum value of the SPD

we short sell. Therefore, in the -LS case, we always invest in exactly N indexes, either long
or short.

Strategy 4: Portfolio selection considering SPD peak

The fourth strategy, Strat4, is again based on the κmax , meaning the value of moneyness in
correspondence with the peak of the SPD (see Fig. 2). Similarly to Strategy 3, we decide the
number N of indexes, andwe generate a ranking to establish the best indexes. If we implement
the long-only strategy (Strat4-L), we compute for each index i = 1, ..., I its κi,max . Then we
rank them, and we buy the N indexes with higher κi,max , if the κi,max > 1. Therefore, we
could invest in fewer than N indexes if there are fewer than N indexes with κi,max > 1. If we
implement a long-short strategy (Strat4-LS), we rank |κi,max − 1| in descending order, and
we invest in the top N indexes in the following way: If κi,max > 1 we buy, and otherwise,
we short sell. Therefore, in this case, we always invest in exactly N indexes, either long or
short.

Strategy 3 and strategy 4 with a weighted allocation

It would be difficult for a portfolio manager to implement Strategy 3 and Strategy 4, because
they require sudden changes in a huge exposition of the market from one rebalancing day
to the next. In other words, the two strategies do not consider any turnover constraints,
exposing the portfolio to high rebalancing costs. Indeed, a portfolio manager typically has
an open position in each of the available indexes and the day-by-day calibrating decision
involves which indexes to overweight and which ones to underweight with respect to a
reference allocation. From this perspective, we also define two weighted strategies in which
the long/short decision is replaced with an overweight/underweight decision. In this case, the
weights are assigned according to the number of indexes that the basic LS strategy suggests
to buy/sell, and it follows the data presented in Table 1. We construct the table considering
N = 7; for a different N , the table should be recalibrated. Clearly, case 0 (negative view
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Table 1 Weights assigned to over-weighted and under-weighted indexes according to the number of indexes
to overweight and underweight

Case Indexes to over-(under-)weight Overweight Underweight

1 0 (7) 0 14.28%

2 1 (6) 40% 10%

3 2 (5) 25% 10%

4 3 (4) 20% 10%

5 4 (3) 17.5% 10%

6 5 (2) 16% 10%

7 6 (1) 15% 10%

8 7 (0) 14.28% 0%

on all indexes) and case 8 (positive view on all indexes) degenerate to the 1/N allocation.
In other cases, we consider that with respect to the 14.28% weight of the 1/N portfolio, the
under-weighted indexes have 10% allocation each, and the remaining allocation is equally
split among the other indexes. To review,we again follow the idea of Strat3-LS and Strat4-LS,
but instead of buying or selling, we overweight or underweight. Thus, we call these strategies
Strat3-W and Strat4-W, respectively.

4 Empirical results

In this study, to perform of the strategies described in Sect. 3, we constructed a universe with
seven indexes: S&P500, HangSeng, EuroStoxx50, FTSE100, DAX, CAC40, and Nikkei225.
This set was built to include representative markets from around the world and considers
those indexes for which, on each day, we can observe a sufficient number of IVs to perform
the computation of the SPD. For each index, we downloaded from Datastream (Refinitiv
Workspace) the implied volatilities of all the European options quoted on these indexes from
January 2018 to December 2023 (data before 2018 are not available in DataStream). The
amount of data used is reported in Table 2. In total, we analyzed 6,540,879 implied volatilities
to perform our study. Moreover, for each index, we considered the series of the daily closing
price over the six years of the study period.

For the market timing strategies, the computation of the returns of the optimal investment
(i.e., the trading strategy to buy and to sell the underlying index) consists of the following
steps:

1. We choose the index i on which we construct the strategy;
2. Each day d we collect the closing data related to all the quoted options with the nearest

maturity having as underlying the chosen index, and the value of the index itself;
3. We run optimization (14)–(17) to identify the IVs and the SPDs of the selected options;
4. We apply the chosen strategy to decide to invest or not to invest in the index;
5. If the strategy suggests buying the index, then the portfolio daily return r pd,d+1 corresponds

to the daily return of the index in the period r id,d+1; if the strategy suggests to short sell

the index, then the portfolio daily return r pd,d+1 corresponds to the opposite of the daily

return of the index, meaning −r id,d+1; and
6. The next trading day, we reiterate steps 2–5.
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In Sect. 4.1, the performance of the optimal strategy is compared with the evolution of the
chosen index. For concision, the figure and table related to the S&P500 are in Sect. 4.1, while
the results regarding other indexes are reported in Appendix A.

For the portfolio strategies, the computation of the returns of the optimal portfolio (i.e.,
the portfolio obtained by applying the chosen strategy) consists of the following steps:

1. We choose the indexes i = 1, ..., N that comprise the investment universe;
2. Each day d we collect the closing data related to all the quoted options with the nearest

maturity having as underlying the chosen indexes, and the values of the indexes;
3. We run optimization (14)–(17) to find the IVs and the SPDs of the selected options;
4. We apply the chosen strategy to decide which indexes to buy or to short;
5. The portfolio daily return is computed as the average of the daily returns of the indexes

in which the portfolio invests, meaning r pd,d+1 = ∑N
i=1

1
N r

i
d,d+1; if the strategy suggests

to short sell a certain index, we consider its opposite return; for the weighted strategies
(Strat3-W and Strat4-W), the weights of the returns are not 1/N but follow Table 1; and

6. The next trading day, we reiterate steps 2–5.

In Sect. 4.2, the performance of the optimal portfolio is compared with the evolution of
the equally weighted portfolio composed of all the indexes of the investment universe.

Here are further remarks on the two procedures:

• The amount of options used changes every day according to the quoted strikes for the
nearest maturity; for instance, for the third of September 2018, we consider all the quoted
options having maturity the 21st of September 2018 (typically the options expire on the
third Friday of the month), and we will consider the same options (with their new quoted
IV) also on the fourth of September, and so on until the 21st of September, when such
options expire, and we start to consider the IVs of options expiring in October; in Table
2, we report in brackets the number of options available on average on each day: for
example, for SP500 in each day of 2018 we have on average 84 quoted IVs to provide
the IV smoothing and the SPD estimation, while for CAC40 in each day of 2018 we have
on average only 13 quoted IVs;

• The procedure is repeated daily, meaning that, every day, the investor can update the
investment position according to the updated information extracted from the SPD; indeed,
even if the considered options are the same until they expire, and the investor starts to
study the ones expiring the next month, their IVs change daily to reflect the sentiment of
the market operators;

• The smoothing technique that we adopt utilizes only the quoted strikes, and we do not
make any estimations for strikes that are not quoted;

• We collect the closing values for the IVs and the closing values for the underlying; we
are aware that, in reality, the procedure cannot be perfectly simultaneous, and there must
be some time between the observation of the IVs, the SPD computation, and the market
operations; still, since (1) near to the closing time themarkets are not particularly volatile,
and (2) the IV smoothing and the SPD estimation for a single day requires less than one
second to be performed (usingMATLABR2025a on a computer equippedwith processor
Snapdragon® X 12-core X1E80100 3.40 GHz and 16 GB of RAM), our approach gives
realistic results;

• We assume to directly buy/sell the underlying index, while, in reality, one cannot directly
buy/sell an index, but rather some futures or other replicating financial instruments;

• For all IV smoothing and SPD estimation, we always fix the bandwidth h = 0.12, which
has been proved in Kopa et al. (2017) and Vitali et al. (2017) to provide a good balance
in terms of smoothing.
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Fig. 3 Strategy 1 and Strategy 2: Results with S&P500. The dotted blue line represents the S&P500, i.e. the
benchmark. The black lines represent Strat1 (thick line is Strat1-L and thin line is Strat1-LS). The gray lines
represent Strat2 (thick line is Strat2-L and thin line is Strat2-LS)

4.1 Market timing strategies

S&P500 index

Figure3 represents the evolution of the S&P500 index and of the optimal wealth evolution
obtained by implementing Strat1-L, Strat 1-LS, Strat2-L, and Strat2-LS. Table 3 reports
the annualized statistics of the daily returns of each process in each year. We note that the
strategies that allow short selling perform generally better than the strategies that do not allow
short selling and that Strat1 generates better returns than Strat2. In almost all the considered
years, the strategies outperform the index both in terms of return and in terms of risk. In
particular, the standard deviation of the returns generated with the strategies is lower than
the index, while the tail risk is similar. In 2018, the strategies greatly beat the index; in the
period from 2019–2021, the strategies are slightly better than the index; in 2022, the strategies
suffer slightly more than the index during the financial crisis; and in 2023, the four strategies
outperform the index remarkably. In general, we observe that the options written on S&P500
show optimism, whereas the strategies often suggest maintaining the long position. The few
times that the market agents have a bad view of the next feature, and thus the strategies either
exit the index or short it, the index actually suffers some turbulence that the strategies can
either avoid or exploit. In particular, Table 4 reports, for each year, the number of trading
days for which we have quoted IVs, the number of days in which each strategy suggests to
stay long/short, and the number of times that the investment is changed from a long position
to a short position or vice versa. From these data, we can confirm that the strategies mainly
suggest having a long position. In particular, in 2020, during the COVID-19 pandemic, the
market operators showed a strong confidence that the index would not suffer too much, and
Strat1 suggests to go short eight days, while Strat2 suggests shorting only one day in the
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Table 3 Statistics on the daily return of the S&P500 Index and of the four market-timing strategies

SP500 Strat 1-L Strat 1-LS Strat 2-L Strat 2-LS

2018 Annual. Average −6.7% 3.8% 14.3% 0.8% 8.2%

Annual. Std Dev 15.8% 14.5% 15.8% 14.9% 15.8%

Skewness −0.89 −1.05 −0.76 −0.99 −0.77

Kurtosis 5.29 6.54 5.58 5.98 5.49

V@R at 5% −2.0% −1.8% −2.0% −1.9% −2.0%

CV@R at 5% −2.7% −2.6% −2.6% −2.6% −2.6%

2019 Annual. Average 25.2% 26.0% 26.9% 25.0% 24.8%

Annual. Std Dev 12.4% 11.6% 12.4% 11.9% 12.4%

Skewness −0.57 −0.49 −0.33 −0.49 −0.36

Kurtosis 6.26 7.42 6.16 6.81 6.15

V@R at 5% −1.2% −0.9% −1.1% −1.2% −1.2%

CV@R at 5% −2.0% −1.8% −1.8% −1.9% −1.9%

2020 Annual. Average 20.1% 21.6% 23.2% 20.9% 21.7%

Annual. Std Dev 34.4% 34.4% 34.4% 34.4% 34.4%

Skewness −0.55 −0.55 −0.56 −0.55 −0.55

Kurtosis 10.79 10.82 10.81 10.81 10.80

V@R at 5% −3.4% −3.4% −3.4% −3.4% −3.4%

CV@R at 5% −5.5% −5.5% −5.5% −5.5% −5.5%

2021 Annual. Average 23.2% 25.8% 28.4% 25.0% 26.8%

Annual. Std Dev 12.8% 12.6% 12.7% 12.7% 12.7%

Skewness −0.38 −0.40 −0.42 −0.40 −0.42

Kurtosis 3.86 4.02 3.94 3.95 3.92

V@R at 5% −1.3% −1.3% −1.3% −1.3% −1.3%

CV@R at 5% −1.9% −1.9% −1.9% −1.9% −1.9%

2022 Annual. Average −18.1% −18.9% −19.7% −19.2% −20.3%

Annual. Std Dev 24.0% 22.3% 24.0% 22.6% 24.0%

Skewness 0.04 −0.04 −0.05 0.00 0.00

Kurtosis 3.44 4.17 3.42 4.02 3.43

V@R at 5% −2.8% −2.8% −2.8% −2.8% −2.8%

CV@R at 5% −3.4% −3.4% −3.4% −3.4% −3.4%

2023 Annual. Average 21.6% 21.9% 22.1% 25.5% 29.4%

Annual. Std Dev 12.9% 11.5% 12.9% 12.5% 12.9%

Skewness 0.03 0.17 0.08 0.03 −0.02

Kurtosis 2.84 3.60 2.82 3.11 2.86

V@R at 5% −1.4% −1.2% −1.3% −1.3% −1.3%

CV@R at 5% −1.6% −1.5% −1.6% −1.6% −1.6%
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Table 4 Number of total trading
days for SP500, days in which
the strategy suggests to stay long,
days in which the strategy
suggests to stay short, number of
changes from a long position to a
short position or vice-versa

Total Strat1 Strat2

Long Short Changes Long Short Changes

2018 253 204 49 38 225 28 32

2019 252 211 41 22 221 31 14

2020 251 243 8 12 250 1 2

2021 250 238 12 16 241 9 10

2022 249 217 32 44 222 27 45

2023 248 200 48 56 230 18 29

whole year. Moreover, we notice that in 2018 and 2019 the number of position changes is
typically less than the number of days with short position, meaning that the short position
is maintained for more days consecutively, while in 2022 and 2023 the position changes
are more than the days with short position, meaning that these are not very consecutive.
The information about the days in which the position changes also gives us an idea of the
transaction costs that an investor would pay to implement such strategies.

Clearly, the days inwhich the SPD suggests having a short position are themost interesting
ones. For this reason, as an example, we show in Fig. 4 the IV curves of four consecutive
trading days: 13th, 16th, 17th, and 18th of July 2018; and in Fig. 5, the corresponding SPD
curves. On the 13th, Strat1 and Strat2 give a long signal, while, on the next three days, the
signal changes to short for both strategies. On the 13th, the IV curve touches the minimum at
a moneyness of 1.0102 and the SPD curve touches the maximum at a moneyness of 1.0013
(both above 1); on the 16th, the 17th, and the 18th, the IV curves touch the minimum at
moneyness 0.972, 0.989, and 0.989, respectively, and the SPD curves touch the maximum
at moneyness 0.996, 0.998, 0.998, respectively (all below 1). Moreover, the three days that
give a short signal show a right part of the IV curve more steep and the SPD curves more
and more leptokurtic. A similar behavior with the IV minimum point that moves up and to
the left and a consecutive change of the SPD occurs for other cases in which the SPD give
short signals. For sake of conciseness, we do not propose other examples in this work but we
refer to Vitali et al. (2023) for more details about the peculiar shape of smoothed IV curves
during periods of turmoil.

HangSeng index

Figure8 and Table 7 represent the results for the strategies that consider the HangSeng index.
In this case, we observe that the IVs and the SPDs present long periods of pessimism about
the next evolution of the index, in particular at the end of 2018, the beginning of 2019, and
the first half of 2021 (as well as many other shorter periods). Indeed, Table 8 shows that
this market is the one that gives the highest number of short and persistent signals. The
strategies are able to catch this signal and stay out of the market (or short it) efficiently, thus
accumulating a large, positive gap with respect to the index. Strat1 generates better returns
than Strat 2 in 2018, 2019, and 2020. In the case of HangSeng, the strategies not only beat
the index but significantly reduce the tail risk.
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Fig. 4 IV curves for four consecutive trading days, the first with a long position, the next three suggesting a
short position. For visualization purposes, the moneyness is restricted between 0.8 and 1.2

Fig. 5 SPD curves for four consecutive trading days, the first with a long position, the next three suggesting
a short position. For visualization purposes, the moneyness is restricted between 0.95 and 1.05

Nikkei225 index

Figure9 and Table 9 depict the results of the strategies considering the Nikkei225 index.
Clearly, in this case, the information collected by the IVs and the SPDs are less informative
than in the previous cases. Only in 2018 are the strategies able to beat the index (both in
terms of return and of risk), while in subsequent years, the market agents are very positive,
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and the strategies almost identically follow the underlying index. Finally, in 2023, the market
turmoil induces agents to be excessively pessimistic, and the strategies receive inaccurate
signals from the SPDs (suggesting that the strategies exit the index or short sell it), losing
whatever small recovery the index is able to achieve, even if the average return of this year
is also negative for the index. However, the tail risk of the returns generated by the four
strategies is always equal to or better than the index tail risk. In Table 10 we observe the
same evidence: In 2018, there are a few (correct) short signals, while in 2019–2022, there
are almost no short signals, and in the first half of 2023, the strategies suggest shorting the
index.

EuroStoxx50 index

Figure10 and Table 11 show the results of the strategies that consider the EuroStoxx50.
During spring 2018, the SPDs show some pessimism for a few weeks in a row, while the
index rebounds and, thus, the strategies generate a negative gap. This gap is reduced during
the pandemic period, when the strategies are able to detect the negative market sentiment,
at least for few days, and Strat1 overperforms the benchmark, while Strat2 remains very
close to it. Indeed, in 2020, the average return of EuroStoxx50 is slightly negative, while
the strategies generate an average return between 4.6 and 13.3%. The performance of the
strategies improves during the initial months of 2021. Strat1 accumulates a more positive
gap, and Strat2 slightly overperforms the benchmark as well. Table 12 shows that the signals
are mainly positive for both strategies.

Figure11 and Table 13 depict the performance of the strategies that consider the FTSE100.
All strategies avoid the huge loss of the index at the beginning of 2018 and accumulate a
notable positive gap. However, some uncertainty does not enable the entire rebound of mid-
2018 to be caught, and the gap quickly reduces. Then, the strategies again diverge from
the index at the beginning of 2019, and this margin increases until the initial period of the
pandemic. At the beginning of 2021, the market agents forecast some turmoil, suggesting to
stay out of the market; thus, the strategies lose some returns that the index generates in the
first half of 2021 and at the end of 2022. The statistics confirm this observation, showing a
large positive gap for the strategies during 2021, but a relatively bad performance during 2021
and 2022 nullifies this margin. Still, the volatility and the tail risk measures of the strategies
are always better than or equal to those of the index. Table 14 highlights mainly long signals
but also some relevant number of short signals.

DAX index

Figure12 and Table 15 present the results of the strategies built on the DAX index. The
strategies are not able to catch the positive return of the index in the first half of 2018, but
all of them compensate for this gap in the second half of 2019, when the SPDs highlight
some turbulence. The strategies are aligned with the index until the end of 2020, when they
fall with the index but are not able to rebound because of pessimism in the market. Again,
the negative margin is compensated after the beginning of the Russian invasion of Ukraine,
when the strategies avoid some of the losses suffered by the index. The statistics show that
the strategies perform especially well in 2019 and 2022, when both the volatility and tail risk
measures are better than the DAX statistics. Table 16 reports that the market’s operators are
mainly positive, and the few negative signals are not very persistent, as shown by the high
number of position changes.
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CAC40 index

Figure13 and Table 17 show the results of the strategies considering the CAC40 index. At the
very beginning of the analyzed period, none of the strategies catch the first relevant positive
returns of the index. This negative gap remains almost constant during the whole period.
Strat1 is somewhat able to recover and reduce this gap, while Strat2 enlarges it until the very
last year, when it also recovers. At the horizon, the final results are almost equal between
the strategies and the index. The statistics confirm that the performance of Strat2 is very
bad in 2019 but recovers greatly in 2022, while Strat1 is much more aligned with the index.
However, the risk measures of the strategies are always equal to or better than those of the
benchmark. Table 18 reports that the number of short days are relatively low and not very
persistent.

4.2 Portfolio strategies

Strategy 3 and Strategy 4

Fig. 6 and Table 5 present the performance of the 1/N portfolio, which considers an equally
weighted allocation among the five indexes considered in the previous section and the wealth
generated by implementing Strat3 and Strat4. We note that in 2018, only Strat3-L generates a
worse result than the benchmark, while the other three strategies are able to mitigate some of
the losses of the markets and create a positive margin with respect to the 1/N portfolio. This
margin is constantly enlarged during the following years, especially by Strat4. This result
is not surprising because the portfolio strategies apply and highlight the evidence obtained
in the previous section for the single indexes. Still, it is noteworthy that even among the
indexes for which the SPDs indicates a positive return, the proposed approach identifies
the best indexes, and this capability significantly improves the overall performance. A side
effect of these positive gains is that in some years, the volatility and, especially, the tail
risk measures show that the strategies embed a slightly higher risk than the 1/N portfolio.
However, as shown inFig. 6, it is clear that the strategies generate outperformancewith respect
to the benchmark portfolio. To better compare these results, we also perform a second-order
stochastic dominance (SSD) test between the return distributions generated by the strategies
and that of the 1/N portfolio. Interestingly, Strat3-L, Strat3-LS, and Strat4-LS dominate
the 1/N portfolio according to SSD. As remarked previously, this comparison is not fully
realistic because it assumes that the portfolio manager is able to completely rebalance the
portfolio allocation every day.Moreover, none of the statistics presented in this work consider
any transaction costs. However, the number of times the strategies actually suggest changing
the allocation is relatively low, because most days, the strategies mimic the movement of the
benchmark. For a fair comparison, in the next analysis, we limit the rebalancing effect of the
portfolio.

Strategy 3 and strategy 4 with underweight and overweight

Fig. 7 and Table 6 present and summarize the results of the 1/N portfolio and of the strategies
that rank the available indexes, but that overweight only best indexes while underweighting
the worst indexes—but not excluding them completely from the allocation. This experiment
is more aligned with the market operation of a portfolio manager, because a 100% turnover
cannot occur every day during a daily rebalancing. Despite their limited capability to recal-
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Table 5 Statistics on the daily return of the 1/N Portfolio and of the four portfolio strategies that allow a full
rebalancing of the allocation

1/N Port Strat 3-L Strat 3-LS Strat 4-L Strat 4-LS

2018 Annual. Average −8.2% −9.6% −5.7% −2.2% −6.3%

Annual. Std Dev 11.4% 11.7% 11.2% 11.6% 11.2%

Skewness −0.74 −0.55 −0.59 −0.44 −0.35

Kurtosis 4.05 3.33 3.62 3.16 3.23

V@R at 5% −1.3% −1.3% −1.3% −1.3% −1.3%

CV@R at 5% −1.9% −1.8% −1.7% −1.7% −1.6%

2019 Annual. Average 17.8% 21.9% 25.8% 23.4% 25.9%

Annual. Std Dev 10.1% 10.9% 10.1% 10.9% 10.2%

Skewness −0.55 −0.38 −0.30 −0.38 −0.24

Kurtosis 4.84 4.80 5.70 4.77 5.26

V@R at 5% −1.1% −1.2% −1.0% −1.1% −1.0%

CV@R at 5% −1.5% −1.6% −1.5% −1.6% −1.4%

2020 Annual. Average 3.5% 5.7% 7.8% 14.0% 28.9%

Annual. Std Dev 25.8% 26.3% 26.3% 29.1% 27.6%

Skewness −0.74 −0.47 −0.49 −0.87 −0.72

Kurtosis 11.22 10.01 10.07 11.75 13.14

V@R at 5% −2.6% −3.0% −3.0% −3.0% −2.5%

CV@R at 5% −4.3% −4.5% −4.5% −4.9% −4.3%

2021 Annual. Average 13.0% 23.9% 22.3% 32.5% 37.4%

Annual. Std Dev 11.0% 12.1% 11.9% 12.8% 12.6%

Skewness −0.81 −0.45 −0.50 −0.88 −0.87

Kurtosis 6.61 5.46 5.73 7.09 7.58

V@R at 5% −1.1% −1.1% −1.2% −1.2% −1.1%

CV@R at 5% −1.8% −1.7% −1.8% −1.9% −1.9%

2022 Annual. Average −6.8% 3.7% 3.6% 4.9% 4.6%

Annual. Std Dev 16.7% 19.0% 18.8% 20.6% 19.6%

Skewness 0.25 0.33 0.39 0.26 0.40

Kurtosis 4.25 4.95 5.20 4.77 5.49

V@R at 5% −1.7% −1.9% −1.9% −2.0% −1.9%

CV@R at 5% −2.3% −2.6% −2.5% −2.7% −2.5%

2023 Annual. Average 10.8% 17.5% 19.1% 19.7% 24.0%

Annual. Std Dev 10.4% 10.8% 8.6% 10.8% 9.4%

Skewness −0.40 −0.18 0.07 −0.21 −0.09

Kurtosis 3.73 3.22 3.70 2.99 3.10

V@R at 5% −1.1% −1.2% −0.8% −1.1% −0.9%

CV@R at 5% −1.5% −1.5% −1.1% −1.4% −1.2%
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Fig. 6 Strategy 3 and Strategy 4 with full rebalancing. The dotted blue line represents the 1/N portfolio, i.e.
the benchmark. The black lines represent Strat3 (thick line is Strat3-L and thin line is Strat3-LS). The gray
lines represent Strat4 (thick line is Strat4-L and thin line is Strat4-LS)

ibrate the portfolio, both Strat3-W and Strat4-W outperform the 1/N portfolio in all the
considered years. Moreover, the risk of the strategies is aligned with that of the benchmark.
Strat3-W seems to be slightly less conservative than Strat4-W, as it generates more extreme
returns.

5 Conclusion

In this paper, we aimed to demonstrate whether implied volatility and state price density
can provide valuable information to provide a basis for efficiently implementing a market
timing strategy or a portfolio selection strategy for a risk-neutral investor. We tested the
market timing strategy on a set of indexes, comparing the results with a simple buy-and-
hold investment in the index itself. The portfolio selection strategies were evaluated against
the benchmark of an equally weighted portfolio. Several sub-strategies were considered to
explore possible alternative ways to exploit the information observed in the SPDs.

For the market timing strategies, we tried two types of implementation: Strat1, which
considers the areas below the SPD, and Strat2, which considers the peak of the SPD. Both,
are applied either as long-only (-L) or as long-short (-LS) investment. After collecting all the
results, we observe the following:

• Strat1 and Strat2 perform quite differently according to the considered underlying index.
• Strat1 is always better then Strat2 in terms of both return and risk.
• In most cases, the strategy beats the underlying index, and the profit generated by the

strategy is sometimes extremely large compared with the buy-and-hold investment.
• The wealth produced by Strat1-LS almost always has better statistics than the wealth

produced by Strat1-L.
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Fig. 7 Strategy 3 and Strategy 4 with limited rebalancing. The dotted blue line represents the 1/N portfolio,
i.e. the benchmark. The black line represents Strat3-W. The gray line represents Strat4-W

We can conclude that, as far as the market timing strategies are concerned, the area below
the SPD is more informative than the peak of the SPD. Indeed, the forecast capability of the
whole curve seems to be stronger than the peak point alone. In this study, the transaction
costs were not considered. However, a portfolio manager can partially quantify their impact
on the strategies, considering the information reported on the tables about the number of days
in which the investment changes from a long position to a short position, or vice versa, for
which some transaction fees must be paid. In some cases, the strategies require rebalancing
only few times per year; in others, rebalancing is required once per week, on average.

For the portfolio selection strategies, we again exploited the same information as for the
market timing strategies but in a different way; indeed, Strat3 considers the area below the
SPD and Strat4 the peak of the SPD. These strategies use the information to generate a
ranking of the available indexes. Then, the portfolio is composed using a long-only strategy
(-L), a long-short strategy (-LS), or a weighted (-W) strategy. The first strategy suggests
buying the top-ranked indexes, the second to buy the top-ranked indexes and to short sell the
bottom-ranked ones, and the third to overweight the top-ranked indexes and to underweight
the bottom-ranked ones. After collecting all the results, we observe the following:

• Strat3 generates awealth pathwith better statistics and, in the -L and -LS cases, dominates
even the equally weighted portfolio, according to SSD.

• All the implemented strategies beat the benchmark over the six years considered in the
analysis.

• In addition, the -W case generates a higher average return than the benchmark and has a
similar volatility and tail risk.

We can conclude that, regarding the portfolio selection strategies, the area below the SPD
is more informative than the peak of the SPD. In addition, in this case, the transaction costs
would not have too great an impact because the strategies usually mimic the benchmark, and
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Table 6 Statistics on the daily
return of the 1/N Portfolio and of
the two portfolio strategies that
allow a limited rebalancing of the
allocation

1/N Port Strat 3-W Strat 4-W

2018 Annual. Average −8.2% −7.8% −7.6%

Annual. Std Dev 11.4% 11.4% 11.4%

Skewness −0.74 −0.75 −0.75

Kurtosis 4.05 4.03 4.05

V@R at 5% −1.3% −1.3% −1.3%

CV@R at 5% −1.9% −1.9% −1.9%

2019 Annual. Average 17.8% 19.2% 18.8%

Annual. Std Dev 10.1% 10.0% 10.1%

Skewness −0.55 −0.56 −0.57

Kurtosis 4.84 4.75 4.82

V@R at 5% −1.1% −1.1% −1.1%

CV@R at 5% −1.5% −1.5% −1.5%

2020 Annual. Average 3.5% 3.9% 3.2%

Annual. Std Dev 25.8% 25.8% 25.9%

Skewness −0.74 −0.71 −0.72

Kurtosis 11.22 11.37 11.38

V@R at 5% −2.6% −2.6% −2.6%

CV@R at 5% −4.3% −4.4% −4.4%

2021 Annual. Average 13.0% 14.0% 13.9%

Annual. Std Dev 11.0% 11.0% 11.0%

Skewness −0.81 −0.82 −0.83

Kurtosis 6.61 6.68 6.68

V@R at 5% −1.1% −1.2% −1.2%

CV@R at 5% −1.8% −1.8% −1.8%

2022 Annual. Average −7.5% −5.7% −5.6%

Annual. Std Dev 16.7% 16.8% 16.8%

Skewness 0.26 0.27 0.27

Kurtosis 4.25 4.27 4.30

V@R at 5% −1.7% −1.6% −1.7%

CV@R at 5% −2.3% −2.3% −2.3%

2023 Annual. Average 10.8% 13.3% 13.5%

Annual. Std Dev 10.4% 10.2% 10.3%

Skewness −0.40 −0.36 −0.35

Kurtosis 3.73 3.66 3.66

V@R at 5% −1.1% −1.1% −1.1%

CV@R at 5% −1.5% −1.5% −1.5%

for Strat3-W and Strat4-W, the rebalancing costs should be even lower because the positions
are never completely closed or reopened. This analysis could be extended in several ways:

• By analyzing a stocks instead of indexes portfolio, i.e. dividend-paying assets;
• By extending the number of assets and checking the computing time of thewhole process;
• By testing the model’s adoption for both an active and a passive investment fund.
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Appendix A Figures and tables for results of Sect. 4.1

Fig. 8 Strategy 1 and Strategy 2 results for HangSeng. The dotted blue line represents HangSeng, i.e. the
benchmark. The black lines represent Strat1 (thick line is Strat1-L and thin line is Strat1-LS). The gray lines
represent Strat2 (thick line is Strat2-L and thin line is Strat2-LS)
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Table 7 Statistics on the daily return of the HangSeng Index and of the four market-timing strategies

HangSeng Strat 1-L Strat 1-LS Strat 2-L Strat 2-LS

2018 Annual. Average −13.2% −11.6% −10.0% −13.9% −14.5%

Annual. Std Dev 19.2% 15.6% 19.2% 17.0% 19.2%

Skewness −0.32 −0.62 −0.25 −0.54 −0.35

Kurtosis 4.12 7.73 4.14 6.08 4.11

V@R at 5% −2.2% −1.8% −2.2% −2.2% −2.2%

CV@R at 5% −2.8% −2.7% −2.7% −2.8% −2.8%

2019 Annual. Average 8.8% 26.0% 43.2% 22.5% 36.3%

Annual. Std Dev 15.5% 11.9% 15.3% 12.2% 15.4%

Skewness −0.04 0.29 0.05 0.31 0.14

Kurtosis 4.47 8.15 4.52 7.52 4.45

V@R at 5% −1.8% −1.0% −1.4% −1.1% −1.4%

CV@R at 5% −2.3% −1.7% −2.1% −1.7% −2.0%

2020 Annual. Average −3.9% 12.5% 28.8% 5.5% 14.8%

Annual. Std Dev 22.7% 19.4% 22.6% 20.2% 22.7%

Skewness −0.32 −0.35 −0.17 −0.29 −0.10

Kurtosis 5.22 6.93 5.32 6.01 5.26

V@R at 5% −2.3% −2.2% −2.2% −2.2% −2.2%

CV@R at 5% −3.6% −3.2% −3.4% −3.2% −3.4%

2021 Annual. Average −13.6% 14.3% 42.2% 16.6% 46.8%

Annual. Std Dev 19.6% 13.7% 19.4% 14.3% 19.4%

Skewness −0.36 −0.32 0.01 −0.29 −0.01

Kurtosis 3.64 6.68 3.72 5.85 3.74

V@R at 5% −2.1% −1.5% −1.8% −1.6% −1.8%

CV@R at 5% −2.9% −2.2% −2.5% −2.2% −2.5%

2022 Annual. Average −11.8% 6.1% 24.1% 7.2% 26.3%

Annual. Std Dev 32.0% 27.7% 32.0% 27.1% 32.0%

Skewness 0.85 1.36 0.90 1.43 0.87

Kurtosis 5.89 8.91 5.64 9.44 5.64

V@R at 5% −3.0% −2.5% −2.9% −2.4% −2.9%

CV@R at 5% −4.0% −3.4% −3.6% −3.3% −3.7%

2023 Annual. Average −12.1% 9.8% 31.7% 13.0% 38.1%

Annual. Std Dev 21.7% 16.4% 21.6% 16.6% 21.6%

Skewness 0.35 0.42 −0.06 0.59 0.08

Kurtosis 3.14 5.33 3.11 5.70 3.05

V@R at 5% −2.1% −1.8% −2.1% −1.7% −2.1%

CV@R at 5% −2.5% −2.3% −2.7% −2.2% −2.6%
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Table 8 Number of total trading
days for HangSeng, days in
which the strategy suggests to
stay long, days in which the
strategy suggests to stay short,
number of changes from a long
position to a short position or
vice-versa

Total Strat1 Strat2

Long Short Changes Long Short Changes

2018 255 154 101 75 182 73 70

2019 254 156 98 55 170 84 58

2020 257 182 75 54 207 50 48

2021 256 126 130 68 143 113 77

2022 255 164 91 80 171 84 71

2023 258 150 108 86 147 111 98

Fig. 9 Strategy 1 and Strategy 2 results for Nikkei225. The dotted blue line represents Nikkei225, i.e. the
benchmark. The black lines represent Strat1 (thick line is Strat1-L and thin line is Strat1-LS). The gray lines
represent Strat2 (thick line is Strat2-L and thin line is Strat2-LS)
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Table 9 Statistics on the daily return of the Nikkei225 Index and of the four market-timing strategies

Nikkei225 Strat 1-L Strat 1-LS Strat 2-L Strat 2-LS

2018 Annual. Average −2.8% 0.4% 3.6% 0.2% 3.2%

Annual. Std Dev 17.5% 17.1% 17.5% 17.1% 17.5%

Skewness −0.83 −0.84 −0.74 −0.84 −0.74

Kurtosis 5.72 6.11 5.79 6.12 5.79

V@R at 5% −2.0% −1.9% −1.9% −1.9% −1.9%

CV@R at 5% −3.0% −2.9% −2.9% −2.9% −2.9%

2019 Annual. Average 16.8% 16.8% 16.8% 17.1% 17.5%

Annual. Std Dev 13.3% 13.3% 13.3% 13.3% 13.3%

Skewness −0.15 −0.15 −0.15 −0.16 −0.16

Kurtosis 4.37 4.37 4.37 4.38 4.37

V@R at 5% −1.5% −1.5% −1.5% −1.5% −1.5%

CV@R at 5% −2.0% −2.0% −2.0% −2.0% −2.0%

2020 Annual. Average 15.7% 15.7% 15.7% 18.2% 20.7%

Annual. Std Dev 25.5% 25.5% 25.5% 25.4% 25.5%

Skewness 0.36 0.36 0.36 0.36 0.35

Kurtosis 7.74 7.74 7.74 7.86 7.73

V@R at 5% −2.5% −2.5% −2.5% −2.4% −2.4%

CV@R at 5% −3.9% −3.9% −3.9% −3.9% −3.9%

2021 Annual. Average 6.3% 5.4% 4.5% 0.7% −4.9%

Annual. Std Dev 17.9% 17.5% 17.9% 17.6% 17.9%

Skewness −0.21 −0.21 −0.18 −0.22 −0.21

Kurtosis 3.55 3.68 3.54 3.67 3.52

V@R at 5% −2.0% −2.0% −2.0% −2.0% −2.0%

CV@R at 5% −2.5% −2.5% −2.5% −2.5% −2.6%

2022 Annual. Average −2.4% −5.3% −8.2% −3.7% −4.9%

Annual. Std Dev 19.9% 19.8% 19.9% 19.7% 19.9%

Skewness 0.08 0.07 0.06 0.05 0.03

Kurtosis 3.37 3.41 3.37 3.43 3.37

V@R at 5% −2.1% −2.1% −2.2% −2.1% −2.2%

CV@R at 5% −2.7% −2.7% −2.7% −2.7% −2.7%

2023 Annual. Average 24.9% 12.5% 0.0% 23.6% 22.3%

Annual. Std Dev 15.6% 8.0% 15.7% 9.4% 15.6%

Skewness −0.06 0.27 −0.09 0.50 −0.09

Kurtosis 2.94 9.08 2.91 7.47 2.94

V@R at 5% −1.7% −0.7% −1.7% −0.9% −1.7%

CV@R at 5% −2.0% −1.3% −2.1% −1.4% −2.0%
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Table 10 Number of total trading days for Nikkei225, days in which the strategy suggests to stay long, days
in which the strategy suggests to stay short, number of changes from a long position to a short position or
vice-versa

Total Strat1 Strat2

Long Short Changes Long Short Changes

2018 248 236 12 14 241 7 12

2019 247 247 0 0 245 2 3

2020 246 246 0 0 245 1 3

2021 245 241 4 6 242 3 6

2022 244 241 3 5 241 3 6

2023 305 142 163 33 157 148 40

Fig. 10 Strategy 1 and Strategy 2 results for EuroStoxx50. The dotted blue line represents EuroStoxx50, i.e.
the benchmark. The black lines represent Strat1 (thick line is Strat1-L and thin line is Strat1-LS). The gray
lines represent Strat2 (thick line is Strat2-L and thin line is Strat2-LS)
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Table 11 Statistics on the daily return of the EuroStoxx50 Index and of the four market-timing strategies

EuroStoxx50 Strat 1-L Strat 1-LS Strat 2-L Strat 2-LS

2018 Annual. Average −14.4% −15.5% −16.5% −20.8% −27.3%

Annual. Std Dev 13.3% 11.7% 13.3% 12.3% 13.3%

Skewness −0.39 −0.72 −0.47 −0.61 −0.48

Kurtosis 3.71 4.89 3.67 4.27 3.59

V@R at 5% −1.5% −1.5% −1.5% −1.5% −1.5%

CV@R at 5% −2.0% −1.9% −2.0% −2.0% −2.0%

2019 Annual. Average 23.5% 23.9% 24.2% 21.9% 20.2%

Annual. Std Dev 12.9% 10.6% 12.9% 11.4% 12.9%

Skewness −0.55 −0.23 0.07 −0.60 −0.42

Kurtosis 5.37 6.99 5.09 7.32 5.27

V@R at 5% −1.5% −1.1% −1.3% −1.2% −1.4%

CV@R at 5% −2.0% −1.6% −1.8% −1.9% −2.0%

2020 Annual. Average −0.3% 6.5% 13.3% 4.6% 9.4%

Annual. Std Dev 31.9% 29.8% 31.9% 30.0% 31.9%

Skewness −0.90 −0.97 −0.69 −0.95 −0.68

Kurtosis 11.02 13.72 11.11 13.41 11.08

V@R at 5% −3.7% −3.4% −3.5% −3.4% −3.5%

CV@R at 5% −5.2% −4.9% −4.9% −4.9% −4.9%

2021 Annual. Average 16.9% 18.1% 19.3% 20.2% 23.6%

Annual. Std Dev 14.8% 13.7% 14.8% 13.8% 14.7%

Skewness −0.53 −0.55 −0.42 −0.57 −0.46

Kurtosis 6.35 7.99 6.34 7.86 6.41

V@R at 5% −1.6% −1.3% −1.4% −1.3% −1.4%

CV@R at 5% −2.2% −2.1% −2.1% −2.1% −2.1%

2022 Annual. Average −7.8% 0.9% 9.7% −4.8% −1.7%

Annual. Std Dev 23.5% 22.6% 23.5% 23.1% 23.5%

Skewness 0.31 0.34 0.29 0.31 0.28

Kurtosis 5.77 6.50 5.71 6.07 5.75

V@R at 5% −2.3% −2.2% −2.2% −2.3% −2.3%

CV@R at 5% −3.4% −3.3% −3.3% −3.4% −3.4%

2023 Annual. Average 17.6% 30.1% 42.7% 24.9% 32.2%

Annual. Std Dev 14.0% 12.1% 13.8% 12.6% 13.9%

Skewness −0.48 −0.14 0.11 −0.15 0.14

Kurtosis 4.59 4.52 4.45 4.09 4.40

V@R at 5% −1.5% −1.3% −1.3% −1.3% −1.4%

CV@R at 5% −2.1% −1.7% −1.8% −1.8% −1.8%
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Table 12 Number of total trading
days for EuroStoxx50, days in
which the strategy suggests to
stay long, days in which the
strategy suggests to stay short,
number of changes from a long
position to a short position or
vice-versa

Total Strat1 Strat2

Long Short Changes Long Short Changes

2018 254 180 74 54 194 60 57

2019 253 185 68 57 197 56 46

2020 252 214 38 47 226 26 35

2021 250 206 44 48 215 35 38

2022 249 223 26 34 230 19 26

2023 245 203 42 20 217 28 26

Fig. 11 Strategy 1 and Strategy 2 results with FTSE100. The dotted blue line represents FTSE100, i.e. the
benchmark. The black lines represent Strat1 (thick line is Strat1-L and thin line is Strat1-LS). The gray lines
represent Strat2 (thick line is Strat2-L and thin line is Strat2-LS)
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Table 13 Statistics on the daily return of the FTSE100 Index and of the four market-timing strategies

FTSE100 Strat 1-L Strat 1-LS Strat 2-L Strat 2-LS

2018 Annual. Average −12.5% −9.8% −7.1% −12.9% −13.3%

Annual. Std Dev 12.3% 10.1% 12.3% 10.6% 12.3%

Skewness −0.36 −0.67 −0.28 −0.43 −0.08

Kurtosis 4.07 6.00 4.12 5.74 4.14

V@R at 5% −1.3% −1.2% −1.3% −1.3% −1.3%

CV@R at 5% −1.8% −1.7% −1.8% −1.7% −1.7%

2019 Annual. Average 12.5% 17.7% 22.9% 16.4% 20.2%

Annual. Std Dev 11.6% 8.9% 11.6% 9.3% 11.6%

Skewness −0.40 −0.36 −0.16 −0.38 −0.17

Kurtosis 5.17 9.49 5.19 8.31 5.17

V@R at 5% −1.0% −0.8% −0.9% −0.8% −0.9%

CV@R at 5% −1.7% −1.2% −1.5% −1.3% −1.6%

2020 Annual. Average −10.0% −10.3% −10.5% −8.4% −6.8%

Annual. Std Dev 29.1% 27.8% 29.1% 27.9% 29.1%

Skewness −0.77 −0.82 −0.65 −0.81 −0.65

Kurtosis 10.33 12.13 10.34 11.98 10.35

V@R at 5% −3.3% −3.2% −3.2% −3.2% −3.2%

CV@R at 5% −4.7% −4.6% −4.6% −4.6% −4.6%

2021 Annual. Average 12.6% 5.1% −2.4% 5.7% −1.3%

Annual. Std Dev 12.6% 11.4% 12.7% 11.7% 12.7%

Skewness −0.34 −0.41 −0.29 −0.39 −0.30

Kurtosis 6.40 8.44 6.27 7.74 6.28

V@R at 5% −1.1% −1.0% −1.1% −1.1% −1.1%

CV@R at 5% −1.9% −1.8% −2.0% −1.8% −1.9%

2022 Annual. Average 0.6% −2.8% −6.3% 0.9% 1.3%

Annual. Std Dev 16.3% 15.6% 16.3% 15.8% 16.3%

Skewness −0.29 −0.30 −0.24 −0.31 −0.28

Kurtosis 5.22 5.99 5.19 5.79 5.22

V@R at 5% −1.8% −1.8% −1.9% −1.8% −1.8%

CV@R at 5% −2.5% −2.5% −2.5% −2.5% −2.5%

2023 Annual. Average 2.3% 17.0% 31.7% 14.4% 26.5%

Annual. Std Dev 11.5% 8.5% 11.3% 9.2% 11.4%

Skewness −0.70 0.23 0.67 0.09 0.65

Kurtosis 6.54 6.56 6.25 5.44 6.27

V@R at 5% −1.2% −0.9% −1.0% −1.0% −1.0%

CV@R at 5% −1.8% −1.3% −1.4% −1.4% −1.4%
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Table 14 Number of total trading
days for FTSE100, days in which
the strategy suggests to stay long,
days in which the strategy
suggests to stay short, number of
changes from a long position to a
short position or vice-versa

Strat1 Strat2

Total Long Short Changes Long Short Changes

2018 254 170 84 58 173 81 50

2019 253 165 88 46 175 78 40

2020 252 218 34 34 219 33 36

2021 250 199 51 46 209 41 38

2022 250 208 42 33 215 35 32

2023 249 146 103 39 182 67 30

Fig. 12 Strategy 1 and Strategy 2 results for DAX. The dotted blue line represents DAX, i.e. the benchmark.
The black lines represent Strat1 (thick line is Strat1-L and thin line is Strat1-LS). The gray lines represent
Strat2 (thick line is Strat2-L and thin line is Strat2-LS)
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Table 15 Statistics on the daily return of the DAX Index and of the four market-timing strategies

DAX Strat 1-L Strat 1-LS Strat 2-L Strat 2-LS

2018 Annual. Average −18.0% −19.7% −21.4% −20.3% −22.7%

Annual. Std Dev 15.1% 13.7% 15.1% 14.2% 15.1%

Skewness −0.32 −0.29 −0.04 −0.33 −0.17

Kurtosis 3.33 4.20 3.41 3.94 3.36

V@R at 5% −1.7% −1.5% −1.6% −1.6% −1.6%

CV@R at 5% −2.2% −2.1% −2.1% −2.1% −2.1%

2019 Annual. Average 23.9% 26.9% 29.9% 25.3% 26.6%

Annual. Std Dev 13.9% 12.0% 13.8% 12.3% 13.8%

Skewness −0.31 −0.17 −0.10 −0.16 −0.06

Kurtosis 4.99 6.09 4.93 5.63 4.89

V@R at 5% −1.6% −1.5% −1.6% −1.5% −1.6%

CV@R at 5% −2.0% −1.8% −1.9% −1.8% −1.9%

2020 Annual. Average 8.2% 4.2% 0.1% 8.4% 8.6%

Annual. Std Dev 32.8% 32.0% 32.8% 32.1% 32.8%

Skewness −0.57 −0.51 −0.39 −0.53 −0.43

Kurtosis 11.12 11.99 11.08 11.81 11.11

V@R at 5% −3.7% −3.7% −3.7% −3.7% −3.7%

CV@R at 5% −5.2% −5.0% −5.0% −5.0% −5.0%

2021 Annual. Average 14.2% 11.7% 9.2% 15.1% 15.9%

Annual. Std Dev 14.1% 13.3% 14.2% 13.7% 14.1%

Skewness −0.38 −0.38 −0.29 −0.39 −0.35

Kurtosis 5.69 6.97 5.63 6.28 5.70

V@R at 5% −1.6% −1.5% −1.5% −1.5% −1.5%

CV@R at 5% −2.1% −2.1% −2.1% −2.1% −2.1%

2022 Annual. Average −8.1% 7.2% 22.5% −3.0% 2.1%

Annual. Std Dev 23.4% 22.2% 23.3% 22.9% 23.4%

Skewness 0.49 0.52 0.39 0.50 0.46

Kurtosis 6.26 7.39 6.15 6.71 6.21

V@R at 5% −2.2% −2.2% −2.2% −2.2% −2.2%

CV@R at 5% −3.1% −3.1% −3.1% −3.1% −3.1%

2023 Annual. Average 18.1% 23.8% 29.5% 25.1% 32.2%

Annual. Std Dev 13.1% 11.8% 13.0% 12.0% 13.0%

Skewness −0.52 −0.16 0.16 −0.14 0.19

Kurtosis 4.60 3.95 4.36 3.75 4.34

V@R at 5% −1.3% −1.3% −1.3% −1.3% −1.3%

CV@R at 5% −1.9% −1.6% −1.7% −1.6% −1.6%
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Table 16 Number of total trading
days for DAX, days in which the
strategy suggests to stay long,
days in which the strategy
suggests to stay short, number of
changes from a long position to a
short position or vice-versa

Total Strat1 Strat2

Long Short Changes Long Short Changes

2018 254 202 52 71 218 36 49

2019 253 188 65 72 209 44 60

2020 252 225 27 39 236 16 25

2021 251 212 39 54 228 23 38

2022 249 216 33 42 228 21 30

2023 244 219 25 20 232 12 18

Fig. 13 Strategy1 andStrategy2 results forCAC40.Thedotted blue line representsCAC40, i.e. the benchmark.
The black lines represent Strat1 (thick line is Strat1-L and thin line is Strat1-LS). The gray lines represent
Strat2 (thick line is Strat2-L and thin line is Strat2-LS)
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Table 17 Statistics on the daily return of the CAC40 Index and of the four market-timing strategies

CAC40 Strat 1-L Strat 1-LS Strat 2-L Strat 2-LS

2018 Annual. Average −11.3% −11.2% −11.1% −16.3% −21.4%

Annual. Std Dev 13.5% 12.9% 13.5% 13.2% 13.4%

Skewness −0.35 −0.42 −0.37 −0.36 −0.31

Kurtosis 3.92 4.49 3.92 4.16 3.89

V@R at 5% −1.5% −1.5% −1.5% −1.5% −1.5%

CV@R at 5% −2.0% −2.0% −2.0% −2.0% −2.0%

2019 Annual. Average 24.7% 25.9% 27.0% 25.9% 27.1%

Annual. Std Dev 13.2% 12.2% 13.2% 12.7% 13.2%

Skewness −0.69 −0.71 −0.54 −0.71 −0.62

Kurtosis 5.44 6.85 5.41 6.18 5.45

V@R at 5% −1.6% −1.2% −1.4% −1.2% −1.4%

CV@R at 5% −2.1% −2.0% −2.0% −2.0% −2.1%

2020 Annual. Average −2.1% −3.8% −5.5% −3.5% −4.8%

Annual. Std Dev 32.4% 31.7% 32.4% 31.7% 32.4%

Skewness −0.85 −0.96 −0.95 −0.96 −0.96

Kurtosis 10.28 11.06 10.25 10.96 10.26

V@R at 5% −3.7% −3.7% −3.8% −3.7% −3.8%

CV@R at 5% −5.3% −5.3% −5.4% −5.3% −5.4%

2021 Annual. Average 25.1% 23.5% 21.9% 23.6% 22.2%

Annual. Std Dev 13.9% 13.3% 13.9% 13.4% 13.9%

Skewness −0.84 −0.82 −0.66 −0.82 −0.67

Kurtosis 6.93 7.80 6.78 7.73 6.79

V@R at 5% −1.4% −1.3% −1.3% −1.3% −1.3%

CV@R at 5% −2.1% −2.0% −2.0% −2.0% −2.0%

2022 Annual. Average −2.7% −2.7% −2.6% 2.4% 7.6%

Annual. Std Dev 22.2% 21.0% 22.2% 21.2% 22.2%

Skewness 0.35 0.42 0.37 0.37 0.29

Kurtosis 6.06 7.27 6.06 7.12 6.03

V@R at 5% −2.2% −2.1% −2.3% −2.1% −2.2%

CV@R at 5% −3.1% −3.1% −3.1% −3.1% −3.1%

2023 Annual. Average 14.8% 15.6% 16.4% 14.0% 13.1%

Annual. Std Dev 13.9% 13.5% 13.9% 13.6% 13.9%

Skewness −0.55 −0.58 −0.53 −0.56 −0.51

Kurtosis 4.49 4.97 4.50 4.84 4.46

V@R at 5% −1.4% −1.4% −1.4% −1.4% −1.4%

CV@R at 5% −2.0% −2.0% −2.0% −2.0% −2.0%
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Table 18 Number of total trading
days for CAC40, days in which
the strategy suggests to stay long,
days in which the strategy
suggests to stay short, number of
changes from a long position to a
short position or vice-versa

Total Strat1 Strat2

Long Short Changes Long Short Changes

2018 254 224 30 24 242 12 16

2019 253 207 46 44 223 30 34

2020 251 236 15 26 241 10 20

2021 250 223 27 14 228 22 11

2022 248 219 29 10 224 24 18

2023 245 222 23 28 228 17 18
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García-Machado, J. J., & Rybczyński, J. (2017). How Spanish options market smiles in summer: An empirical

analysis for options on ibex-35. The European Journal of Finance, 23(2), 153–169. https://doi.org/10.
1080/1351847X.2015.1067634

Glaser, J., & Heider, P. (2012). Arbitrage-free approximation of call price surfaces and input data risk. Quan-
titative Finance, 12(1), 61–73.

Hafner, R., & Wallmeier, M. (2007). Volatility as an asset class: European evidence. The European Journal
of Finance, 13(7), 621–644. https://doi.org/10.1080/13518470701380142

Hardle, W. (1990). Applied Nonparametric Regression. Cambridge: Cambridge Univ Press.
Homescu, C. (2011). Implied volatility surface: Construction methodologies and characteristics. Available at

SSRN 1882567
Ielpo, F., & Guillaume, S. (2010). Mean-reversion properties of implied volatilities. The European Journal of

Finance, 16(6), 587–610. https://doi.org/10.1080/1351847X.2010.481463
Jackwerth, J. C. (2004). Option-implied Risk-neutral Distributions and Risk Aversion. Charlotteville (USA):

Research Foundation of AIMR.
Jang, H., & Lee, J. (2019). Generative Bayesian neural network model for risk-neutral pricing of American

index options. Quantitative Finance, 19(4), 587–603.

123

https://doi.org/10.1080/135184797337543
https://doi.org/10.1080/1351847X.2015.1067634
https://doi.org/10.1080/1351847X.2015.1067634
https://doi.org/10.1080/13518470701380142
https://doi.org/10.1080/1351847X.2010.481463


Annals of Operations Research

Kempf, A., Korn, O., & Saßning, S. (2015). Portfolio optimization using forward-looking information. Review
of Finance, 19(1), 467–490.

Kim, N., & Lee, J. (2013). No-arbitrage implied volatility functions: Empirical evidence fromKospi 200 index
options. Journal of Empirical Finance, 21, 36–53.
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