
MASTER THESIS

Option Factor Timing

Author

OSKAR VON REICHENBACH*

Master of Science in Finance (MFin), Stockholm School of Economics

Supervisors

PROF. TOBIAS SICHERT, PH.D.
Swedish House of Finance, Stockholm School of Economics

PROF. DR. ROLAND FÜSS

Swiss Institute of Banking and Finance, University of St. Gallen

May 3, 2026
*42751@student.hhs.se



Abstract

I demonstrate that factor return patterns are predictable in the time series of op-
tion factors using a combination of PCA and linear and nonlinear machine learn-
ing models. The principal components that capture volatility-, and stock-quality-
related patterns are predictable and achieve out-of-sample R2 of up to 33%. This
predictability translates into economically meaningful gains; factor timing portfo-
lios using ensemble methods yield annualized returns of 17–20%, compared to 4%
for an equal-weighted benchmark. However, factor timing results in lower risk-
adjusted returns, primarily due to difficulties in estimating the covariance matrix.
When accounting for transaction costs, factor timing results in negative returns.
The results are robust across various specifications, including alternative estima-
tors, portfolio construction, and separate analyses of puts and calls.

JEL classification: G10, G11, G12, G13

Keywords: option factors, factor timing, return forecasts, principal component
analysis, empirical asset pricing, machine learning
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1 Introduction

Option returns exhibit predictable cross-sectional patterns. Recent research has
identified numerous option factors that explain these patterns, creating an option
"factor zoo" similar to equity markets (Zhan, Han, Cao, & Tong, 2022; Cochrane,
2011). The question is whether these fluctuations can be anticipated. This es-
sentially boils down to the issue of factor timing. Factor timing strategies have
proven successful for equity factors, motivating their application to option mar-
kets (Haddad, Kozak, & Santosh, 2020; Kagkadis, Nolte, Nolte, & Vasilas, 2024).

I examine whether option factor returns are predictable through several Machine
Learning (ML) methods and predicting them translates into economically signif-
icant gains. Using principle component analysis (PCA) to reduce the dimension-
ality of 28 option factors, I find that six principal components (PCs) capture 69%
of the linear variance in option factor returns. Linear and nonlinear ML models
achieve statistically significant forecasting performance for the first and second
PC, with ensemble methods producing out-of-sample R2 values of up to 33% for
the first PC, capturing mainly volatility- and stock-quality-related patterns, and
15% for the second PC, representing equity-side frictions and limits-to-arbitrage.
From individual models Ridge, Lasso, Elastic Net, XGBoost, and Dart perform
best. Linear and nonlinear models yield similar results. Some linear models out-
perform certain nonlinear models, and vice versa. Hence, employing nonlinear
models does not provide significant improvements in predicting PCs.

The forecasting results translate into substantial economic gains. Factor timing
portfolios constructed from ensembles of ML predictions generate annualized re-
turns between 17% and 20%, compared to 4% for an equally weighted benchmark
representing a static factor investment strategy. Yet, after adjusting for risk, the
equally weighted factor portfolio achieves the highest Sharpe Ratio, about 2.7,
which significantly outperforms most factor timing strategies at a 95% confidence
level. These results imply that, although ML models can predict option factor re-
turns, difficulties in estimating high-dimensional covariance matrices limit the ef-
fectiveness of Sharpe Ratio optimization for factor timing strategies.

My findings are generally robust across multiple specifications. These include di-
rect and indirect factor weights estimation, exclusion of the Great Financial Crisis
(GFC), separate analysis of calls and puts, factor selection approaches, and various
methods of incorporating option characteristics as explanatory variables. Never-
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theless, the results deteriorate under expanding window estimation and when ac-
counting for transaction costs. When accounting for transaction costs, the optimal
factor return portfolio achieves negative returns, although the losses are smaller
than those of the equal-weighted portfolio. Excluding forecasted negative returns
does not solve this problem. I discuss several strategies for mitigating transaction
costs that could push returns into positive territory.

These results contribute to the growing body of literature on option factors and
factor timing. My analysis reveals that predictable components exist, particularly
volatility-related ones. I further show that when using PCA for dimensionality re-
duction, the benefit of applying nonlinear ML models for option factor prediction
is limited. Finally, I illustrate that successful implementation requires careful at-
tention to portfolio construction and transaction costs. Challenges remain in trans-
lating statistically significant forecasting performance into risk-adjusted economic
profits.

After I discuss the related literature in Section 2, I present the data sources and their
properties in Section 3. The discussion of key methods used for dimensionality re-
duction, forecasting models, and forecasting assessment is presented in Section 4.
Finally, Section 5 discusses the factor dimensions, forecasting performance and its
economic impact, as well as several robustness checks.

2 Related literature

As the notion of both factor timing as well as option factors is a more recent topic
in asset pricing, the research has mainly focussed on both subjects separately. My
thesis expands current research in both areas. In the following, I discuss related
literature and show how my research is related.

Option factors. Recent research has uncovered a wide array of equity-option risk
factors. Under the classical option theory of Black and Scholes (1973) options are
redundant. This means that creating a delta-neutral option position should gener-
ate the risk-free rate. A delta-hedge combines a stock option with a short position
of the hedge, to neutralize the portfolio to local changes of the stock price (Coval
& Shumway, 2001).

This notion is challenged by empirical findings of Coval and Shumway (2001). The
authors find negative expected returns for delta-neutral at-the-money straddle po-
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sitions. They suggest that option-specific risk factors could drive this observation.
Bakshi and Kapadia (2003) find direct evidence of the volatility risk premium em-
bedded in options. The negative return of delta-hedged S&P 500 index calls im-
plies a negative market volatility risk premium: option sellers earn excess returns
as compensation for bearing volatility fluctuations.

Since then, many studies have identified specific option factors. Using these fac-
tors, one can construct models that predict the expected return of delta-hedged op-
tions.1 In recent years, the number of delta-hedged option factors has been steadily
growing. Although it is not yet reached the size of the stock factor "zoo", the num-
ber of factors has grown to a considerable amount (Feng, Giglio, & Xiu, 2020). I
provide an overview and cluster the option factors in Appendix A.1. My thesis
examines 28 well-established option return factors, summarized in Table B1.

Factor timing. My thesis explores factor timing in U.S. stock option markets, an
area that has received little attention. To my knowledge, no study has systemati-
cally tested the timing of option factors. I also compare the use of linear and non-
linear ML models in this setting. While these methods have been applied to equity
factor timing, they have not been used for option factors. However, I build heavily
on recent advancements in factor timing for stock factors. Although Asness, Chan-
dra, Ilmanen, and Israel (2017) highlight significant practical challenges of factor
timing, such as the weak predictive power of value spreads and the dilution of
timing benefits due to diversification, recent studies have made notable progress.

First and foremost, my thesis relates to Kagkadis et al. (2024), who show that fac-
tor timing is possible when using combinations of dimensionality reduction tech-
niques. The study employs PCA and Lasso, among others, to predict factor re-
turns. The key innovation lies in making use of the factor-specific characteristics.
In general, dynamic factor timing improves risk-adjusted performance compared
to static allocations, such as static multi-factor portfolios. Furthermore, they dis-
covered significant heterogeneity across economic states and stock factors. Their
results are generally robust across model specifications and markets. I base my
assessment of U.S. stock option factors on their methodology, but expand it to in-
clude other linear and nonlinear models.

1Christoffersen, Fournier, and Jacobs (2018) also explore the factor structure of options. Instead
of predicting delta-hedged option returns, they examine the relationship between the underlying
asset and the equity option. Using a factor model, they find that firms with higher market betas
have higher implied volatilities, steeper moneyness slopes, and a term structure that covaries more
with the market.
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Haddad et al. (2020) also reduce dimensionality through PCA to confirm that stock
factors are predictable, with some PCs achieving up to four times higher out-of-
sample R2 than aggregate market returns. This leads to a higher risk-adjusted
return than market timing and static factor investing. The authors also theoret-
ically demonstrate that the factor timing portfolio is equivalent to the stochastic
discount factor (SDF). They discover that an SDF incorporating factor timing in-
creases in volatility, implying that it captures more time-varying risk.2 Haddad et
al. (2020) also lay the theoretical foundation of factor timing. The authors outline
two key assumptions that I mention in Appendix A.2.

In a recent working paper, Neuhierl, Randl, Reschenhofer, and Zechner (2023) test
the factor timing of 300 U.S. stock factors. They find that past factor returns and
volatility are the most reliable predictors of future factor returns. Using partial
least squares (PLS) for dimensionality reduction, they observe on average an an-
nual increase of returns of 2% when timing factors. In a related matter, Ma, Liao,
and Jiang (2023) use a deep learning approach to successfully time factors in the
Chinese stock market. Lehnherr, Mehta, and Nagel (2025) emphasize the usage of
specific shrinkage methodologies that are required when using many predictors
for factor timing. Similarly, I discuss the necessity of using shrinkage and dimen-
sionality reduction when working with high-dimensional data, particularly given
that my data is only available monthly.

Recent work has also been put into the momentum of factor returns: Gupta and
Kelly (2019) find that factors can be timed through their momentum. In essence,
asset pricing factors exhibit positive autocorrelation. In addition, Ehsani and Lin-
nainmaa (2022) find that when applying a momentum strategy, momentum does
not represent a distinct risk factor; rather, it dynamically times other risk factors.
Käfer, Mörke, and Wiest (2025) test their hypothesis and confirm it for options.
They also demonstrate that factor momentum is reflected in market expectations
using option implied returns. I deploy several momentum predictors and charac-
teristics and find that they have a high level of importance, especially for linear
models such as Lasso or PLS.

My work extends factor timing research beyond equity markets into options. It
also clarifies the practical challenges of applying these techniques, particularly the

2Additionally, Haddad et al. (2020) find that loadings on factors such as value and size are
procyclical, while momentum is countercyclical. This lends more credence to the notion of Moreira
and Muir (2017) that taking less risk exposure when past volatility was high involves dynamically
adjusting factor exposures.
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role of covariance matrix estimation noise in affecting Sharpe Ratio performance.
My research identifies both the potential and the methodological requirements
for successful factor timing in option markets. The key change is acknowledging
that while predictability research exists in options (like An, Ang, Bali, and Cakici
(2014)), my work is the first to systematically apply factor timing methodology
specifically to option factor returns.

Methods. My thesis assesses and applies several ML and econometric methods.
On the one hand, these methods are necessary for forecasting the target variable,
such as factor or equity option returns. For example, predicting returns in the sim-
plest form requires a regression or prediction algorithm. On the other hand, these
methods are necessary for making inferences about the drivers and the nature of
the relationships. For example, determining whether variables are eliminated in a
Lasso regression can provide insight into whether the variable is necessary for the
forecast.

Recent advancements in the empirical asset pricing literature have been made, es-
pecially in the domain of predicting asset returns using ML methods. With the
large amount of factors on one side, and the large amount of predictors (Goyal,
Welch, & Zafirov, 2024) on the other side, conventional econometric tools reach a
limit. B. Kelly and Xiu (2023) point out that ML methods can be used in this case
as they enable the usage of many predictors without high risk of overfitting, like
in ordinary least squares (OLS).

In terms of methodology, my thesis is closely related to Bali, Beckmeyer, Mörke,
and Weigert (2023). The authors compare linear and nonlinear ML methods to
predict the cross section of delta-hedged option returns. They find that nonlinear
models, such as gradient boosters or neural networks, achieve higher forecasting
performance and risk-adjusted returns than linear models, such as Lasso or PLS.
Similarly, Goyenko and Zhang (2020) uses similarly linear and nonlinear meth-
ods to predict both the cross-section of stocks and options. They show that ML
and large set of predictors results in superior performance. They further find that
option-based predictors have highest predictive power for both stock and option
returns.3 Similar to Bali et al. (2023), I compare linear and nonlinear forecasting

3Several studies confirm that ML methods outperform regular regressions in predicting asset
returns. Gu, Kelly, and Xiu (2020) confirm this by finding that ML methods in general increase the
forecasting performance of stock returns. Nonlinear methods are the best performing, especially
neural networks and tree-based algorithms. Also, they provide tools to assess the quality of the
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models. Yet, my findings differ from theirs. I show that nonlinear methods do not
deliver measurable improvements over linear ones. This holds when combined
with linear PCA for predicting monthly factor returns.

ML methods make it possible to use large sets of return predictors. This requires
a different way of thinking about risk factors. The classical approach of Fama and
French (1993) emphasizes using only a few predictors. This is at odds with re-
cent findings. Similar to other studies, Didisheim, Ke, Kelly, and Malamud (2024)
empirically find that the out-of-sample performance of factor pricing models in-
creases with the number of factors. The authors then theoretically demonstrate
that, if the underlying factor structure is not too concentrated (i.e., if there is no
concentrated eigenvalue distribution of factors), adding factors to the model is
beneficial. Martin and Nagel (2022) theoretically analyze the relationship between
market efficiency and the predictability of asset returns using big data. They show
that in-sample return predictability can emerge due to high-dimensional learn-
ing constraints while market efficiency still holds. Therefore, out-of-sample tests
have more economic significance and are better suited to detecting true return pre-
dictability. In my thesis, I only use out-of-sample measures of forecasting perfor-
mance. In contrast, Murray, Xia, and Xiao (2024) model neural networks that use
historical stock performance to predict stock returns and find significant predic-
tion performance, even out-of-sample. This finding calls into question the efficient
market hypothesis which states that past information cannot be used to predict
future returns because prices already incorporate it.

I use PCA to reduce the dimensions of the dependent variable. This enables me to
perform an OLS regression to predict returns. Following Kagkadis et al. (2024) and
Haddad et al. (2020), I also apply PCA to reduce the dimensions of my predictors.
Several recent papers reduce the dimensions of their estimation problems. This is
especially important when using many predictors. B. T. Kelly et al. (2019) design
an instrumented PCA approach.4 Alternatively, some papers reduce dimensional-

predictions, such as out-of-sample R2. Based on work from B. T. Kelly, Pruitt, and Su (2019), Gu,
Kelly, and Xiu (2021) model factor exposures through autoencoder neural networks. This allows to
incorporate both factors (as nonlinear functions of covariates) and returns. Grammig, Hanenberg,
Schlag, and Sönksen (2025) find that ML perform better over one-year horizon forecasts. Selecting
test assets through the no-arbirage condition, L. Chen, Pelger, and Zhu (2024) use a non-parametric
deep learning model to estimate the SDF of assets. The paper includes states of the economy in the
prediction.

4Büchner and Kelly (2022) find three latent factors that explain 85% of the variation in S&P 500
option returns. Based on the same framework, Goyal and Saretto (2025) construct a factor model
of equity option returns. The authors achieve an alpha of close to zero and test different trading
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ity by constructing sparse models through Lasso (Freyberger, Neuhierl, & Weber,
2020; Messmer & Audrino, 2022; Shafaati, Chance, & Brooks, 2023).

Dimensionality reduction is not always optimal. This is especially true when the
underlying model does not rely on sparsity. Käfer, Moerke, Weigert, and Wiest
(2025) apply the Bayesian SDF of Bryzgalova, Huang, and Julliard (2023) to price
options. This framework was originally developed for stock returns. It offers a
simple and scalable solution for estimating linear asset pricing models in high-
dimensional settings. The framework remains robust even under weak identifica-
tion. Their evidence points to a dense true SDF. This suggests that many factors
may be relevant simultaneously. In contrast to approaches that aggressively shrink
the factor set, my study takes a different approach. I retain a broad cross-section
of option factors. I then apply ML methods to capture time-series predictability
in their returns. I find that feature importance varies significantly across different
models. No single predictor consistently dominates factor timing predictions. This
variability supports keeping a large predictor set, consistent with findings from
Käfer, Moerke, et al. (2025). Although I use many factors, I do not directly address
the dense SDF found by Käfer, Moerke, et al. (2025). I employ dimensionality re-
duction and regularization to control complexity. Future research could directly
address dense SDFs by integrating Bayesian SDF frameworks into factor timing
models.

3 Data

Since I use ML methods such as cross-validation, model-internal regularization,
and dimensionality reduction techniques to control overfitting, I incorporate all
possibly beneficial predictors in my estimation. B. Kelly and Xiu (2023) highlight
the benefits of this approach. In this section, I present both the predicted and
predictor variables used in the analysis.

3.1 Option returns and factors

My main data set includes monthly delta-hedged option returns and factor values.
I use this data for both the dependent variable (factor return series) as well as for
the predictor set (factor characteristics). The data source is proprietary data from

strategies with which they have mothly realized returns of 80 basis points. The working paper
of Horenstein, Vasquez, and Xiao (2023) constructs a comparable latent factor model and achieves
similar results.
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OptionMetrics IvyDB, which includes historical prices for all exchange-traded U.S.
single equity options. The construction of delta-hedged returns follows Bakshi
and Kapadia (2003) and spans data from 1996 to 2022.5 Table 1 includes summary
statistics on the delta-hedged returns.

Variable Mean SD 10th pct. Median 90th pct.
Panel A: Calls
Option return (daily delta-hedged) -0.001 0.06 -0.05 -0.01 0.05
Dollar open interest 1824.863 9234.91 8.75 154.88 3342.34
Delta 0.537 0.11 0.39 0.54 0.68
Moneyness (K/S) 1.002 0.05 0.94 1.00 1.06
Time to maturity (in days) 49.652 2.08 46.00 50.00 52.00
Market capitalization 9949.075 42512.78 338.50 1891.97 18463.03
Panel B: Puts
Option return (daily delta-hedged) -0.002 0.05 -0.04 -0.01 0.04
Dollar open interest 1327.671 6899.64 7.31 107.21 2336.25
Delta -0.457 0.12 -0.61 -0.45 -0.31
Moneyness (K/S) 0.998 0.05 0.94 1.00 1.06
Time to maturity (in days) 49.637 2.08 46.00 50.00 52.00
Market capitalization 11004.166 45040.10 379.62 2145.63 20994.87

Table 1: Summary stats on delta-hedged returns. Call and put options exhibit similar patterns,
though there are some key differences. Both have slightly negative average delta-hedged returns:
calls are at -0.001, while puts are lower at -0.002. Calls exhibit greater variation in return s than pu
ts. Call deltas average 0.54, whereas put deltas are negative and farther from zero. Both option
types cluster around at-the-money strikes with similar 50-day maturities. On average, calls attract
higher dollar open interest. Market cap distributions are highly skewed for both types. In general,
calls have higher return volatility and greater trading interest.

The factor values include both traded and non-traded factors. Tradable factors are
used to construct factor returns (shown in Table B1). Non-tradable factors that I
use for prediction are listed in Appendix B.3.

Factor returns. To construct factor portfolio returns, I form long-short portfolios
based on the first and tenth deciles of each factor’s cross-sectional distribution.
The direction of the position (long decile 10 and short decile 1, or vice versa) is
determined by the cumulative performance of delta-hedged returns since January
1996. Finally, I scale the factor returns.

Figure 1 shows the monthly factor returns from 1996 to 2022. Overall, the returns
appear to be positive on average, though there is noticeable variation in volatility

5Although the factor dataset spans data from 1996 to 2022, I only use data up to the end of 2019
for the statistical and economic analysis of factor timing, as not all predictor variables are available
for 2020 onwards.
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over time. Periods such as the early 2000s and the 2008 financial crisis exhibit
heightened volatility and wider dispersion in factor portfolio performance. These
fluctuations likely reflect the turbulence experienced in the broader market during
the dot-com bubble, the global financial crisis and the pandemic. In contrast, the
periods between these events show more stable and less volatile return patterns.

Figure 1: Monthly returns of factor portfolios; each color represents one factor portfolio. Although
factor returns are generally positive, there are differences over time as well as between factors. For
example, more extreme values occur more frequently during times of financial distress, such as the
GFC. Additionally, some factors tend to perform better than others during times of crisis.

This is observation confirmed by summary statistics shown in Table B2. The monthly
mean return is positive and significantly different from zero for almost all factor
portfolios. Furthermore, I find that the return series of each factor portfolio does
not follow a normal distribution, but is leptokurtotic. Depending on the factor
portfolio, I find both positive and negative skewness. Thus, factor returns have
asymmetries and tail risks.

Characteristic weightings. I construct the set of characteristics in two stages.
First, I use the factor values directly as characteristics. Specifically, I compute the
average characteristic value difference between the first and tenth deciles. Sec-
ond, I derive additional characteristics based on these mean factor portfolio val-
ues, capturing both momentum and cross-sectional spread effects. Table 2 details
the construction of these derived characteristics.

Using the raw characteristic values - including both the original factor values per
portfolio and the derived momentum and spread characteristics - I construct fac-
tor weightings for each factor portfolio. I do this by scaling raw values to range
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Characteristic Source Implementation

mom1 Käfer, Mörke, and Wiest (2025) Factor returns of t − 1
mom2 Käfer, Mörke, and Wiest (2025) Factor returns of t − 6
mom3 Käfer, Mörke, and Wiest (2025) Mean factor returns from t − 2 to t − 12
mom4 Käfer, Mörke, and Wiest (2025) Mean factor returns from t − 13 to

t − 60

spread1 Neuhierl et al. (2023) Raw decile-spread St = d̄10,t − d̄1,t,

then spread1 =
St − S1:t

σS1:t

.

spread2 Neuhierl et al. (2023) Raw decile-spread St, then spread2 =
St − S(t−5):t

σS(t−5):t

.

Table 2: Additional characteristics added to the C matrix. The spread-based signal from Neuhierl
et al. (2023) originates from applications to individual stock characteristics. Käfer, Mörke, and Wiest
(2025) find various forms of persistence in factor returns across different horizons. The spread
characteristics that detect persistence in factor returns across different horizons have been proven
to help for stocks, motivating their application to option factors. (Neuhierl et al., 2023)

between -1 and 1 in each month. By design, a factor’s weight on itself is either -1
or 1, depending on whether the strategy takes a short position in the first decile
and a long position in the tenth, or the reverse.

3.2 Other predictors

Next to characteristic weights, I use other variables for the prediction of factor
returns: Non-tradable option factors, other economic predictors, and momentum
variables of PC returns.

Non-traded factors. 15 non-traded factors listed in Appendix B.3 are used as pre-
dictors. Non-traded factors span intermediary capital risk to macroeconomic and
sentiment indicators, covering mainly uncertainty measures, volatility and tail-
risk metrics, liquidity conditions, credit and term structure spreads, and overall
financial stress in the economy.

Further economic indices. I use additional economic indicators for the predic-
tion.

• Borrowing costs: The risk-free rate, term premium, and credit risk directly af-
fect option prices, and their SDFs. I include U.S. treasury yields for three
months and 30 years. The data are downloaded from FRED website. These
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are explicit yields, while the factor form is contained in the non-traded fac-
tors. Additionally, I use corporate bonds yields for AAA and BAA rated
bonds. These data are taken from FRED. I use the actual bond yields instead
of the factor innovations in the DEF variable that are already contained in the
non-traded factors.

• Macroeconomics: I capture macroeconomic uncertainty using the inflation rate,
measured by the consumer price index (CPI), downloaded from the website
of the U.S. Bureau of Labor Statistics. To account for consumption risk, I
use the consumption–wealth ratio (Cay) from Lettau and Ludvigson (2001),
downloaded from his website.

• Investor sentiment: I add the non-orthogonalized sentiment of Baker and Wur-
gler (2006), which reflects irrational exuberance or pessimism (the orthogo-
nalized is already contained in non-traded factors). The data are downloaded
from Jeffrey Wurgler’s website. To capture both bearish sentiment and short-
sale constraints, I also use the short interest index of Rapach, Ringgenberg,
and Zhou (2016), downloaded from Matthew Ringgenberg’s website. In or-
der to prevent look-ahead bias, I employ out-of-sample weights. Goyal et al.
(2024) find that it maintains a good out-of-sample performance to predict the
equity premium.6

• Equity risk factors: Although the Fama and French (2015) five factor models
are explanatory and generally not used for prediction, I include them because
option returns could load on stock factors. The data are downloaded from
Kennth R. French’s website. I separately include the cyclically adjusted price
earnings ratio (CAPE), downloaded from Robert Shiller’s data webpage.

Notice that Goyal et al. (2024) show that most non-traded factors and economic
indices presented above (e.g., volatility- or sentiment-based predictors) do not ex-
hibit a positive predictive performance in forecasting the equity risk premium. I
use them nevertheless because my focus is on options, where they could still prove
effective.

6Goyal et al. (2024) show that other predictors, such as a combination of technical indicators
presented by Neely, Rapach, Tu, and Zhou (2014), continue to achieve good out-of-sample predic-
tive performance of the equity premium. However, due to data availability, I only include the short
interest index.
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PC momentum. Käfer, Mörke, and Wiest (2025) find significant positive factor
return autocorrelation. Hence, I construct three mutually exclusive momentum
variables for the PC prediction. They are distinct from mom1 to mom4 in that they
are direct momentum variables of the principle components. For each PC, they are
constructed as follows:

• momentum1 captures the return of each PC in the previous month. For each
time t, the momentum is simply the return at t − 1. This variable captures
monthly factor momentum, where Käfer, Mörke, and Wiest (2025) find that
positive autocorrelation of factor returns is the main source for short-term
momentum.

• momentum212 represents the average momentum over the last year. For each
time t, it takes the cumulative returns from the 11 months preceding the last
month (i.e., from t − 12 to t − 2) for each PC. This avoids the most recent re-
turn (t − 1) to reduce noise and captures more persistent trends that exclude
short-term momentum effects. Käfer, Mörke, and Wiest (2025) find that both
persistent mean returns and autocorrelation drive annual momentum.

• momentum1360 captures long-term momentum by taking the cumulative re-
turn from months t − 60 to t − 13. It thus uses data from more than one year
ago up to about five years in the past, while deliberately excluding the most
recent year (months t − 12 to t − 1). This isolates longer-term patterns and
helps detect persistent structural return behavior. Käfer, Mörke, and Wiest
(2025) identify mean return persistence as key factor.

Find a simplified process chart displaying the data pipeline in Figure B1.

4 Methodology

This section outlines the methodology for forecasting factor returns and evaluating
their predictive performance.

4.1 Dimensionality reduction

My dataset is high-dimensional. The dependent variables, factor returns, include
28 series. The dimensionality of the independent variables is also high. The result-
ing ratio of variables to observations is high, particularly since I only have monthly
data with a small number of observations. Therefore, dimensionality reduction is
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essential on both sides. Following Haddad et al. (2020) and Kagkadis et al. (2024),
I apply various PCA approaches to address this problem.

At the highest level, PCA transforms variables into uncorrelated variables through
linear combinations such that most of the variance is then contained within the first
PCs (Jolliffe, 2002). See Appendix C.1 for more mathematical background.

PCA in the dependent variable My analysis is based on 28 individual option
factor returns. To reduce the complexity in the dependent variable, I employ di-
mensionality reduction through PCA.

The selection of PCs for analysis is crucial. Instead of relying solely on explained
variance, I use the Parallel Analysis approach from Horn (1965) to identify sig-
nificant PCs.7 Using 1000 bootstrapping iterations, I find that the first six PCs are
significant. Figure 2 compares the explained variance of the simulated data against
the true data. I use the entire dataset to compute the covariance matrix (from 1996
to the end of 2019). This result conforms with the analysis of Haddad et al. (2020)
and Kagkadis et al. (2024), who similarly use five PCs for factor timing with equi-
ties.

PCA in the independent variables. I reduce the dimensionality of the factor
loadings of each PC by applying the method of Kagkadis et al. (2024). I construct
the characteristics matrix by following the steps below:

1. Build a factor portfolio for each factor. I go long the first (tenth) decile and go
short the tenth (first) decile, depending on cumulative delta-hedged option
return of the deciles.

2. For each portfolio, I then create the average factor value for every factor (e.g.,
for the factor portfolio, I take for each factor its mean of decile 10 minus the
mean value of decile 1).

3. Finally, I scale the values for each factor.

7Parallel Analysis compares the explained variance of each PC to the average explained vari-
ance of a randomly generated dataset, capturing noise. A PC is considered significant if its ex-
plained variance exceeds that of the random data. Unlike the method of Horn (1965), which uses
purely random data points assuming a distribution, I adopt the nonparametric permutation-based
approach from Buja and Eyuboglu (1992). I shuffle the existing factor return series independently,
preserving the noise while removing time-dependent relationships. This avoids assumptions about
the data distribution.
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Figure 2: The explained variance of the true PCs (red) and Parallel Analysis PCs (black). The
boxplots indicate that the sixth true PC exceeds the 75th percentile of the variance explained by the
artificial PCs. Hence, the first six PCs are significant.

This procedure is then repeated for each time step t = (1, . . . , T). This gives us the
weight caracteristics matrix C ∈ RT×M×N where M is the number of characteristics
and N is the number of factor portfolios. To retrieve the factor loadings of each
PCA, I multiply the weigths matrix with the characteristics matrix:

Hi,t = w⊤
i,tCt, (1)

where wi,t ∈ RN is a vector of factor weights per eigenvector and Ct ∈ RN×M is
the characteristics matrix. Repeating this for each t = (1, . . . , T) gives Hi ∈ RT×M,
a matrix containing the factor loadings for PC i.

Kagkadis et al. (2024) propose to further reduce the dimensionality of the factor
loadings to reduce multicollinearity and improve predictability. I use PCA to re-
duce the dimensionality:

Xi = HiQt,i, (2)

where Qt,i ∈ RM×M is a matrix of eigenvectors estimated at time t and sorted by
corresponding eigenvalues. I estimate Qt,i by the eigendecomposition of Var(Hi).
The resulting Xi ∈ RT×M is a matrix of linear combination of the underlying char-
acteristics. The practical advantage of doing this final transformation is that this
eliminates the correlation between the characteristics, potentially enhancing the
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R Factor Portfolio Returns
R ∈ RT×N

QR

PC Portfolio Returns
PC ∈ RT×6

QR

C Factor Portfolio Characteristics
C ∈ RT×M×N

Hi
PC Portfolio Characteristics
H ∈ RT×M×6

QH,i

Xi
PC Portfolio Characteristic Components
X ∈ RT×M×6

Figure 3: Overview of the transformation from factor portfolio returns and characteristics to PC-
based components using weights and dimensionality reduction; based on Kagkadis et al. (2024).

overall forecasting performance (Kagkadis et al., 2024).

Finally, I combine the lagged characteristic scores in Xi with the scaled predictive
variables introduced in Section 3.2. The resulting data forms the set of features
used in the forecasting models.

4.2 Models

I use different models to forecast the PCA returns. I use both linear and nonlinear
ML models for forecasting to evaluate whether priority should be given to linear
or nonlinear approaches.

Following Bali et al. (2023), I use Lasso, Ridge, Elastic Net (EN), and PLS as lin-
ear models. To test whether simple autocorrelation can better explain movements
in the PCs compared to factor weights or other predictors, I additionally use an
ARMA model. The lag orders are selected using the corrected Akaike Information
Criterion (Hyndman & Khandakar, 2008).

As proposed by Bates and Granger (1969), I combine all linear forecasts into one
equally-weighted average forecast ensemble:

ŷL-ens
t+1 =

1
4
(ŷLasso

t+1 + ŷRidge
t+1 + ŷEN

t+1 + ŷPLS
t+1), (3)
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where the different ŷt+1 represent the respective one-month ahead forecast. Timmermann
(2018) discusses several benefits of using forecast combinations. It is often not clear
which model will in future perform best, especially in instable forecasting environ-
ments and when there is no clear winner among the models. Also, diversification
of model uncertainty helps improving the overall forecasting performance.

Generally, linear models are able to achieve good variable reduction and dimen-
sionality reduction. This allows them to be good in using limited data on many dif-
ferent explanatory variables. Also, they can deal well in maintaining interpretabil-
ity. When using a linear models, for example Lasso or Ridge, coefficient values
can explain how much one variable contributes to the forecasting of the depen-
dent variable. However, linear models lack in the ability to account for non-linear
patterns in the data. For example, when taking a classical PLS regression, the re-
gression does only focus on the linear weightes of linear latent factors. As they are
simple eigenvectors, they do not capture nonlinear comovements of variables, but
just correlation.8

I find that the PC returns contain nonlinearities as shown by the Ramsey (1969)
Reset test. Find results in Table 3. Additionally, B. Kelly and Xiu (2023) point out,
that nonlinear ML tools can not only help to capture non-linear patterns, but also
make it possible to combine multiple data sources and types.

To account for nonlinearities and interactions among the predictors, I supplement
the linear models with three nonlinear ML models: Random Forests, XGBoost and
Dart. These models are well-suited to high-dimensional problems and complex
functional forms, as they do not make any linearity assumptions. Through their
tree-based structure, they can also capture interactions and intricate relationships
between predictive variables (Bali et al., 2023; Zhan et al., 2022).

As with the linear ensemble, I create an equally weighted nonlinear ensemble fore-
cast.

ŷNL-ens
t+1 =

1
3
(ŷXGB

t+1 + ŷDART
t+1 + ŷRF

t+1), (4)

where each component represents a one-step-ahead forecast generated by the re-
spective nonlinear model.

8There are efforts to incorporate nonlinear patterns within PLS, including kernel-based PLS,
spline-based PLS, and neural network augmented PLS models. These are not be part of this thesis
(Rosipal & Krämer, 2006).
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PC Ramsey (1969) Reset Harvey and Collier (1977) Utts (1982) Rainbow

1 0.00006 0.93987 0.00035
2 0.00003 0.43436 0.00000
3 0.08087 0.01647 0.00372
4 0.00504 0.36060 0.00118
5 0.32325 0.36764 0.05167
6 0.00743 0.73174 0.00147

Table 3: p-values from linear specification tests for the first six principal components (PCs) across
the entire sample. The Ramsey (1969) Reset test is used to test for general functional misspec-
ification for second- and third-level polynomials. The small p-values (mostly below 0.05) show
that nonlinear patterns (in the form of second- and third-order polynomials) are highly likely. The
Harvey and Collier (1977) test checks if the mean of the residuals is significantly different from
zero (which would mean that there is a convex or concave structure in the residuals). We can see
that we cannot reject the null hypothesis of correct model specification, except for PC3. Hence, this
contradicts the results from the Ramsey (1969) test. The Utts (1982) Rainbow test verifies if there are
discrepancies between the central subsample near the median and the entire sample. We reject the
null hypothesis for almost all PCs; therefore, there appear to be structural breaks and linear models
seem to be misspecified. Overall, these test results suggest that nonlinear patterns are likely present
and that nonlinear models could be beneficial.

To account for model drift and improve robustness, all non-linear models are re-
tuned on a rolling basis. Specifically, the hyperparameters of each model are re-
optimised every twelve months using cross-validation. The hyperparameter spaces
explored for tuning are listed in Appendix C.4. This approach ensures that the
models adapt to changes in the data-generating process, while avoiding overfitting
to short-term noise. I choose to tune only every twelve months due to performance
considerations.

Nonlinear models offer considerable flexibility and often yield higher predictive
accuracy in complex settings. Yet, this comes at the cost of interpretability and
transparency, as their functional form is data-driven and not easily expressed in
closed form. Nevertheless, Bali et al. (2023) find that nonlinear have superior per-
formance than nonlinear models in predicting delta-hedged option returns. This
is why I test the performance of nonlinear models in predicting option factor pat-
terns. Find more in-depth information about the used linear and nonlinear models
in Appendix C.2.

4.3 Forecasting

Training window. I estimate each model on a rolling window of 60 months. A
rolling window lets the estimation sample "refresh" every month, so the model
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can adapt to structural breaks and de-emphasise stale information. The trade-off
is that, with only five years of data in each window, I work with relatively few ob-
servations compared with the large set of predictors, risking overfitting. To control
this risk I combine (i) cross-validation, (ii) dimensionality-reduction (PCA) and (iii)
regularizing or sparsity-inducing algorithms; e.g. EN, Ridge, and Dart (a boosted-
tree method that randomly "drops out" trees and features). These techniques pe-
nalize overly complex models and help ensure that the forecasts generalize out of
sample.

In Section 5.5 I examine the robustness of the training window approach. I com-
pare the rolling and expanding window forecasts and find that the rolling window
achieves superior results.

Performance assessment. I use a naïve benchmark for the performance assess-
ment. Here, I use an historical average by taking the average PCA in-sample value
to predict the OOS value. This naïve benchmark assumes that the PCA values
move around their average value. I define the forecasting error of model m at time
t for the ith PC as

êi,t,m = ri,t − r̂i,t,m, (5)

where ri,t denotes the realized return of the ith PC, and r̂i,t,m denotes its forecast
produced by model m. I follow Bali et al. (2023) using the standard out-of-sample
definition of R2:

R2
OOS,m = 1 −

∑T
t=T0

ê2
t,m

∑T
t=T0

ê2
t,hist

, (6)

where êt,m is the forecasting error of model m and êt,hist is the forecasting error of
the historical average benchmark at t. I compute the measure for each PC and
assess the performance separately. The measure compares the performance with
a naïve benchmark of the historical average. The advantage of R2

OOS compared
to other measures like Mean Squared Error is that it is scale-invariant; it does not
depend on absolute magnitude, but rather on relative magnitude compared to the
benchmark. This is especially beneficial when comparing different PCs, which
have different scales. For example, one PC may range from -10 to 10, while another
may range from -5 to 5. Instead of the zero benchmark (as Bali et al. (2023)), I use
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the historical average because PCs do not necessarily have an expected value of
close to zero. If R2

OOS is positive, the model performs better than its benchmark.

Similar to Bali et al. (2023), I use the Clark and West (2007) test to determine the
statistical significance of the forecasts compared to the historical benchmark:

CW =
c̄
σ̂c

, (7)

where c̄ denotes the time-series average and σ̂c the Newey and West (1987) stan-
dard error of ct. ct is defined as the mean difference between the forecast error and
its naïve benchmark

ct,m =
1
n

n

∑
i=1

(
e2

i,t,hist − ê2
i,t,m

)
, (8)

where n is the number of PCs that I predict. A positive value means that the model
m performs better than the historical average.

Like Bali et al. (2023), I also compare the performance of different models. For
example, I compare the performance of linear with non-linear models. To test if
one model is signficantly better than another one, I use the Diebold and Mariano
(1995) test. The test for comparing model A and B is defined as

DM(A,B) =
d̄(A,B)

σ̂
(A,B)
d

, (9)

where d̄ denotes the time-series average and σ̂d the Newey and West (1987) stan-
dard error of dt:

dt =
1
n

n

∑
i=1

(
(ê(A)

i,t )2 − (ê(B)
i,t )2

)
(10)

This approach enables the significance of forecasting performance to be evaluated
and different forecasting methods to be compared. Note that for both evaluating
individual model performance (using the CW test) and comparing models (using
the DM test), I average forecast performance across PCs. While Bali et al. (2023)
rely on a much larger cross-section, which likely yields more stable results, I be-
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lieve this approach still provides meaningful insights. To prevent the risk of insta-
ble results, I also test the statistical significance of each PC across different models
using the bootstrapping method of White (2000). The results can be found in the
robustness checks in Section 5.5.

I further follow Bali et al. (2023) in assessing the linear similarity of forecasting
results between model A and B by using the correlation between the forecasting
errors. Contrary to to Bali et al. (2023), I do not use the cross-section to compute
the correlation. I instead use the time-series correlation of error terms for each PC.

Interpretation. To draw meaningful conclusions about the predictors, and the
performance that can be achieved, I assess the coefficients and the explanatory
power of coefficients in each model. This is done differently for each model:

For the models Ridge, Lasso, and Elastic Net, I extract the coefficient values β̂ and
plot them. Coefficients that are zero or close to zero are penalized by the model
and hence have less influence.

Plotting the raw coeffients cannot be done for the PLS regression. Here, I employ
the variable importance in projection (VIP) metric following S. Wold, Sjöström,
and Eriksson (2001) and Chong and Jun (2005). VIP gauges how strongly each
predictor contributes to explaining the response through the PLS components: it
scales the squared PLS weights by the proportion of Y-variance captured by each
component. Following the rule-of-thumb of Chong and Jun (2005), a predictor
with VIPj > 1 is deemed influential.

Tree-based nonlinear models do not yield a single regression coefficient per pre-
dictor. Consequently, I evaluate predictors with the gain-based feature impor-
tance proposed by T. Chen and Guestrin (2016). Gain adds up the loss-reduction
contributed by every split that uses a given feature (here the loss function is the
squared error). I then normalize those gains so they sum to 1; each value shows
that feature’s share of the total loss-reduction achieved by the forest. Therefore,
within each PC model, a larger feature importance implies that the predictor con-
tributed more to lowering the training error. Neither VIP nor gain feature impor-
tance are causal coefficient values. They indicate how much the model relies on a
variable to fit the data, but do not prove that changes in the variable cause changes
in the response (Chong & Jun, 2005; T. Chen & Guestrin, 2016).

For simplicity, I do not extract the development of the coefficients over time. The
coefficients and explanatory powers are based on the full sample size.
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4.4 Economic performance

The relationship between the out-of-sample prediction performance of returns and
its ability to produce economic value tends to be weak (Cenesizoglu & Timmer-
mann, 2012). To assess the economic relevance of the PC forecasts, I conduct two
steps. First, I follow Kagkadis et al. (2024) and convert predicted PC returns into
factor returns. This is done by PC regression:

rt = δ⊤yt + εt, (11)

where rt ∈ RN is a column vector of factor returns (excess of risk free rate), δ ∈
R7×N a coefficient matrix, yt ∈ R7 is the column vector of PC returns, the latter in-
cluding a one to include a constant. With the predicted one-month-ahead PCs ŷt+1

and estimated coefficients δ̂, I can then predict the factor returns r̂t+1 = δ̂⊤ŷt+1.

Second, I construct portfolios by weighing the long-short option factor portfolios
and evaluate risk-adjusted returns. I select the factor weights by solving the fol-
lowing optimization problem:

max
wt

w⊤
t r̂t√

w⊤
t Σ̂twt

, s. t. w⊤
t 1N = 1, |wt| < 1N, (12)

where wt ∈ RN is the weight column vector and Σ̂t ∈ RN×N is defined as the
historical diagonal matrix of variances of the past 60 factor returns. The estima-
tion of covariances is tricky because I would have to estimate the entire covariance
matrix with only 60 return observations per factor. I therefore set covariances be-
tween factor returns to zero in order to reduce noise (Ledoit & Wolf, 2022). Note
that I restrict the weights to lay between -1 and 1 to avoid unrealisticly large bets
that can arise in mean variance optimization. As a benchmark to the PC regression
estimation of weights I construct a portfolio with equal weights Nwt = 1N.

5 Results

Table 4 exhibits key results. The first two PCs of option-related factors are pre-
dictable out-of-sample. The first PC captures idiosyncratic-volatility and low-quality
risk, achieving an out-of-sample R2 of 0.33 (linear ensemble) and 0.27 (nonlinear
ensemble). The second PC represents equity-side frictions and limits-to-arbitrage,
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with an R2 of 0.15 for both ensembles. Thus, there is no advantage of using non-
linear models over linear ones to predict PCs of option returns. Generally, ML
methods show the greatest improvement on the first PC, while for subsequent PCs,
simple benchmarks like ARMA or even zero-return perform similarly.

Model R2
OOS for PC1 R2

OOS for PC2 Return Sharpe Ratio

Linear ensemble 0.33 0.15 0.21 1.95
Nonlinear ensemble 0.27 0.15 0.17 1.37

Equal-weight benchmark 0.04 2.71

Table 4: Out-of-sample predictability and economic performance of PC models. The table shows
out-of-sample R2 for the first two PCs of option-related factors, along with annualized returns
and Sharpe Ratios (pre-transaction costs). Linear and nonlinear ensembles predict the first two
PCs. The equal-weight benchmark represents the average performance of individual delta-hedged
option factors. Sharpe Ratios are calculated using 3-month Treasury bills as the risk-free rate.

Both linear and nonlinear predictions generate economic gains. The linear ensem-
ble returns 21% and the nonlinear ensemble returns 17%, both substantially out-
performing the average delta-hedged option factor return. However, risk-adjusted
performance is weaker. The equal-weighted benchmark achieves a Sharpe Ratio
of 2.71 versus 1.95 (linear) and 1.37 (nonlinear), despite its lower 4% return.

In the following, I explain these results in four parts. First, I describe the main
PCs of factor returns and highlight which types of factors are more predictable
than others. Second, I evaluate the forecasting performance of the ML models em-
ployed. Third, I examine whether these forecasts generate economic value by con-
structing portfolios based on their out-of-sample performance. Lastly, I conduct a
series of robustness checks and discuss the results.

5.1 Dimensionality reduction

My first six PCs capture linear patterns in the factor return data. The first six PCs
explain about 69% of the total linear variance, based on the share of the sum of the
first six eigenvalues relative to the sum of all eigenvalues. Hence, option factors
can be reduced to a couple of components - similar to equity factors.9 Table 5
shows the factor loadings for each variable. Factor loadings vary among different

9Haddad et al. (2020) find that the first five PCs explain approximately 60% of linear variation in
equity factor returns. This finding challenges the "factor zoo", because many factors can be broken
down into fewer components.
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factors. I characterize the PCs using loadings above or below 0.5 or -0.5.10

Factor PC1 PC2 PC3 PC4 PC5 PC6
log_price 0.63 0.59 -0.12 0.04 0.16 -0.03
netis_at 0.19 -0.26 -0.43 -0.10 -0.43 0.35
ebit_sale 0.67 -0.19 -0.24 0.29 -0.14 -0.10
ope_be 0.77 -0.22 -0.27 0.12 -0.11 -0.01
ocfq_saleq_std 0.76 -0.09 -0.22 0.09 -0.12 0.02
cash_at 0.22 -0.12 -0.47 -0.04 -0.59 0.06
disp 0.72 0.13 0.08 -0.14 0.11 0.23
zscore -0.18 0.61 -0.07 -0.35 0.05 0.42
issue_5y 0.63 -0.21 -0.22 -0.03 0.04 0.08
issue_1y -0.13 0.26 -0.29 -0.52 -0.02 0.44
rsi 0.46 0.20 0.02 -0.29 -0.11 -0.03
amihud 0.43 0.65 -0.33 0.22 0.09 -0.28
ivrv 0.16 0.66 0.37 0.30 -0.29 0.13
ivol 0.86 -0.28 0.02 -0.03 0.01 -0.04
tskew 0.12 -0.22 -0.20 0.43 0.47 0.42
iskew 0.19 -0.15 -0.08 0.51 0.43 0.51
defrisk 0.56 0.54 0.25 -0.30 0.19 0.16
max10 0.80 -0.33 0.03 -0.20 0.03 -0.01
ac 0.37 0.01 0.26 -0.06 -0.03 0.07
ivterm 0.59 0.22 0.52 0.15 -0.05 -0.13
sysvol -0.77 0.42 -0.10 0.20 -0.17 0.08
hvol 0.89 -0.27 0.04 -0.10 0.05 0.01
optspread -0.09 -0.53 0.55 0.11 -0.24 0.25
vov 0.19 0.10 0.32 0.15 -0.38 0.34
jr -0.37 0.30 -0.12 0.39 -0.34 0.12
vr 0.83 0.13 0.22 0.02 -0.15 0.03
hc 0.62 0.55 -0.30 0.18 0.04 -0.20
embedlev 0.87 0.09 0.20 0.09 -0.16 0.04

Table 5: Loadings of the first six PCs on each factor (rounded to two decimal places).

1. Idiosyncratic-volatility & low-quality risk: The first PC is positively correlated
with most factors. Therefore, I observe both option- and stock-based fea-
tures. It includes volatility-based risk factors, such as historical firm volatil-
ity (hvol) and idiosyncratic volatility (ivol). It also includes firm-level qual-
ity characteristics, such as operating profitability (ope_be) and profit margin
(ebit_sale). Note that stocks with high idiosyncratic volatility tend to have
lower systematic volatility (sysvol). PC1 generally captures firms that are
cheap, unprofitable, cash-flow volatile, and highly leveraged, whose options
display very high idiosyncratic (rather than systematic) volatility.

10Alternatively, one could pursue dimensionality reduction through factor analysis using orthog-
onal or oblique rotations. These methods offer more interpretable results than factor loadings of PCA
(Fabrigar & Wegener, 2011).
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2. Equity-side frictions & limits-to-arbitrage: The second PC has a positive load-
ing with factors equity illiquidity (amihud), Altman Z-score (zscore), and
default risk (defrisk) that cover equity side friction. The loadings for option-
side market frictions, such as delta-hedging costs (hc), option illiquidity (opt-
spread), and implied-minus-realised volatility (ivrv) include option-based
volatility measures. Option bid-ask spreads load negatively, so the factor
is a wedge between stock-side and option-side frictions. In total, the second
PC covers hard-to-trade stocks and relatively tighter option markets.

3. Option illiquidity & volatility term structure: The third PC only has two strong
factor loadings. As option illiquidity (optspread) and implied ATM volatility
term structure (ivterm) are positive loadings, this PC emphasizes the frictions
in the options markets. Together with the second PC, the third PC covers the
trading-friction surface.

4. Idiosyncratic skew & recent issuance: The fourth PC includes stocks that issued
equity in the past year (issue_1y) as well as stocks with high idiosyncratic
skewness (iskew). The PC identifies “lottery” names (large skew) with little
recent issuance.

5. Financial slack: Orthogonal to the big volatility/ liquidity stories, the fifth PC
captures the cash position of the underlying stocks (cash_at).

6. Residual skew: The sixth PC captures residual skewness of the underlying
stock (tskew), complementing the fourth PC.

In summary, the first PC signals quality-volatility, the second and third PC captures
market-frictions, while the remaining PCs explain tail-risk and financing nuances.
Figure 4 shows a biplot of the first two PCs. Together, the two PCs explain about
45% of the linear variation. The graph confirms the factor loadings described ear-
lier.

5.2 Model forecasting performance

Table 6 shows the R2
OOS for each model.11 Several observations can be made:

Firstly, forecasting performance varies across PCs. It appears that the ML mod-
11Graphs and tables use the following short names for models; hist: historical mean return over

the training period, arima: ARMA model, lasso: Lasso, ridge: Ridge, en: Elastic Net, pls: Partial
Least Squares, linear_ens: equally weighted average of linear models, rand_forest: Random For-
est, XGBoost: XGBoost, Dart: Dart, nonlinear_ens: equally weighted average of nonlinear models,
zero_return: constant zero PC forecast.
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Figure 4: This PC1 and PC2 biplot puts into context the factor loadings of the factors for the two
most important PCs. The scatterdots are the PC returns. The arrows illustrate the factor loadings
of the factors. The gray points are spread wider horizontally than vertically, indicating that PC1
contributes more to return variance than PC2. This mirrors the eigenvariance ranking. The visual
representation of the factor loadings corroborates earlier observations. Many arrows point to the
left, most of which are volatility or quality factors. The only prominent factor pointing to the left is
sysvol, which, as discussed earlier, is negatively related to the other factors in PC1. There are also
upward arrows indicating equity-side frictions, as well as an upward-pointing arrow indicating
option-based frictions (bid-ask spread). Note that factors such as cash_at and tskew have very short
arrows and are therefore mostly captured by PCs three through six. Find more visualizations in
Appendix D.

els can predict the first and second PCs more accurately than the others. Linear
and nonlinear ensemble models achieve an R2

OOS of up to 33% and 27% for the
first, respectively, and 15% for the second PC. The first PC embodies the strongest
common signal in the factor space: idiosyncratic volatility combined with low-
quality fundamentals. The second PC covers equity-side frictions and limits to
arbitrage. My predictor set may be especially suited to reliably forecast return pat-
terns related to these characteristics. Additionally, lower-order PCs represent pro-
gressively "leftover" variation. Smaller eigenvalues imply lower signal-to-noise ra-
tios and a heavier mix of measurement error and transitory shocks. Consequently,
it is more difficult for all algorithms to extract stable patterns from those compo-
nents (Jolliffe, 2002). Secondly, there are differences between the ML models. For
example, PLS performs worse than the naïve historical benchmark for five out of
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six PCs, whereas Ridge achieves a positive R2
OOS for the first four PCs. Thirdly,

benchmarks such as the zero-return and the ARMA model perform poorly for the
first PC. Nevertheless, they achieve similar R2

OOS values to the ML models for the
second PC, indicating no advantage in using ML methods to capture equity-side
frictions and limits to arbitrage.

Model PC1 PC2 PC3 PC4 PC5 PC6
arima 0.03 0.17 -0.09 -0.00 -0.02 0.03
zero_return 0.04 0.17 -0.08 0.02 0.01 -0.02
lasso 0.31 0.04 -0.11 0.00 -0.07 -0.25
ridge 0.17 0.19 0.07 0.04 0.01 -0.01
en 0.34 0.04 -0.03 -0.05 -0.11 -0.23
pls 0.09 -0.05 -0.26 -0.21 -0.34 -0.31
linear_ens 0.33 0.15 0.02 0.05 0.03 -0.12
rand_forest 0.19 0.11 -0.06 -0.13 -0.12 -0.18
XGBoost 0.26 0.10 -0.12 -0.06 -0.15 -0.20
Dart 0.28 0.16 -0.04 -0.07 -0.08 -0.09
nonlinear_ens 0.27 0.15 -0.02 -0.04 -0.07 -0.11

Table 6: Out-of-sample R2 for each model. Positive numbers indicate superior performance com-
pared to the naïve benchmark of the historical average. It is evident that all models perform better
for the first PC, and almost all models perform better for the second PC. The performance decreases
with the PC rank: after the second PC, models do not or only slightly outperform the benchmark.
The ensemble models have the highest R2, while the linear ensemble performs slightly better than
the nonlinear one.

To check the statistical significance of the forecast compared to the naïve historical
average, I compute the Clark and West (2007) test statistic for each model. The
results are shown in Table 7. The models produce different outcomes. All linear
models except for PLS achieve statistically improved forecasts compared to the
zero benchmark at a 1% significance level. Of these, the Ridge performs best, with
a test statistic of 3.79. All nonlinear models achieve superior forecasts (again, at a
1% significance level). For both linear and nonlinear models, the equally weighted
forecast ensembles achieve the largest test statistics, confirming the merits of using
ensemble forecasts as outlined by Timmermann (2018).

Table 8 uses the Diebold and Mariano (1995) test to compare every pair of forecast-
ing models. ML approaches generally outperform the naïve benchmarks: most
ML–benchmark entries are positive and significant at the 5% level (yet, PLS, XG-
Boost, and Random Forest do not achieve to outperform benchmarks). In contrast,
within the ML camp, the picture is more nuanced. With the exception of two clear
under-performers (the PLS on the linear side and Random Forest on the non-linear
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Model Mean SE CW
zero_return 0.10 0.05 2.03
lasso 0.29 0.10 2.95
ridge 0.28 0.07 3.79
en 0.33 0.10 3.37
pls -0.09 0.12 -0.77
linear_ens 0.42 0.09 4.57
arima 0.08 0.06 1.23
nonlinear_ens 0.32 0.08 4.18
XGBoost 0.24 0.10 2.46
Dart 0.32 0.08 3.83
rand_forest 0.17 0.06 2.83

Table 7: Clark and West (2007) test to assess significance of outperformance. The one-sided
standard-normal critical values are 1.65 (5%), 1.96 (2.5%), and 2.33 (1%). Test statistics larger than
the 1% critical value are highlighted in bold. Except for the PLS and ARMA models, all models
have significantly better performance than the historical average at the 5% confidence level. Even
the zero-return benchmark achieves this outperformance, mainly driven by better predictions. Both
ensemble methods achieve outperformance at the 1% significance level.

side), linear and nonlinear methods yield statistically insignificantly different ac-
curacy. Lasso, Ridge, EN, XGBoost, and Dart in particular are never significantly
outperformed by a single model. The ensemble forecasts do improve upon a num-
ber of the individual models they pool, even yielding significantly superior results
compared to some individual models that they are composed of.

Model lasso ridge en pls linear_ens arima nonlinear_ens XGBoost Dart rand_forest
zero_return 1.96 2.54 2.38 -1.68 3.65 -0.32 2.94 1.42 2.66 1.26
lasso -0.13 0.89 -4.22 2.26 -1.86 0.33 -0.55 0.30 -1.36
ridge 0.60 -3.22 2.66 -2.23 0.76 -0.56 0.65 -2.19
en -4.37 2.55 -2.13 -0.04 -1.06 -0.07 -1.98
pls 5.73 1.50 3.49 2.62 3.50 2.18
linear_ens -3.43 -1.72 -2.68 -1.66 -3.86
arima 2.83 1.51 2.81 1.27
nonlinear_ens -2.45 -0.13 -4.43
XGBoost 1.92 -1.14
Dart -3.34

Table 8: Diebold and Mariano (1995) test to compare model performance. The two-sided standard-
normal critical values are 1.65 (10%), 1.96 (5%), and 2.58 (1%). Test statistics larger and smaller than
the 1% critical values are highlighted in bold. Positive test statistics indicate that the column model
performs better than the row model, and vice versa. The linear ensemble outperforms all models
it is composed of, including EN, Ridge, Lasso, and PLS. It also performs better than the nonlinear
models XGBoost and Random Forest. While the nonlinear ensemble is significantly superior to
some models (such as Random Forest and XGBoost), it performs significantly worse at only the
10% confidence level.

Nonlinear models do not appear to outperform linear models in the prediction of
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PCs. There are several possible reasons for this: (i) The time-series behaviour of
PCs may not embed as many nonlinear patterns as expected. (ii) The sample size
may be too limited, or the data may be too noisy, resulting in overfitted models.
(iii) The hyperparameters may be tuned too rarely, or the space may be defined
incorrectly.

In Table 9, I plot how correlated forecast errors are between models. I find that
forecast errors ar strongly and positively correlated across all models. Generally,
correlation is higher between linear or between nonlinear models. For example,
the correlation of Dart with Lasso, Ridge, and Elastic Net are 0.88, 0.93, and 0.89,
respectively. Conversely, the correlation of Dart with XGBoost and Random For-
est is 0.95 and 0.94, respectively. Therefore, creating an ensemble of linear and
nonlinear models could be beneficial, since uncorrelated forecasting methods can
enhance overall prediction performance (Timmermann, 2018).

real_return lasso ridge en pls linear_ens hist arima nonlinear_ens XGBoost Dart rand_forest
real_return 0.82 0.94 0.82 0.66 0.86 0.96 0.91 0.94 0.88 0.89 0.99
lasso 0.89 0.97 0.79 0.96 0.83 0.82 0.89 0.87 0.88 0.86
ridge 0.90 0.78 0.94 0.96 0.93 0.95 0.92 0.93 0.96
en 0.80 0.97 0.83 0.82 0.89 0.88 0.89 0.86
pls 0.90 0.67 0.71 0.75 0.74 0.75 0.71
linear_ens 0.87 0.87 0.92 0.90 0.91 0.89
hist 0.91 0.93 0.88 0.89 0.96
arima 0.90 0.86 0.88 0.92
nonlinear_ens 0.98 0.99 0.97
XGBoost 0.97 0.93
Dart 0.94
rand_forest

Table 9: Correlation of model forecasts across all PCs. Almost all forecasts are highly correlated
with each other. Linear models (Lasso, Ridge, Elastic Net, and their ensemble) as well as nonlinear
models (XGBoost, Dart, Random Forest, and their ensemble) form tightly linked groups with cor-
relations above 0.9. PLS stands out with notably lower correlations, especially with the historical
average (0.67) and ARIMA (0.71). As forecasts from PLS are less correlated, including PLS in model
ensembles could increase forecasting performance. (Timmermann, 2018)

To check how forecasting performance evolves over time, Figure D4 plots the
smoothed squared error. The figure shows that the forecasting errors develop sim-
ilarly over time for each model and PC, but differ in terms of absolute values. The
first two PCs show higher errors in the periods 2000 to 2005, 2007 to 2010, and after
2017. The high errors during the first two periods could be due to heavy financial
turbulence during the dotcom crisis and the global financial crisis (GFC).

As most ML models perform similarly, and ensemble methods achieve the best re-
sults (see Table 8), I continue with the two ensemble models: linear_ens and nonlin-
ear_ens. Focusing on these two methods simplifies the comparison between linear
and non-linear estimates.
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5.3 Feature importance

Figures D6 to D9 illustrate how individual features contribute to the prediction
of linear models. Although multiple features contribute more than others across
PCs, there is significant variation across models and PCs. Significant features do
not necessarily have to correspond with factor loadings. For instance, the fifth
PC - with the main factor loading being cash_at - is mainly predicted by lever-
age (netis_at), profitability (ebit_sale), and characteristic spread (spread2) across all
models. Strikingly, factor momentum (especially mom3 and mom4) are relevant
coefficients for most PCs and models, mainly for linear models, confirming re-
sults of Käfer, Mörke, and Wiest (2025). In contrast, for PLS, feature importance
- measured by VIP - indicates strong relevance of PC momentum, being the most
relevant feature across all PCs.

Figures D10 to D12 show the importance of features in reducing the squared error.
Generally, the overall option market return (ew_ret) is among the most important
factors across models for the first PC. Most features that contribute substantially to
error reduction arenot option-specific. An exception is seen in the Random Forest
model, where embedlev and issue_1y play the largest role in predicting PC6. Fea-
ture importance differs notably between Random Forest and the other models, but
is similar between XGBoost and Dart.

Overall, the strong variation in feature importance makes it difficult to identify
consistent key indicators. All types of predictors show relevance for specific PCs
and models. This includes factor weights, characteristics such as momentum, non-
tradable factors, and general market indicators like investor sentiment. The results
suggest that using a wide range of predictors is beneficial, especially when apply-
ing models with regularisation to prevent overfitting.

5.4 Economic performance

Table 10 presents the returns of each model portfolio. The returns of ML ensem-
ble models outperform the benchmarks, with the historical average, ARMA, and
equal-weighted portfolio having the lowest returns. The linear ensemble achieves
the highest annualised return of 21%. As discussed in Section 5.2, forecasting per-
formance does not directly relate to higher returns. Still, we observe that ensemble
models - that have the highest predictive performance - also achieve the highest
returns.
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Model Return Total return SD Sortino Ratio Hit Ratio Sharpe Ratio SR CI low SR CI high
arima 0.11 2.25 0.10 2.03 0.67 1.10 0.70 1.56

equal_weight 0.04 1.11 0.02 3.96 0.85 2.71 2.15 3.40
hist 0.07 1.67 0.09 1.44 0.66 0.81 0.38 1.27

linear_ens 0.21 4.23 0.11 5.04 0.78 1.95 1.58 2.36
nonlinear_ens 0.17 3.44 0.12 3.13 0.71 1.37 1.07 1.81

Table 10: Model performance overview. Return: annualized excess return; Total return: the return
over the entire period; SD: annualized standard deviation of returns; Sortino Ratio: downside-risk
adjusted return (r̄/SD(r−), where SD(r−) is the standard deviation of negative returns); Hit Ratio:
fraction of periods with positive returns; Sharpe Ratio: risk adjusted returns ( ¯r − rr f /SD(r)); SR
CI low and SR CI high: 95% confidence interval. Confidence bands are created by bootstrapping,
following Ledoit and Wolf (2008): I take 1000 bootstrap samples from the return series (with re-
placement) and from these simulations retrieve the confidence bands of the Sharpe Ratio. For the
risk-free rate rr f , I use the 3-Month Treasury Bill Secondary Market Rate (Discount Basis).

Adjusting the annual returns for risk tells a different story. There, the equally
weighted portfolio outperforms all the other models. Its Sharpe ratio exceeds 2.7
and its confidence interval only overlaps with that of the linear ensemble. The
equal-weighted portfolio achieves this through its very low variance. It also excels
in the Hit Ratio, indicating more consistent positive profits. However, the linear
ensemble has the highest Sortino ratio, indicating that negative returns are less
volatile for the linear ensemble. Hence, neither linear nor nonlinear estimation
methods outperform the equal-weighted benchmark across different measures.
The equal-weighted benchmark generally achieves the best risk-adjusted perfor-
mance, with the linear ensemble performing similarly well. Compared to the non-
linear ensemble, the linear one performs better. Figure 5 illustrates the Sharpe
Ratios visually.

Figure 5: Annualized Sharpe Ratios with 95% confidence bands. Confidence bands are created
by bootstrapping, following Ledoit and Wolf (2008): I take 1000 bootstrap samples from the return
series (with replacement) and from these simulations retrieve the confidence bands.
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Comparing raw and risk-adjusted returns with those of individual factors shows
that combining factors is beneficial. The positive forecasting performance of the
models allows them to achieve returns that are more than double the average of in-
dividual factors. Yet, this is mainly achieved by taking on more risk, as the Sharpe
Ratio remains similar to that of individual factor portfolios. The benefits of diver-
sifying factor risks become apparent when examining the equally weighted factor
portfolio, which, by definition, has an average factor return but diversifies factor
risk and achieves a high Sharpe Ratio.
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Figure 6: Annualized model returns and Sharpe Ratios compared to individual factor portfolios.
While the linear and nonlinear ensembles achieve higher returns than the average factor return,
they only achieve around average factor return Sharpe Ratios, while the equal-weights portfolio
generally achieves a higher ratio.

One potential reason models perform well in raw returns but not in risk-adjusted
returns is the construction of the covariance matrix. Several problems arise in
covariance estimation: First, I only use the historical variances of factor returns.
This method reacts slowly to new patterns and weighs all returns equally.12 Sec-
ond, I exclude all covariations of factor returns. Since factor returns comove, as

12To address this issue, I incorporate a simple volatility estimate using an the RiskMetrics ap-
proach (Pafka & Kondor, 2001). I forecast the variance using σ2

i,t = (1−λ)∑T
τ=1 λτ(yi,t−τ − µi,t−τ)

2,
where σ2

i,t is the return variance and µi,t the expontially weighted return mean of factor i at t. I set
λ = 0.94, T = 60. The original RiskMetrics approach does not include the mean value. Because
option factor returns achieve high positive return, I adapt the framework to incorporate them.
However, this approach does not significantly increase the Sharpe Ratio of the models. Find more
details in Table D7.
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demonstrated in Section 5.1, this eliminates a significant amount of information,
particularly that relevant to diversification benefits. Due to limited data availabil-
ity (e.g., monthly data only and a 60 months time horizon), there are limitations
to volatility and covariance modeling. This makes multivariate GARCH models
not a viable alternative, as they require the estimation of many coefficients and
parameters.13 To solve this issue, I test the linear shrinkage to identity matrix of
Ledoit and Wolf (2022). However, as the covariance estimates are extremely noisy,
the shrinkage proposes the usage of the diagonal matrix of average variances over
all factors. Find the Results in D8.14 Also, estimating the covariance matrix with
an expanding window does not significantly increase the Sharpe Ratios. Alter-
natively, increasing the sample size T by using higher-frequency data (e.g., daily
factor returns) or estimating the covariance through other shrinkage methods, like
nonlinear shrinkage, could improve prediction accuracy and produce more stable
covariance outcomes (Ledoit & Wolf, 2022).

Figure 7: Cumulative monthly returns of optimal portfolio allocation per model.

Figure 7 shows the cumulative returns of each strategy. It illustrates how the re-
turns evolve over time, highlighting two significant observations. First, the ensem-
ble ML models exhibit strong comovement, while the benchmark models and the
equal-weighted portfolio appear to follow distinct patterns. For example, while all

13For instance, the CCC-GARCH model necessitates estimating the correlation matrix and uni-
variate variance processes. The original CCC-GARCH includes a total of N(N + 5)/2 parameters.
With 28 factors, this equals to 462 parameters (Bauwens, Laurent, & Rombouts, 2006).

14Using a single variance across all factors increases the return even further. For example, the
linear ensemble achieves an annual return of 26%. This is because the optimizer focuses solely
on optimizing returns. All possible portfolios have the same variance by design, regardless of the
weight chosen.
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ensemble ML models experience large returns during the GFC, their benchmarks
have negative returns. This can be explained by the fact that all of the models use
predicted PCs in the same regression to estimate returns and base their weights on
that information. The ARMA benchmark and historical average benchmarks likely
do not comove as much because they fail to accurately predict PCs. Second, there
are periods in which the models perform better and others in which they perform
worse. Three periods of strong growth for most ML models are: (i) the early 2000s,
(ii) the GFC, and (iii) after 2015. In contrast, the period between 2010 and 2015
shows close to zero returns for most models. Since two estimations are in play -
first, the estimation of PCs, and then, the estimation of returns - it is difficult to
determine the reason for these performance differences. I discuss structural breaks
and the role of the GFC more extensively in the robustness checks in Section 5.5.

Figure 8: Optimal portfolio weights per model and factor. Factor weights are restricted between 1
and −1. Some factor weights change over time, others do not. For example, embedlev stays close to
zero throughout. amihud starts positive and trends negative. Other factor weights show extreme
swings. iskew oscillates sharply between -1 and 1, while hvol remains relatively stable. We can
make multiple observations in relation to the GFC and the monetary normalization of 2015. The
GFC triggers lasting shifts. For instance, de f risk turns negative as default sensitivity increased. In
contrast, ebit_sale gains weight as profit margins signals resilience (Zhan et al., 2022). Similarly,
vr spikes during the crisis; this could be due to increased volatility hedging demand. Post-GFC,
disp oscillates more amid persistent uncertainty. Post-2015 monetary normalization impacts other
factors. Some examples are: ivterm declines, as the volatility term structure flattens, zscore oscil-
lates strongern, and netis_at turns positive (“Risk Management in Central Banks in the Context of
Monetary Policy Normalization”, 2019). Although factor risk premia for stocks during changes in
monetary policy or financial crises are well researched, option factors during these periods have
yet to be studied.15
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Figure 8 shows how factor weights change over time, especially during major
changes in the financial markets, such as the GFC. Haddad et al. (2020) high-
light that equity factors exhibit heterogeneous time-variation patterns. Addition-
ally, factor loadings themselves are state-dependent, meaning they depend on eco-
nomic conditions. Strong variation in optimal factor weights for option factors
could indicate that the observations made by Haddad et al. (2020) also apply to
option factors.

Figure 9 shows the volatility of factor timing portfolios, which increases during
times of financial stress, such as the GFC. These observations suggest that factor
timing portfolios are exposed to volatility during turbulent periods, yet still gen-
erate positive returns.

Figure 9: Annualized volatility based on the exponential weighted moving average (EWMA)
method: σ2

t = λσ2
t−1 + (1 − λ)(rt−1 − µt−1)

2, where µt = λµt−1 + (1 − λ)rt−1 and λ = 0.94. Three
volatility spikes are visible: one at the beginning of the 2000s, one during the GFC, and one after
2015 during the normalization of monetary policy. Notably, returns tend to increase during these
periods. Although the equally weighted portfolio exhibits significantly lower overall volatility than
every other portfolio, it too experiences volatility spikes during the GFC and post-2015.

15For instance, Gourio (2013) links default risk premia to disaster sensitivity. The author builds
a model where credit spreads are high and volatile due to risk premia. These premia reflect the
chance of rare economic disasters. Firms are exposed to such disasters through default risk. The
effect on option risk premia remains unstudied.
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5.5 Robustness checks

My finding that there are predictive patterns in option factors that translate into
non-risk-adjusted economic gains is based on my specific model setting. Before
generalizing the findings, I must conduct reality checks on several different speci-
fications, such as data selection, estimation methods, and transaction costs. Below,
I discuss the decisions I made to verify the robustness of my results.

Factor return computation. In contrast to Kagkadis et al. (2024), Haddad et al.
(2020) estimate optimal factor weights directly in the PC space. This avoids a sec-
ond regression step to obtain factor weights, potentially reducing noise. Since PCs
are linear combinations of factor returns, I can first find the optimal PC weights
wPC, and then recover the corresponding factor weights as wR = QRwPC, where
QR contains the PC loadings. Given that the factor returns are computed as r =

PC · Q⊤
R , this transformation is valid. To ensure the factor weights satisfy the same

constraints as in Equation 12, I must impose w⊤
PCQ⊤

R 1N = 1 and −1 ≤ QRwPC ≤ 1.

Model Return Total return SD Sortino Ratio Hit Ratio Sharpe Ratio SR CI low SR CI high
arima 0.13 2.78 0.07 4.51 0.75 2.03 1.61 2.48

equal_weight 0.04 1.11 0.02 3.96 0.85 2.71 2.15 3.40
hist 0.14 2.87 0.07 3.21 0.78 2.04 1.59 2.59

linear_ens 0.20 3.96 0.08 6.77 0.81 2.43 2.03 2.96
nonlinear_ens 0.15 3.09 0.07 3.70 0.81 2.10 1.66 2.65

Table 11: Model performance overview, optimizing PC weights directly. (Haddad et al., 2020) Re-
turn: annualized excess return; Total return: the return over the entire period; SD: annualized stan-
dard deviation of returns; Sortino Ratio: downside-risk adjusted return (r̄/SD(r−), where SD(r−)
is the standard deviation of negative returns); Hit Ratio: fraction of periods with positive returns;
Sharpe Ratio: risk adjusted returns ( ¯r − rr f /SD(r)); SR CI low and SR CI high: 95% confidence inter-
val. Confidence bands are created by bootstrapping, following Ledoit and Wolf (2008): I take 1000
bootstrap samples from the return series (with replacement) and from these simulations retrieve
the confidence bands of the Sharpe Ratio. For the risk-free rate rr f , I use the 3-Month Treasury Bill
Secondary Market Rate (Discount Basis).

The results are shown in Table 11. While this direct approach does not increase
returns for most models, Sharpe Ratios are significantly higher. This observation
is likely due to the fact that estimating the covariance of six PCs involves less noise
than estimating it for 28 factor returns. With only six weights to optimize, I use
the PCs’ historical covariance matrix over the past five years. Note that the naïve
benchmark models, from which I now benefit from more accurate covariance esti-
mation, also achieve high Sharpe Ratios greater than two while still lagging behind
ensemble ML methods. These Sharpe Ratios support the idea that covariance esti-
mation introduces too much noise. Generally, using the PCs directly, as in Haddad
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et al. (2020), increases returns.

Transaction costs. Ofek, Richardson, and Whitelaw (2004) show that transaction
costs significantly reduce the returns of option portfolios. Similarly, Detzel, Novy-
Marx, and Velikov (2023) note that ignoring transaction costs lead to favoring high-
cost factors. Thus, accounting for transaction costs is crucial for a proper assess-
ment of factor timing returns and the overall economic impact of factor timing
strategies.

Since the dataset does not include actual transaction costs, I use an option illiq-
uidity proxy. I construct this proxy by calculating the option half-spread in dollar
terms and scaling the value by 20.3%. The resulting value is then multiplied by
two to account for both the opening and closing of a position. The construction of
the transaction cost proxy can be expressed as: TC Proxy = 2 · optspread · mid ·
scale/denominator. To construct factor returns net of transaction costs, I deduct
the average transaction cost proxy of the options within the long and short deciles:
Factor Returnlong − Factor Returnshort − (Avg. TC Proxylong +Avg. TC Proxyshort)

(Muravyev & Pearson, 2020; Heston, Jones, Khorram, Li, & Mo, 2023; Käfer, Mo-
erke, et al., 2025).

Model PC1 PC2 PC3 PC4 PC5 PC6
arima 0.21 0.01 0.06 -0.07 0.01 -0.03
zero_return 0.12 0.15 -0.01 -0.06 0.06 -0.04
lasso 0.45 0.06 0.01 -0.12 -0.03 -0.10
ridge 0.34 0.21 0.08 -0.01 0.11 0.04
en 0.47 0.05 0.04 -0.03 0.01 -0.15
pls 0.32 0.12 -0.40 -0.50 -0.01 -0.14
linear_ens 0.47 0.21 0.05 -0.03 0.10 -0.02
rand_forest 0.27 0.17 -0.08 -0.15 -0.05 -0.20
XGBoost 0.44 0.29 0.04 -0.11 -0.00 -0.05
Dart 0.39 0.28 0.06 -0.05 0.01 -0.10
nonlinear_ens 0.40 0.28 0.05 -0.05 0.02 -0.06

Table 12: Out-of-sample R2 for each model for predicting PCs of factor returns, net of transaction
costs.

Option factor returns net of transaction costs increases the predictability of factor
returns. Table 12 shows that linear and nonlinear ensemble estimations achieve
out-of-sample R2 of 47% and 40%, respectively. The prediction quality hence is
higher than without accounting for transaction costs. However, this improvement
does not translate into positive returns.

There are two approaches to constructing optimal factor timing portfolios: either
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include all factors, or include only those predicted to be positive (following Goyal
and Saretto (2022)). To prevent look-ahead bias, I check only whether predicted fu-
ture returns are positive. Cumulative returns are shown in Figure 10. Although
returns are slightly less negative for the strategy including all factors, neither strat-
egy achieves positive returns over the sample period. Therefore, transaction cost
mitigation strategies should be applied for predictability to translate into economic
gains.

(a) Excluding negative returns (b) Including all returns

Figure 10: Cumulative returns under different transaction cost assumptions. The left panel ex-
cludes negative returns; the right panel includes all returns. Both panels assume 20.3% of the op-
tion half spread as transaction costs, paid two times for opening and closing of position. (Muravyev
& Pearson, 2020)

Several transaction cost mitigation strategies have been proposed: One common
strategy is to optimize the holding period keeping delta-hedged options from mid-
month to maturity, thereby avoiding the cost of closing the position early (Käfer,
Moerke, et al., 2025; O’Donovan & Yu, 2024; Goyal & Saretto, 2022; Zhan et al.,
2022). Additionally, O’Donovan and Yu (2024) suggest including only options
whose quoted bid-ask spreads fall within the lowest four deciles before construct-
ing factor portfolios. They also propose eliminating the costly short leg and instead
neutralizing market volatility exposure by shorting a small position in an index
option instead. Alternatively, Muravyev and Pearson (2020) argue that intraday
trading of options can exploit periods when spreads are narrower than typically
assumed, thereby reducing transaction costs.

Linear and nonlinear ensemble strategies currently produce less negative returns.
Reducing transaction costs through the discussed strategies could push these re-
turns of these methods into positive territory. Previous research demonstrates that
delta-hedged option investments can generate positive returns after accounting for
transaction costs (see, e.g., Bali et al. (2023), Zhan et al. (2022)); hence, it is a promis-
ing prospect that factor timing can also achieve positive risk-adjusted returns net
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of transaction costs.

Training periods. I also test the use of expanding versus rolling window fore-
casts. Compared to the default rolling window forecast using 60 months of data,
an expanding window forecast significantly reduces the prediction quality of the
models. Table 13 shows that no advanced model achieves better performance on
any PC than the benchmark of zero returns. The only model that partially benefits
from using an expanding window is the ARMA model, which achieves a higher
average return than before.

Model PC1 PC2 PC3 PC4 PC5 PC6
arima -0.02 0.41 0.02 0.09 0.04 0.03
zero_return -0.00 0.31 0.09 0.04 0.11 0.01
lasso -0.18 -1.33 -5.42 -0.59 -3.25 -1.05
ridge -0.22 -3.39 -3.95 -0.60 -3.03 -0.89
en -0.16 -1.63 -5.28 -0.56 -3.08 -1.04
pls -0.16 -2.44 -6.01 -1.29 -3.67 -2.77
linear_ens -0.10 -2.12 -5.10 -0.63 -3.17 -1.32
rand_forest -0.12 -0.45 -0.66 -0.09 -0.54 -0.40
XGBoost -0.28 -3.67 -3.68 -0.65 -2.57 -1.27
Dart -0.26 -3.06 -3.70 -0.46 -2.67 -1.14
nonlinear_ens -0.18 -2.13 -2.38 -0.22 -1.73 -0.79

Table 13: Out-of-sample R2 for each model using expanding windows.

One reason for the poor performance could be structural breaks in the data.16

Structural breaks are changes in the underlying data patterns that affect model pre-
dictions. Therefore, training the models on outdated relationships between char-
acteristics and returns may distort predictions (Hansen, 2001). One observation
supports this: squared errors for all PCs increase dramatically after 2015, hinting
at a potential structural break during the GFC. This is further suggested by the
sharp increase in returns after 2015 when using a rolling window. More details on
the returns and errors can be found in Appendix E.2.

To isolate the influence of the GFC, I rerun the predictions, excluding the years
2008 and 2009. As shown in Table E1, the forecasting accuracy remains similar
to my base case. Figure E4 shows that the GFC itself does not have a significant
impact on the final returns when using a rolling window.

16I find evidence for structural breaks in PC returns. Table 3 shows that we reject the null hy-
pothesis of no structural breaks of the (Utts, 1982) Rainbow test for most PCs at 95% confidence
level.
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Option types. Bondarenko (2014) finds that historical out-of-the-money S&P 500
put options carry a premium. To check whether there is a difference in factor tim-
ing performance between put and call options, I run the analysis for both option
types separately. The R2

OOS for factor return prediction and return profile are pre-
sented in Appendix E.3.

Generally, the prediction patterns for calls and puts are similar. For both option
types, the prediction is positive for the first and third PCs. I achieve positive
Sharpe Ratios for both option types. However, the R2

OOS values are higher for
call options, indicating that their PCs are easier to predict. Nevertheless, since the
factor returns of put options are generally higher (i.e. the equal-weighted portfolio
return is larger), call factor timing portfolios have lower Sharpe Ratios than put
option portfolios.

Selection of factors. Selecting the factors with the highest in-sample PC regres-
sion fit increases the Sharpe Ratios of the factor timing portfolios. I select the five
factors with the highest adjusted in-sample R2

OOS in the PC regression. Then I only
use their predicted factor returns for the Sharpe Ratio optimization. I also use the
Ledoit and Wolf (2022) linear shrinkage of the covariance matrix, as the number
of dimensions is reduced and noise likely is lower. Results are shown in Table E6.
While the Sharpe Ratio of the equal-weighted portfolio goes down, it goes up for
factor timing portfolios. Hence, selecting the factors with the highest fit can im-
prove forecasting performance and economic results.

Characteristics construction. To isolate the effect of Kagkadis et al. (2024) ap-
proach, I leave out the dimensionality reduction of the characteristics. Table E7
shows the prediction results for factor return PCs. The R2

OOS values do not change
much overall. Nonlinear models like Dart and XGBoost perform better. Linear
models, especially Lasso and Elastic Net, perform worse. Table E9 presents the
final result of portfolio construction. The final Sharpe Ratios increase for linear
models and decrease for nonlinear ones. Overall, I do not observe a significant
marginal benefit from performing dimensionality reduction with the characteris-
tics, raising the question of effectiveness for the method of applying PCA to the
characteristics for options factors.

I also check whether the characteristics data improves prediction quality gener-
ally. Therefore, I exclude the characteristics, leaving only the non-tradable option
factors, the overall predictors, and the momentum factors of PCs as explanatory

39



variables. Table E8 shows the results. While some linear models like Lasso and
PLS perform better, others like Ridge and EN show lower accuracy. Nonlinear
models improve slightly. Table E10 presents the final economic results. Exclud-
ing the characteristics matrix from the explanatory variables reduces performance
for almost every model, except XGBoost. This suggests that including the charac-
teristics is generally beneficial, corresponding with the finding of Kagkadis et al.
(2024). Similar to equity factors, the characteristics of option factors themselves
contain predictive power for factor returns. This finding suggests that anomalies
are not purely statistical, but are linked to economically interpretable firm and op-
tion market attributes.

Data snooping. Both out-of-sample forecast evaluation and cross-validation are
methods that I use to reduce the risk of overfitting. Yet, evaluating many forecasts
increases the likelihood of data snooping (Timmermann, 2018; Giglio, Liao, & Xiu,
2021). Data snooping is the practice of formulating a hypothesis after looking at the
data, which results in invalid statistical inference. White (2000) proposes a method
to address this issue. I run the White (2000) test using stationary bootstrap to pre-
serve the time series structure of the data. The key difference from the Clark and
West (2007) approach defined in Equations 7 and 8 is that I use bootstrapping for
each PC and across models, whereas Clark and West (2007) evaluates the forecasts
across PCs for each model.

Model 1 2 3 4 5 6
lasso 2.06 0.08 -0.12 0.00 -0.07 -0.20
ridge 1.15 0.43 0.08 0.04 0.01 -0.01
en 2.23 0.08 -0.03 -0.05 -0.10 -0.18
pls 0.61 -0.11 -0.29 -0.21 -0.31 -0.24
linear_ens 2.17 0.32 0.02 0.05 0.02 -0.10
arima 0.18 0.37 -0.10 -0.00 -0.01 0.03
nonlinear_ens 1.80 0.34 -0.03 -0.04 -0.06 -0.08
XGBoost 1.72 0.21 -0.14 -0.06 -0.13 -0.15
Dart 1.84 0.35 -0.04 -0.08 -0.08 -0.07
rand_forest 1.23 0.23 -0.07 -0.13 -0.11 -0.14
p-value 0.00 0.16 0.50 0.61 0.82 0.76

Table 14: This table shows then average loss differential d̄m and the p-value of the White (2000)
reality check test. A positive loss differential d̄m > 0 means that the model is on average outper-
forming the benchmark (historical average). I use the squared loss function, 1000 bootstraps, and
a block length of 10. The p-value is defined as the proportion of bootstrapped maxima that exceed
or equal the observed.

Table 14 presents the results, confirming key observations made earlier. ML mod-
els achieve statistically significant forecasting performance for the first PC. Still,
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forecasting subsequent PCs remains a challenge, with all other PCs not being sta-
tistically significantly estimated, with a p-value of more than 16%. This is despite
the positive loss differential indicating superior forecasting performance of almost
all models.

Look-ahead bias can lead to high mean returns and Sharpe Ratios for option trad-
ing strategies. Duarte, Jones, Khorram, and Mo (2023) point out that using ex post
information to filter option return data can lead to this bias. As the option filter is
applied only at position initiation, following Bali et al. (2023), the issue of filtering
does not apply to my data. However, I use predictors that are not available during
the entire sample period. For example, the sentiment index of Baker and Wur-
gler (2006) was not available before the publication of the paper, possibly inducing
look-ahead bias.

6 Conclusion

At the highest level, my research finds that option factor returns are, in fact, pre-
dictable and that ML models can generate economically meaningful value.

My work has theoretical implications for future research. On the one hand, I find
that the cross-sectional variation in factor returns can largely be explained by a few
linear components. In this sense, option factors behave similarly to equity factors,
as both display a low-dimensional linear structure. On the other hand, when focus-
ing on the time-series dimension, I find that the factor exposures in an optimal fac-
tor timing portfolio vary considerably. Because factor risk compensation changes
over time, these shifting weights aim to capture predictable patterns in premia.
Here, no single characteristic dominates, and using a broad set of predictors is
beneficial. Hence, forecasting time-series return patterns is a high-dimensional
and dynamic problem. Taken together, these findings imply that while the factor
structure is linear and low-dimensional in the cross-section, the dynamics of risk
compensation are complex. These observations suggest that the SDF is dynamic
and state-dependent: it incorporates evolving market conditions, volatility, and
investor preferences.

Yet, three key limitations to my work should be mentioned.

First, option factor timing portfolios do not outperform an equally weighted static
factor portfolio in terms of risk-adjusted returns, due to issues associated with co-
variance estimation and prediction. Further research should focus on implement-
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ing similar methods to Kozak, Nagel, and Santosh (2020) to optimize the covari-
ance of large-dimensional return series for option factor returns. For example, one
could apply non-linear shrinkage to increase accuracy or incorporate dynamic de-
velopment of covariance instead of using a static estimate.

Second, another problem with these option factor timing portfolios is transaction
costs. Applying a proxy of about 20% of the half bid-ask spread results in nega-
tive returns. My research is limited by the data set, that only contains data from
beginning of the month to month end. Future research must account for transac-
tion cost optimization. For instance, holding options until maturity or filtering for
low-cost options could increase net returns further (O’Donovan & Yu, 2024). As
previous research proves that delta-hedged option investing can be profitable, the
application of transaction cost mitigation strategies is promising.

Third, my forecasting methods lack interpretability. Features vary significantly
across models and PCs. This makes identifying performance drivers difficult. Sec-
tion 5.3 explains this issue. Other papers could discuss feature importance more
thoroughly, covering permutation feature importance, time-varying feature analy-
sis, and the role of macroeconomic predictors, similar to Gu et al. (2020). Alterna-
tively, SHAP values could help interpret model decisions (Lundberg & Lee, 2017).

Overall, my results indicate a trade-off between forecasting accuracy and portfolio
implementation in option factor markets. While novel ML methods can predict
return patterns, turning these forecasts into profits is difficult, particularly when
considering transaction costs and risk adjustments.
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A Related literature

A.1 Option factors
Find option factors discussed in recent literature below. The review includes, but
is not limited, to many of the option factors used and described in Table B1.

Volatility and tail risk: Goyal and Saretto (2009) find that implied minus realized
volatility predicts the expected returns of options in the cross-section. Constantinides,
Jackwerth, and Savov (2013) show that adding crisis-related factors - particularly
those capturing market price jumps, volatility jumps, and liquidity - alongside
the market factor significantly reduces pricing errors. They highlight that non-
normality of option returns can complicate factor construction. Cao and Han
(2013) find that delta-hedged equity option return decreases monotonically with
an increase in the idiosyncratic volatility of the underlying stock. Similarly, Hu
and Jacobs (2020) show that the historical volatility of the underlying stock ex-
plains expected returns of options. The paper of Aretz, Lin, and Poon (2023)
adds some nuance. It reveals that option returns vary in response to changes in
volatility, depending on whether the changes are driven by systematic or idiosyn-
cratic factors. Systematic volatility increases the expected returns of in-the-money
and at-the-money calls, while decreasing the expected returns of out-of-the-money
calls. In contrast, idiosyncratic volatility negatively affects expected call returns.
Adding to this, Tian and Wu (2023) find that stochastic movements of volatility
and jump risk of the underlying that may remove the delta-hedge are option fac-
tors. Also, they discover that delta-hedge does not fully remove the remaining
risk because of limits to arbitrage. Hence, delta-hedging costs help explaining the
expected returns. Duarte, Jones, and Wang (2024) emphasize the need to clean
the microstructure noise when estimating the volatility risk premium on options.
They confirm that volatility risk is negatively priced in single-stock options, just
as it is for the S&P 500 index, especially for the heavy-volume segment of the mar-
ket. Ruan (2020) shows that the stock’s volatility-of-volatility is negatively related
with its delta-hedged option returns. When looking at the distributional proper-
ties, (Bali & Murray, 2013) find that risk-neutral skewness predicts delta-hedged
returns.

Liquidity: Christoffersen, Goyenko, Jacobs, and Karoui (2018) provide evidence
that market makers in the equity options market hold large and risky net long po-
sitions, for which positive illiquidity premia compensate them. They prove this by
calculating a risk-adjusted return spread for illiquid versus liquid equity options
based on intraday effective spreads. Kanne, Korn, and Uhrig-Homburg (2023) find
a similar effect of the underlying asset: the authors find that when the underlying
stock is illiquid, options on it tend to yield higher expected returns if end users
are net buyers. Muravyev (2016) shows that the inventory risk market makers in-
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cur leads them to shade their quotes, reducing or increasing liquidity; Resulting
imbalances in order flow then translate into higher (or lower) option prices until
inventories are rebalanced. Yuan, Liu, Chen, and Hu (2024) find option trading
volume negatively and significantly predicts the cross-section of delta-hedged op-
tion returns. This can be explained through idiosyncratic volatility and market
capitalization.

Leverage and financial risk: Frazzini and Pedersen (2022) discover that options with
higher embedded leverage alleviate investors leverage constraints more, resulting
in lower returns. Vasquez and Xiao (2024) study the default risk of the underlying
asset, measured by credit ratings or default probability. The authors find that delta-
hedged option returns are negatively related. Zhan et al. (2022) find that expected
option returns are negatively correlated with firm characteristics like stock price,
profit margin, and overall profitability. They are positively correlated with high
cash holdings, cash-flow volatility, new share issuance, total external financing,
distress risk, and analyst forecast dispersion. The authors explore channels such
as financing needs, risk exposures, and distress signaling to explain the factors. A
more separate field from financial risk, Ho, Kagkadis, and Wang (2024) show that
political risk predicts negative expected returns of options. Analyzing Brexit, the
authors find that this is driven by the jump risk coming from political uncertainty.

Momentum and market sentiment: Jeon, Kan, and Li (2025) find that stock price au-
tocorrelation determine expected option returns. Byun and Kim (2016) study the
lottery characteristics of underlying stocks. The authors find that stocks with more
lottery-like features - specifically, skewness - underperform stocks with the fewest
lottery-like features. Since this effect is stronger during periods of high investor
sentiment, increased optimism could raise the prices of these options.17 In a re-
lated matter, Boulatov, Eisdorfer, Goyal, and Zhdanov (2022) show that investor
attention to the underlying stock prices influence option prices. The authors de-
mand pressure for options on stocks that receive less attention (e.g., stocks on mini-
indices, or after stock splits). Ramachandran and Tayal (2021) analyze short sale
constraints and find that they drive equity option returns of overpriced put op-
tions. While investors drive up the demand, dealers command a high premium
as compensation for the increased market making risk. This dynamic increases
the expected returns of those puts. Yang, Aretz, Liu, and Zhang (2022) make a
connection between consumption risk and option prices. The authors observe a
positive and negative effect of consumption growth and consumption volatility,
respectively.

17The paper builds on the work of Boyer and Vorkink (2014), who discovered the relationship.
The authors focus on the intermediary effect, demonstrating that options are overpriced due to
limits on arbitrage. A recent working paper by Käfer (2025) discusses the implications of lottery
characteristics for stocks in the pharmaceutical industry.
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A.2 Two assumptions for factor timing with PCA
Haddad et al. (2020) factor-timing approach is based on two assumptions:

• Assumption 1: Asset returns are spanned by a small set of priced risk factors.
This means the SDF is a linear function of these factors.

• Assumption 2: Markets exhibit no near-arbitrage opportunities. This means
the factor covariance structure is well-behaved. These assumptions ensure
that the largest PC of returns capture true priced factors rather than noise,
making them predictable and usable for timing strategies.

B Data

B.1 General data structure

Figure B1 provides an overview of how the data is structured and from where I
take the data.

IvyDB
Option Metrics 

data set

Y
(dependent variable)

X 
(independent variable)

Other data sets

Option returns

Tradable factor values

Non-tradable factor values

Borrowing cost (US treasury 
yields, corporate bond yields)

Macroeconomics (CPI, Cay ratio)

Sentiment (Baker & Wurgler, 
short interest index)

Equity risk factors (FF5 factors)

Raw data Manipulated data ModelData source

Factor 
returns

Factor PCs

PC momentum

Factor characteristics

Momentum and spread 
characteristics

Figure B1: Simplified data pipeline. I use multiple data sources and apply various data manipu-
lation steps to get the data for my model.

B.2 Factor portfolio returns

Table B1 presents the factors used. Note that I use the same factors as used by
Käfer, Mörke, and Wiest (2025).
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Variable name Factor Reference paper
embedlev Embedded leverage Frazzini and Pedersen (2022)
hc Delta-hedging costs Tian and Wu (2023)
vr Volatility risk Tian and Wu (2023)
jr Historical jump risk Tian and Wu (2023)
vov Volatility of implied volatility Ruan (2020)
optspread Option illiquidity Christoffersen, Goyenko, et al. (2018)
hvol Historical stock volatility Hu and Jacobs (2020)
sysvol Systematic volatility Aretz et al. (2023)
ivterm Implied ATM volatility term structure Vasquez (2017)
ac Stock return autocorrelation Jeon et al. (2025)
max10 Avg. of 10 highest past returns Byun and Kim (2016)
defrisk Default risk Vasquez and Xiao (2024)
iskew Idiosyncratic skewness Byun and Kim (2016)
tskew Total skewness Byun and Kim (2016)
ivol Idiosyncratic volatility Cao and Han (2013)
ivrv Implied minus realized volatility Goyal and Saretto (2009)
amihud Stock illiquidity Zhan et al. (2022); Kanne et al. (2023)
rsi Short interest Ramachandran and Tayal (2021)
issue_1y 1-year new stock issues Zhan et al. (2022)
issue_5y 5-year new stock issues Zhan et al. (2022)
disp Analyst dispersion Zhan et al. (2022)
zscore Altman Z-score Zhan et al. (2022)
cash_at Cash-to-assets ratio Zhan et al. (2022)
ocfq_saleq_std Cash flow volatility Zhan et al. (2022)
ope_be Operating profits / book equity Zhan et al. (2022)
ebit_sale Profit margin Zhan et al. (2022)
netis_at Net total issuance Zhan et al. (2022)
log_price Stock price Boulatov et al. (2022)

Table B1: 28 option factors and their sources
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When we look at the factor portfolio returns, we see that most factors have signifi-
cant positive returns. Although they can be negative at times, most median values
are also positive.

The p-values of the Jarque and Bera (1980) test indicate that the factor returns do
not follow a normal distribution. Note that, while the factor returns are leptokur-
totic, they are not negatively skewed in comparison to monthly equity returns (that
have a fat left tail). While delta-hedged option returns are positively skewed (Bali
et al., 2023), there does not seem to be a consistent pattern in their factor returns.

Factor Mean SD Min Q1 Median Q3 Max Skew Kurt JB

log_price 0.009*** 0.015 -0.033 0.002 0.009 0.016 0.078 0.507 2.801 0.000
netis_at 0.005*** 0.013 -0.074 -0.001 0.005 0.012 0.073 -0.167 6.496 0.000
ebit_sale 0.008*** 0.013 -0.053 0.000 0.009 0.015 0.071 -0.150 2.959 0.000
ope_be 0.007*** 0.013 -0.048 0.000 0.008 0.014 0.071 -0.213 3.211 0.000
ocfq_saleq_std 0.008*** 0.012 -0.036 0.002 0.009 0.016 0.047 -0.397 0.788 0.000
cash_at 0.008*** 0.014 -0.057 0.000 0.008 0.015 0.084 0.349 4.850 0.000
disp 0.003*** 0.010 -0.042 -0.002 0.004 0.009 0.040 -0.359 2.652 0.000
zscore 0.002*** 0.012 -0.027 -0.005 0.001 0.009 0.066 1.358 4.470 0.000
issue_5y 0.005*** 0.011 -0.034 -0.001 0.006 0.012 0.061 -0.006 2.094 0.000
issue_1y 0.004*** 0.012 -0.041 -0.004 0.004 0.010 0.063 0.818 3.851 0.000
rsi 0.003*** 0.010 -0.037 -0.002 0.004 0.009 0.031 -0.401 1.444 0.000
amihud 0.005*** 0.013 -0.031 -0.003 0.004 0.012 0.048 0.160 0.847 0.003
ivrv 0.023*** 0.020 -0.023 0.011 0.019 0.032 0.100 0.945 1.239 0.000
ivol 0.008*** 0.015 -0.075 0.001 0.010 0.017 0.066 -0.852 4.724 0.000
tskew 0.002*** 0.008 -0.022 -0.003 0.002 0.006 0.045 0.532 2.533 0.000
iskew 0.002*** 0.008 -0.029 -0.003 0.002 0.006 0.030 0.142 1.231 0.000
defrisk 0.002** 0.015 -0.086 -0.004 0.003 0.010 0.049 -0.998 5.655 0.000
max10 0.006*** 0.019 -0.083 -0.003 0.009 0.016 0.072 -1.125 4.506 0.000
ac 0.001 0.008 -0.036 -0.004 0.001 0.005 0.029 -0.144 1.533 0.000
ivterm 0.009*** 0.015 -0.043 0.001 0.009 0.017 0.061 0.047 1.436 0.000
sysvol 0.001 0.018 -0.044 -0.010 -0.002 0.008 0.090 1.728 5.652 0.000
hvol 0.007*** 0.017 -0.079 -0.001 0.009 0.017 0.072 -0.847 3.925 0.000
optspread 0.002*** 0.010 -0.039 -0.004 0.002 0.007 0.032 0.049 1.812 0.000
vov 0.004*** 0.011 -0.041 -0.002 0.003 0.009 0.052 0.440 3.471 0.000
jr 0.008*** 0.010 -0.013 0.001 0.007 0.012 0.056 1.204 3.373 0.000
vr 0.010*** 0.014 -0.039 0.002 0.009 0.018 0.077 0.370 2.552 0.000
hc 0.007*** 0.013 -0.026 -0.001 0.007 0.015 0.066 0.474 1.146 0.000
embedlev 0.018*** 0.017 -0.037 0.010 0.018 0.027 0.114 0.572 3.742 0.000

Table B2: Summary statistics for factor returns. Includes mean, standard deviation (SD), quan-
tiles (Q1, Q3), range, skewness, excess kurtosis, and p-value of the Jarque and Bera (1980) test for
normality. All values rounded to 3 d.p. Means annotated with significance, based on t-statistic:
* p < 0.10, ** p < 0.05, *** p < 0.01.

B.3 Predictors

Non-traded factors. I use non-traded factors from Käfer, Moerke, et al. (2025).
Here is a list taken from their paper:

1. Intermediary capital nontraded risk (CPTL): The intermediary capital non-
traded risk factor of He, Kelly, and Manela (2017). The data is downloaded
from Zhiguo He’s website at https://voices.uchicago.edu/zhiguohe/.
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2. Economic policy uncertainty (EPU): The first difference in the economic pol-
icy uncertainty index. The data is taken from FRED.

3. Macroeconomic uncertainty (UNC): The first difference in the macroeconomic
uncertainty index lagged by one month to align the forecast to the returns ob-
served in month t (Jurado, Ludvigson, & Ng, 2015). The data is taken from
Sydney Ludvigson’s website at https://www.sydneyludvigson.com/.

4. Financial economic uncertainty (UNCf): The first difference in the financial
economic uncertainty index lagged by one month to align the forecast to the
returns observed in month t. The data is taken from Sydney Ludvigson’s
website at https://www.sydneyludvigson.com/.

5. Real economic uncertainty (UNCr): The first difference in the real economic
uncertainty index lagged by one month to align the forecast to the returns
observed in month t. Data is taken from Sydney Ludvigson’s website at
https://www.sydneyludvigson.com/.

6. Volatility risk, VIX (VIX): The first difference in the CBOE VIX index. The
data is downloaded from https://www.cboe.com/tradable products/vix/vix
historical data/.

7. Volatility-of-volatility risk, VIXVOL (VIXVOL): A range-based measure of
the volatility of aggregate volatility based on daily readings of the VIX index.
The construction follows Agarwal, Arisoy, and Naik (2017).

8. Market tail risk (SKEW): The first difference in the CBOE SKEW index which
estimates market tail risk. The data is downloaded from https://www.cboe.com/us/indices/dashboard/skew/.

9. SKEW term structure (SKEWTS): The first difference in the CBOE SKEW term
structure. It is the difference between 182d and 30d SKEW. Data downloaded
from https://www.cboe.com/us/indices/dashboard/skew/.

10. Correlation risk (ICRC): The payoff of monthly S&P 500 correlation swaps
which is the difference between the implied and realized correlation (Buraschi,
Kosowski, & Trojani, 2014).

11. Aggregate liquidity risk (LIQ): The aggregate liquidity innovation factor of
Pastor and Stambaught (2003). The data is downloaded from Robert Stam-
baugh’s website at https://finance.wharton.upenn.edu/ stambaug/ .

12. Sentiment (SENT): The sentiment index of Baker and Wurgler (2006) orthog-
onalized with respect to macroeconomic variables. The data is obtained from
Jeffrey Wurgler’s website at https://pages.stern.nyu.edu/ jwurgler/.

13. Interest rate term structure (TERM): The slope of the term structure of interest
rates. TERM is calculated as the difference between U.S. Treasury Securities
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at 10-year constant maturity and 3-month Treasury bill secondary market
rates. The data is obtained from FRED.

14. Default spread (DEF): The default spread defined as the yield difference be-
tween Moody’s AAA and BAA corporate bond yields. The data is taken from
FRED.

15. Financial Stress (STLFSI): The St. Louis Fed Financial Stress Index. Data is
obtained from FRED.

Following Horenstein et al. (2023), I control for general option market risks by
including ew_ret, an equal-weighted portfolio of all 280 decile portfolios used in
the factor construction.

C Estimation procedures

C.1 PCA

As mentioned above, PCA transforms the data in a linear way such that each re-
sulting principle component series is uncorrelated with the others. Take the vector
of factor returns xt with length n. Then linearly transform it to have the highest
variance possible q⊤t,1xt = PCt,1. Then, create another linear combination with max-
imum variance, that is also uncorrelated to q1,t,1x1,t, . . . , qn,t,1xn,t: q⊤t,2xt = PCt,2.
This is continued until PCt,n. In matrix algebra, we can write

PC = XQ, with PC ∈ RT×N, X ∈ RT×N, Q ∈ RN×N, (13)

where Q is the matrix of eigenvectors of the covariance matrix Σ of X. See Jolliffe
(2002) for a detailed discussion of derivation and properties of PCA.

C.2 Models

Benchmark. I use an ARMA model to test whether simple autocorrelation can
better explain movements in the PCs compared to factor weights or other predic-
tors. The ARMA(p, q) model is defined as:

ŷARMA
t+1 = â0 +

p

∑
i=1

âiyt+1−i +
q

∑
j=1

β̂ j ε̂t+1−j, (14)

where p and q are the autoregressive and moving average lag lengths, respectively.
The coefficients âi and β̂ j are estimated via maximum likelihood, assuming Gaus-
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sian errors. The lag orders are selected using the corrected Akaike Information
Criterion (Hyndman & Khandakar, 2008).

I test the unit root behaviour of the PCs using the ADF test. I find that all PCs
behaved like stationary time series, indicating that it is not necessary to integrate
the series for the use of ARMA models (Said & Dickey, 1984).

Linear models. The Lasso, Ridge, and Elastic Net (EN) regressions solve the
problem

β̂EN = min
β

T

∑
t=1

(yt − X⊤
t β)2 + λ


p

∑
j=1

α|β j|︸ ︷︷ ︸
L1 penalty (Lasso)

+
p

∑
j=1

(1 − α)β2
j︸ ︷︷ ︸

L2 penalty (Ridge)

 , (15)

where Xt includes a column of ones to account for a constant, yt is the respective
PC value, and p is the number of parameters. Depending on what model I use, I
adapt the values of α: it equals one for the Lasso, zero for the Ridge, and something
in between for the EN. In case of the EN regression, I choose α by cross-validation
using 0.1-steps between zero and one. The λ parameter is chosen by cross valida-
tion as well. It is the regulization strength (Tay, Narasimhan, & Hastie, 2023).

When α = 0, the Elastic Net objective reduces to Ridge regression, which applies
an L2 penalty. Through adding the sum of squares of the coefficient estimates, the
penalty shrinks coefficients toward zero. This allows the estimates to be more gen-
eral, especially in case of high dimensionality with limited number of observations
(Hoerl & Kennard, 1970) .

When α = 1, the Elastic Net reduces to Lasso regression, which applies a pure L1
penalty. Unlike Ridge regression, the L1 penalty has a sharp peak at zero, which
encourages sparsity by shrinking some coefficients exactly to zero. This leads to
automatic variable selection, as irrelevant predictors are effectively excluded from
the model. In contrast, the squared L2 penalty used in Ridge regression does not
penalise coefficients close to zero too much and keeps all coefficients nonzero, even
if small. Lasso is useful in high-dimensional settings where only a few predictors
are expected to be relevant, and interpretability is important (Tibshirani, 1996).
However, Lasso tends to struggle when predictors are highly correlated — it se-
lects one and ignores others.

The Elastic Net combines Lasso and Ridge penalties, requiring the estimation of
an additional mixing parameter. It is particularly useful when predictors are cor-
related, since Lasso tends to select only one predictor and discard the rest, whereas
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the Elastic Net allows for grouped selection and shrinkage (Zou & Hastie, 2005; Tay
et al., 2023).

As another method, I use PLS. It was introduced by H. Wold (1975). I use the
kernel method to solve the method, introduced by Dayal and MacGregor (1997).
In the following, instead of going into the mathematical details, I focus on the main
functioning of the model.

PLS regression is a dimension-reduction technique which constructs latent vari-
ables (components) as linear combinations of the initial predictors such that their
covariance with the response variable is optimized. Contrary to traditional OLS,
where predictors would induce instability or singularity when it becomes or in the
worst-case scenario of too many regressors p versus too few observations n (where
p > n), PLS merely overcomes those issues because it projects data to a lower,
smaller space that records most relevant variation of predictor matrix X with the
same predictive power in relation to the response Y. Therefore, PLS is particu-
larly valuable in high-dimensional settings, such as macroeconomic forecasting or
chemometrics, where predictors may be highly correlated and standard regression
methods do not work (S. Wold et al., 2001).

Nonlinear models. Random Forest is a ML method that builds many decision
trees and averages all the predictions to make a final prediction. Each tree is
trained using a bootstrapped subset of the data, considering only a random subset
of features at each split. This prevents overfitting and makes the method robust to
noise (Gu et al., 2020). The original algorithm was introduced by Breiman (2001).

XGBoost is a scalable implementation of gradient boosting decision trees. Trees are
built sequentially, with each one trained to correct the residual errors of the previ-
ous ensemble. It uses gradient descent to minimize a differentiable loss function
(often squared error or log loss) and includes explicit regularization (e.g., L1/ L2
penalties, tree pruning, shrinkage) to prevent overfitting. Gradient boosting was
introduced by J. H. Friedman (2001); XGBoost was developed later by T. Chen and
Guestrin (2016).

Dart (Dropout Additive Regression Trees), a variant of XGBoost, includes a dropout
mechanism during training. Some trees are randomly omitted when a new tree is
added to the ensemble. This reduces the risk of overfitting because non-generalizable
features are excluded, adding another layer of regularisation. Dart outperforms
standard boosting methods in settings where model complexity or redundancy is
high. It combines the strengths of boosting with the concept of dropout in neu-
ral networks (Gu et al., 2020). The Dart model was introduced by Rashmi and
Gilad-Bachrach (2015).
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C.3 R-packages used for ML models
I use the following R-packages in my thesis for model estimation:

• Lasso, Ridge, and Elastic Net: I use the glmnet package (J. Friedman, Hastie,
& Tibshirani, 2010; Simon, Friedman, Hastie, & Tibshirani, 2011; Tay et al.,
2023).

• Partial Least Squares: I use the pls package (Mevik & Wehrens, 2007).

• ARIMA: I use the forecast package (Hyndman & Khandakar, 2008) .

• Random Forest, XGBoost, and Dart: I use the xgboost package (T. Chen &
Guestrin, 2016).

C.4 Hyperparameter space for parameter optimization

The hyperparameter optimization is based on Bali et al. (2023). However, for
performance improvement, I modify and reduce the parameter grid minorly. Ta-
bles C1, C2, and C3 show the used hyperparameter space.

Random Forest hyperparameter Values

Max depth per tree {3, 6}
Row subsample fraction {0.7, 0.9}
Feature subsample fraction (per tree) {0.7, 0.9}
Number of trees {50, 100, 200}

Table C1: Random Forest hyperparameter space.

XGBoost hyperparameter Values

Learning rate (η) {0.03, 0.10}
Max depth per tree {3, 6}
Row subsample fraction 0.8
Feature subsample fraction (per tree) {0.7, 0.9}
Minimum child weight {1, 5}
L2 regularization (λ) {1, 5}
L1 regularization (α) {0, 0.5}

Table C2: XGBoost hyperparameter space.
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Dart hyperparameter Values

Learning rate (η) {0.03, 0.10}
Max depth per tree {3, 6}
Row subsample fraction {0.7, 0.9}
Feature subsample fraction (per tree) {0.7, 0.9}
Dropout rate (rate_drop) {0.05, 0.10, 0.15}
Dropout skip probability (skip_drop) 0.25
Sample type uniform (fixed)
Normalization type tree (fixed)
Gamma 0 (fixed)

Table C3: Dart hyperparameter space.

D Further results

real_return lasso ridge en pls linear_ens hist arima nonlinear_ens XGBoost Dart rand_forest
real_return 0.77 0.96 0.78 0.61 0.83 0.99 0.91 0.94 0.87 0.88 0.99
lasso 0.84 0.98 0.81 0.96 0.76 0.75 0.86 0.84 0.86 0.82
ridge 0.85 0.74 0.91 0.96 0.92 0.95 0.90 0.92 0.97
en 0.81 0.97 0.77 0.75 0.87 0.85 0.87 0.83
pls 0.90 0.59 0.63 0.70 0.69 0.72 0.65
linear_ens 0.82 0.82 0.90 0.87 0.90 0.87
hist 0.91 0.93 0.86 0.88 0.98
arima 0.88 0.82 0.85 0.91
nonlinear_ens 0.98 0.99 0.97
XGBoost 0.97 0.92
Dart 0.93
rand_forest

Table D1: Model forecasting correlation for PC1

real_return lasso ridge en pls linear_ens hist arima nonlinear_ens XGBoost Dart rand_forest
real_return 0.89 0.92 0.89 0.70 0.89 0.91 0.88 0.95 0.90 0.92 0.99
lasso 0.94 0.96 0.78 0.97 0.88 0.88 0.92 0.90 0.90 0.91
ridge 0.95 0.84 0.98 0.94 0.93 0.95 0.93 0.94 0.94
en 0.80 0.97 0.88 0.89 0.92 0.91 0.91 0.91
pls 0.90 0.73 0.82 0.78 0.77 0.79 0.74
linear_ens 0.90 0.92 0.93 0.92 0.93 0.92
hist 0.85 0.92 0.89 0.89 0.92
arima 0.91 0.88 0.89 0.90
nonlinear_ens 0.99 0.99 0.98
XGBoost 0.97 0.94
Dart 0.95
rand_forest

Table D2: Model forecasting correlation for PC2
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Figure D1: Scatter plot for each PC combination. By design, PCs do not have any correlation
between each other. We cannot observe any visible patterns from these graphs.

Figure D2: PC loading heatmap. We observe that for more relevant PCs, the loadings are stronger.
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Figure D3: PC loading bar chart, representing Table 5 visually. Each graph represents the loadings
for a PC.
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real_return lasso ridge en pls linear_ens hist arima nonlinear_ens XGBoost Dart rand_forest
real_return 0.90 0.93 0.90 0.68 0.89 0.97 0.93 0.94 0.89 0.91 0.99
lasso 0.95 0.97 0.77 0.97 0.93 0.92 0.94 0.93 0.92 0.93
ridge 0.97 0.81 0.98 0.97 0.95 0.96 0.94 0.94 0.96
en 0.80 0.98 0.93 0.93 0.95 0.93 0.93 0.93
pls 0.89 0.73 0.75 0.77 0.77 0.77 0.73
linear_ens 0.93 0.93 0.95 0.93 0.93 0.92
hist 0.95 0.96 0.92 0.93 0.98
arima 0.94 0.91 0.93 0.95
nonlinear_ens 0.98 0.99 0.97
XGBoost 0.97 0.93
Dart 0.94
rand_forest

Table D3: Model forecasting correlation for PC3

real_return lasso ridge en pls linear_ens hist arima nonlinear_ens XGBoost Dart rand_forest
real_return 0.83 0.94 0.82 0.79 0.89 0.95 0.93 0.95 0.91 0.92 0.99
lasso 0.90 0.94 0.81 0.96 0.87 0.83 0.85 0.82 0.84 0.84
ridge 0.89 0.85 0.96 0.97 0.94 0.96 0.93 0.95 0.96
en 0.84 0.96 0.85 0.82 0.85 0.83 0.85 0.84
pls 0.92 0.81 0.80 0.84 0.84 0.82 0.81
linear_ens 0.92 0.89 0.92 0.90 0.91 0.91
hist 0.95 0.95 0.91 0.93 0.96
arima 0.93 0.89 0.90 0.94
nonlinear_ens 0.98 0.99 0.98
XGBoost 0.96 0.94
Dart 0.95
rand_forest

Table D4: Model forecasting correlation for PC4

real_return lasso ridge en pls linear_ens hist arima nonlinear_ens XGBoost Dart rand_forest
real_return 0.89 0.95 0.89 0.67 0.90 0.95 0.94 0.95 0.91 0.91 0.99
lasso 0.94 0.97 0.69 0.96 0.93 0.91 0.92 0.91 0.89 0.91
ridge 0.95 0.71 0.96 0.98 0.97 0.96 0.94 0.94 0.96
en 0.71 0.97 0.92 0.92 0.93 0.91 0.90 0.91
pls 0.84 0.68 0.69 0.69 0.67 0.68 0.68
linear_ens 0.93 0.93 0.93 0.92 0.91 0.92
hist 0.97 0.96 0.93 0.94 0.96
arima 0.95 0.92 0.93 0.96
nonlinear_ens 0.99 0.99 0.98
XGBoost 0.97 0.94
Dart 0.95
rand_forest

Table D5: Model forecasting correlation for PC5

real_return lasso ridge en pls linear_ens hist arima nonlinear_ens XGBoost Dart rand_forest
real_return 0.88 0.92 0.88 0.82 0.90 0.94 0.91 0.95 0.91 0.92 0.99
lasso 0.95 0.98 0.86 0.98 0.91 0.91 0.94 0.92 0.93 0.91
ridge 0.95 0.90 0.98 0.97 0.95 0.97 0.95 0.96 0.95
en 0.87 0.98 0.90 0.90 0.93 0.92 0.93 0.91
pls 0.94 0.86 0.86 0.87 0.86 0.86 0.85
linear_ens 0.94 0.93 0.96 0.94 0.95 0.93
hist 0.94 0.96 0.93 0.94 0.96
arima 0.93 0.91 0.92 0.93
nonlinear_ens 0.99 0.99 0.98
XGBoost 0.97 0.94
Dart 0.96
rand_forest

Table D6: Model forecasting correlation for PC6
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Figure D4: Error values over time. Smoothed by Cleveland and Devlin (1988)
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Figure D5: Error densities for each model and PC.

Figure D6: Ridge coefficients.
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Figure D7: Lasso coefficients.

Figure D8: Elastic Net coefficients.
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Figure D9: PLS Value Importance.

Figure D10: Random Forest feature importance by gain. This shows how much a feature improves
the model’s accuracy when it is used to split the data - on average, across all trees in the model.
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Figure D11: XGBoost feature importance by gain. This shows how much a feature improves the
model’s accuracy when it is used to split the data - on average, across all trees in the model.

Figure D12: Dart feature importance by gain. This shows how much a feature improves the
model’s accuracy when it is used to split the data - on average, across all trees in the model.

74



Model Return Total return SD Sortino Ratio Hit Ratio Sharpe Ratio SR CI low SR CI high
arima 0.10 2.21 0.11 1.61 0.67 0.96 0.57 1.45

equal_weight 0.04 1.11 0.02 3.96 0.85 2.71 2.15 3.40
hist 0.06 1.33 0.11 0.85 0.62 0.54 0.08 1.02

linear_ens 0.21 4.26 0.12 3.34 0.77 1.78 1.36 2.22
nonlinear_ens 0.17 3.50 0.12 3.30 0.74 1.49 1.13 1.86

Table D7: Model performance overview using the RiskMetrics approach. Return: annualized
excess return; Total return: the return over the entire period; SD: annualized standard deviation
of returns; Sortino Ratio: downside-risk adjusted return (r̄/SD(r−), where SD(r−) is the standard
deviation of negative returns); Hit Ratio: fraction of periods with positive returns; Sharpe Ratio: risk
adjusted returns ( ¯r − rr f /SD(r)); SR CI low and SR CI high: 95% confidence interval. Confidence
bands are created by bootstrapping, following Ledoit and Wolf (2008): I take 1000 bootstrap sam-
ples from the return series (with replacement) and from these simulations retrieve the confidence
bands of the Sharpe Ratio. For the risk-free rate rr f , I use the 3-Month Treasury Bill Secondary
Market Rate (Discount Basis).

Model Return Total return SD Sortino Ratio Hit Ratio Sharpe Ratio SR CI low SR CI high
arima 0.12 2.55 0.14 1.43 0.68 0.86 0.44 1.31

equal_weight 0.04 1.11 0.02 3.96 0.85 2.71 2.15 3.40
hist 0.03 0.92 0.13 0.37 0.60 0.26 -0.18 0.76

linear_ens 0.25 4.88 0.15 3.21 0.73 1.61 1.20 2.07
nonlinear_ens 0.21 4.12 0.16 2.59 0.73 1.25 0.93 1.66

Table D8: Model performance overview using the linear Shrinkage from Ledoit and Wolf (2022).
Return: annualized excess return; Total return: the return over the entire period; SD: annualized
standard deviation of returns; Sortino Ratio: downside-risk adjusted return (r̄/SD(r−), where
SD(r−) is the standard deviation of negative returns); Hit Ratio: fraction of periods with positive
returns; Sharpe Ratio: risk adjusted returns ( ¯r − rr f /SD(r)); SR CI low and SR CI high: 95% confi-
dence interval. Confidence bands are created by bootstrapping, following Ledoit and Wolf (2008):
I take 1000 bootstrap samples from the return series (with replacement) and from these simulations
retrieve the confidence bands of the Sharpe Ratio. For the risk-free rate rr f , I use the 3-Month Trea-
sury Bill Secondary Market Rate (Discount Basis).

Figure D13: Monthly returns per model.
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Figure D14: Cumulative monthly returns in log scale.
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E Robustness checks

In this section, I include the results of different configurations that I impose to
check the robustness of my results.

E.1 Transaction costs
Figure E1 shows the development of the transaction cost proxy. As expected, the
half-spread increases during times of financial stress, such as the GFC. We observe
that the monthly spread is mostly between one and three percent. This high value
is responsible for negative returns, especially when it must be accounted for twice
(when opening and closing the position).

Figure E1: Monthly average option half spread. This data set includes all options in first and tenth
deciles of all 28 factors. The option half spread is expressed in dollar terms.

E.2 Training periods

Using the expanding window worsens the forecasts for every model. When ex-
amining the model-suggested returns in Figure E2, two observations can be made:
First, the ARMA model performs best after 2015, achieving high returns. This sug-
gests a high autocorrelation of PC returns after 2015. Second, the performance of
the ML models declines after 2015. The returns of all models except ARMA are
negative until the end of 2019.

This pattern is also reflected in the models’ squared prediction errors for the PCs.
Figure E3 shows that the squared error increases dramatically for almost all PCs
and models after 2015. This supports the hypothesis of a potential structural break
prior to 2015, possibly caused by the GFC.

Table E1 shows that the prediction quality does not significantly change when ex-
cluding the GFC. For example, the linear ensemble still is able to predict factor
returns better than the benchmark of zero.
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Figure E2: Cumulative monthly returns with expanding window.

Figure E3: Squared errors per model for each PC with expanding window.
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Model PC1 PC2 PC3 PC4 PC5 PC6
arima -0.07 0.22 -0.09 -0.06 -0.03 0.04
zero_return 0.04 0.21 -0.09 0.02 0.05 0.00
lasso 0.29 0.14 -0.04 -0.06 -0.19 -0.07
ridge 0.16 0.25 0.06 0.07 0.02 0.04
en 0.27 0.15 -0.02 -0.02 -0.10 -0.08
pls 0.07 -0.02 -0.17 -0.41 -0.10 -0.20
linear_ens 0.30 0.21 0.03 -0.00 -0.01 -0.02
rand_forest 0.16 0.18 -0.20 -0.10 -0.11 -0.17
XGBoost 0.22 0.21 -0.12 -0.11 -0.16 -0.15
Dart 0.21 0.21 -0.27 -0.04 -0.20 -0.17
nonlinear_ens 0.23 0.24 -0.12 -0.02 -0.11 -0.11

Table E1: Out-of-sample R2 for each model, excluding the years of the GFC (2008 and 2009)

This prediction quality then also affects the overall return over the period. General
return patterns do not change when excluding the GFC, as presented in Figure E4.

Figure E4: Squared errors per model for each PC with expanding window.

E.3 Option types

Tables E2 and E3 report the out-of-sample R2 values for each model when using
only call and only put options, respectively. Tables E4 and E5 provide the cor-
responding performance summaries, including annualized returns, total returns,
risk-adjusted measures, and confidence intervals for the Sharpe Ratios.
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Model PC1 PC2 PC3 PC4 PC5 PC6
arima -0.04 0.07 -0.12 0.04 -0.03 0.01
zero_return 0.03 0.17 -0.07 0.04 0.03 -0.01
lasso 0.32 0.06 -0.04 -0.27 -0.09 -0.13
ridge 0.18 0.21 0.06 -0.04 0.03 -0.00
en 0.26 0.07 -0.00 -0.39 -0.06 -0.10
pls 0.08 -0.13 -0.16 -0.47 -0.13 -0.50
linear_ens 0.32 0.16 0.03 -0.17 0.02 -0.10
rand_forest 0.21 0.10 -0.21 -0.02 -0.01 -0.20
XGBoost 0.37 0.17 -0.10 -0.06 0.00 -0.12
Dart 0.36 0.20 -0.16 -0.13 0.04 -0.15
nonlinear_ens 0.35 0.19 -0.11 -0.02 0.04 -0.12

Table E2: Out-of-sample R2 for each model, using only call options.

Model PC1 PC2 PC3 PC4 PC5 PC6
arima 0.02 0.00 -0.10 0.07 -0.04 -0.06
zero_return 0.04 0.15 -0.05 0.04 0.05 -0.03
lasso 0.10 -0.12 -0.11 -0.12 -0.13 -0.17
ridge 0.12 0.09 0.02 0.06 -0.02 0.01
en 0.13 -0.16 -0.09 -0.08 -0.15 -0.12
pls -0.16 -0.21 -0.22 -0.15 -0.47 -0.21
linear_ens 0.16 0.01 0.02 0.02 -0.12 -0.07
rand_forest 0.10 -0.00 -0.04 -0.01 -0.20 -0.15
XGBoost 0.12 0.04 -0.01 0.03 -0.12 -0.06
Dart 0.14 0.05 -0.09 0.01 -0.20 -0.02
nonlinear_ens 0.16 0.06 0.00 0.05 -0.13 -0.03

Table E3: Out-of-sample R2 for each model, using only put options.

Model Return Total return SD Sortino Ratio Hit Ratio Sharpe Ratio SR CI low SR CI high
arima 0.09 1.88 0.11 1.11 0.63 0.76 0.33 1.19

equal_weight 0.04 1.09 0.02 3.32 0.82 2.21 1.65 2.87
hist 0.05 1.14 0.11 0.65 0.61 0.44 -0.02 0.88

linear_ens 0.17 3.43 0.13 2.47 0.72 1.34 0.95 1.75
nonlinear_ens 0.18 3.57 0.13 3.35 0.69 1.34 0.99 1.75

Table E4: Model performance overview using only put options. Return: annualized excess return;
Total return: the return over the entire period; SD: annualized standard deviation of returns; Sortino
Ratio: downside-risk adjusted return (r̄/SD(r−), where SD(r−) is the standard deviation of nega-
tive returns); Hit Ratio: fraction of periods with positive returns; Sharpe Ratio: risk adjusted returns
( ¯r − rr f /SD(r)); SR CI low and SR CI high: 95% confidence interval. Confidence bands are created
by bootstrapping, following Ledoit and Wolf (2008): I take 1000 bootstrap samples from the return
series (with replacement) and from these simulations retrieve the confidence bands of the Sharpe
Ratio. For the risk-free rate rr f , I use the 3-Month Treasury Bill Secondary Market Rate (Discount
Basis).
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Model Return Total return SD Sortino Ratio Hit Ratio Sharpe Ratio SR CI low SR CI high
arima 0.14 2.94 0.09 3.19 0.72 1.62 1.19 2.11

equal_weight 0.05 1.12 0.02 5.01 0.87 2.97 2.34 3.70
hist 0.11 2.33 0.10 1.56 0.67 1.06 0.63 1.59

linear_ens 0.21 4.19 0.10 5.13 0.78 2.01 1.62 2.53
nonlinear_ens 0.16 3.22 0.11 2.70 0.70 1.37 0.98 1.83

Table E5: Model performance overview using only put options. Return: annualized excess return;
Total return: the return over the entire period; SD: annualized standard deviation of returns; Sortino
Ratio: downside-risk adjusted return (r̄/SD(r−), where SD(r−) is the standard deviation of nega-
tive returns); Hit Ratio: fraction of periods with positive returns; Sharpe Ratio: risk adjusted returns
( ¯r − rr f /SD(r)); SR CI low and SR CI high: 95% confidence interval. Confidence bands are created
by bootstrapping, following Ledoit and Wolf (2008): I take 1000 bootstrap samples from the return
series (with replacement) and from these simulations retrieve the confidence bands of the Sharpe
Ratio. For the risk-free rate rr f , I use the 3-Month Treasury Bill Secondary Market Rate (Discount
Basis).

E.4 Selection of factors

Table E6 presents a performance overview of models timing the five factors with
the best in-sample R2 in the PC regression.

Model Return Total return SD Sortino Ratio Hit Ratio Sharpe Ratio SR CI low SR CI high
arima 0.31 6.07 0.15 3.49 0.74 2.02 1.55 2.59

equal_weight 0.04 1.11 0.02 3.96 0.85 2.71 2.15 3.40
hist 0.31 6.02 0.15 2.60 0.76 2.02 1.54 2.67

linear_ens 0.28 5.46 0.16 2.35 0.75 1.77 1.26 2.38
nonlinear_ens 0.35 6.89 0.14 2.85 0.83 2.51 1.92 3.30

Table E6: Model perfomance overview timing the five factors that have best in-sample R2 in PC
regression. Return: annualized excess return; Total return: the return over the entire period; SD:
annualized standard deviation of returns; Sortino Ratio: downside-risk adjusted return (r̄/SD(r−),
where SD(r−) is the standard deviation of negative returns); Hit Ratio: fraction of periods with
positive returns; Sharpe Ratio: risk adjusted returns ( ¯r − rr f /SD(r)); SR CI low and SR CI high: 95%
confidence interval. Confidence bands are created by bootstrapping, following Ledoit and Wolf
(2008): I take 1000 bootstrap samples from the return series (with replacement) and from these
simulations retrieve the confidence bands of the Sharpe Ratio. For the risk-free rate rr f , I use the
3-Month Treasury Bill Secondary Market Rate (Discount Basis).

E.5 Characteristics construction

Table E7 and E8 show the out-of-sample R2 when leaving out the approach of
Kagkadis et al. (2024) and leaving out factor characteristics altogether, respectively.

The return summaries when leaving out dimensionality reduction of Kagkadis et
al. (2024) and without characteristics are represented in Table E9 and E10, respec-
tively.
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Model PC1 PC2 PC3 PC4 PC5 PC6
arima 0.03 0.17 -0.09 -0.00 -0.02 0.03
zero_return 0.04 0.17 -0.08 0.02 0.01 -0.02
lasso 0.22 0.07 -0.01 0.03 -0.12 -0.22
ridge 0.17 0.17 0.07 0.06 0.05 -0.05
en 0.15 0.06 -0.03 -0.02 -0.09 -0.11
pls 0.06 -0.02 -0.19 -0.25 -0.20 -0.47
linear_ens 0.26 0.15 0.05 0.05 -0.02 -0.13
rand_forest 0.19 0.14 -0.03 -0.15 -0.11 -0.18
XGBoost 0.23 0.23 0.01 -0.07 -0.13 -0.19
Dart 0.27 0.16 -0.00 -0.13 -0.13 -0.14
nonlinear_ens 0.27 0.22 0.06 -0.06 -0.08 -0.11

Table E7: Out-of-sample R2 for each model, leaving out dimensionality reduction following
Kagkadis et al. (2024).

Model PC1 PC2 PC3 PC4 PC5 PC6
arima 0.03 0.17 -0.09 -0.00 -0.02 0.03
zero_return 0.04 0.17 -0.08 0.02 0.01 -0.02
lasso 0.27 0.04 -0.09 -0.06 -0.16 -0.16
ridge 0.10 0.11 -0.05 -0.00 -0.01 -0.10
en 0.28 0.03 -0.14 -0.06 -0.09 -0.11
pls 0.11 -0.09 -0.24 -0.28 -0.17 -0.47
linear_ens 0.26 0.09 -0.04 -0.02 -0.05 -0.14
rand_forest 0.18 0.11 -0.04 -0.15 -0.12 -0.18
XGBoost 0.30 0.20 -0.07 -0.13 -0.15 -0.16
Dart 0.31 0.12 -0.08 -0.20 -0.14 -0.16
nonlinear_ens 0.31 0.20 0.02 -0.10 -0.08 -0.10

Table E8: Out-of-sample R2 for each model, excluding all characteristics in the explanatory vari-
ables.

Model Return Total return SD Sortino Ratio Hit Ratio Sharpe Ratio SR CI low SR CI high
arima 0.11 2.25 0.10 2.03 0.67 1.10 0.67 1.58

equal_weight 0.04 1.11 0.02 3.96 0.85 2.71 2.11 3.42
hist 0.07 1.67 0.09 1.44 0.66 0.81 0.38 1.24

linear_ens 0.19 3.79 0.11 4.35 0.76 1.79 1.43 2.21
nonlinear_ens 0.17 3.56 0.12 3.50 0.73 1.43 1.08 1.88

Table E9: Model perfomance overview leaving out the dimensionality reduction in characteristics
weights, following Kagkadis et al. (2024). Return: annualized excess return; Total return: the return
over the entire period; SD: annualized standard deviation of returns; Sortino Ratio: downside-risk
adjusted return (r̄/SD(r−), where SD(r−) is the standard deviation of negative returns); Hit Ratio:
fraction of periods with positive returns; Sharpe Ratio: risk adjusted returns ( ¯r − rr f /SD(r)); SR
CI low and SR CI high: 95% confidence interval. Confidence bands are created by bootstrapping,
following Ledoit and Wolf (2008): I take 1000 bootstrap samples from the return series (with re-
placement) and from these simulations retrieve the confidence bands of the Sharpe Ratio. For the
risk-free rate rr f , I use the 3-Month Treasury Bill Secondary Market Rate (Discount Basis).
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Model Return Total return SD Sortino Ratio Hit Ratio Sharpe Ratio SR CI low SR CI high
arima 0.11 2.25 0.10 2.03 0.67 1.10 0.65 1.53

equal_weight 0.04 1.11 0.02 3.96 0.85 2.71 2.11 3.36
hist 0.07 1.67 0.09 1.44 0.66 0.81 0.37 1.26

linear_ens 0.23 4.55 0.13 4.41 0.81 1.81 1.49 2.33
nonlinear_ens 0.18 3.59 0.11 3.20 0.77 1.67 1.29 2.04

Table E10: Model perfomance overview excluding the characteristics weights from the predic-
tions. Return: annualized excess return; Total return: the return over the entire period; SD: annual-
ized standard deviation of returns; Sortino Ratio: downside-risk adjusted return (r̄/SD(r−), where
SD(r−) is the standard deviation of negative returns); Hit Ratio: fraction of periods with positive
returns; Sharpe Ratio: risk adjusted returns ( ¯r − rr f /SD(r)); SR CI low and SR CI high: 95% confi-
dence interval. Confidence bands are created by bootstrapping, following Ledoit and Wolf (2008):
I take 1000 bootstrap samples from the return series (with replacement) and from these simulations
retrieve the confidence bands of the Sharpe Ratio. For the risk-free rate rr f , I use the 3-Month Trea-
sury Bill Secondary Market Rate (Discount Basis).
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F AI usage disclosure

In this section, I describe how I used artificial intelligence tools in this master’s
thesis.

Which AI tools were used and how? I used ChatGPT and Claude. Both served
two purposes: (1) they supported me as advisors in developing and refining my R
code, and (2) they helped me improve the spelling, grammar, and wording of the
written text. When working with R, I did not copy any code generated by those
tools. Since the suggestions were sometimes inconsistent, I mainly used the tool to
test whether my own code worked as intended and to get inspiration for perfor-
mance improvements. For the written thesis, I used AI to correct selected passages,
check for comprehensibility, and restructure overly complicated sentences. Since
AI occasionally neglects important information when rephrasing texts, I did not
insert its results directly, but used its suggestions to improve readability. Since
the thesis was written in LaTeX, I also used ChatGPT and Claude to assist with
formatting questions.

To what extent did these tools contribute to improving the quality of the thesis?
The targeted use of proofreading, limited rephrasing suggestions and coding aids
helped me to improve the clarity and readability of the text while ensuring that
the R code I wrote worked as expected. These applications contributed to a more
polished final document without affecting the content of the thesis.

What potential risks were identified in the use of AI, and what measures were
taken to mitigate these risks? Since I only relied on AI for linguistic revision,
coding guidance, and formatting assistance, there were no risks in terms of con-
tent. Nevertheless, AI tools can make mistakes or overlook information. To avoid
this, I double-checked every suggestion – whether linguistic, structural or coding-
related – before adopting it.

What insights were gained from using AI tools when writing the thesis? As
a non-native speaker dealing with complex academic material, I found AI-based
proofreading particularly helpful in ensuring correct and clear English. This ex-
perience also demonstrated the importance of using AI critically: it can provide
valuable inspiration and support, but must be supplemented by careful human
judgement at every step.
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