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Abstract

We fit over one thousand machine learning models for predicting stock returns,
systematically varying design choices across algorithm, target variable, feature se-
lection, and training methodology. Our findings demonstrate that the non-standard
error in portfolio returns arising from these design choices exceeds the standard er-
ror by 59%. Furthermore, we observe a substantial variation in model performance,
with monthly mean top-minus-bottom returns ranging from 0.13% to 1.98%. These
findings underscore the critical impact of design choices on machine learning pre-
dictions, and we offer recommendations for model design. Finally, we identify the
conditions under which non-linear models outperform linear models.
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1 Introduction

Machine learning (ML) models for predicting stock returns have gained substantial pop-
ularity in both academic studies and industry practice in recent years. For example,
Freyberger et al. (2020), Gu et al. (2020), and Chen et al. (2024) predict stock returns for
the United States, while Rasekhscha e and Jones (2019) and Tobek and Hronec (2021) fo-
cus on developed markets, and Hanauer and Kalsbach (2023) examine emerging markets.
Overall, these studies show that models allowing for non-linearities and interactions|such

as neural networks and tree-based models|yield superior out-of-sample (OOS) returns
compared to linear models.

However, as a still developing eld, existing studies vary considerably across several
key design choices. For instance, when predicting future stock returns, Gu et al. (2020)
and Freyberger et al. (2020) employ the excess return over the risk-free rate as the tar-
get variable, whereas Tobek and Hronec (2021) and Hanauer and Kalsbach (2023) use
the abnormal return relative to the market. While these studies use a continuous target
variable, Rasekhscha e and Jones (2019) advocate for predicting categories, such as dis-
tinguishing outperformers from underperformers. Additionally, Gu et al. (2020), Tobek
and Hronec (2021), and Hanauer and Kalsbach (2023) implement an expanding window
to train their models, while Freyberger et al. (2020) and Rasekhscha e and Jones (2019)
use rolling windows. This variety in design choices underscores the lack of common re-
search standards in machine learning for stock return predictions, making it challenging
to compare performance across studies.

In this study, we analyze the variation in seven key design choices in machine learning
studies and document the resulting di erences. These design choices include (1) algorithm,
(2) target variable, (3) target transformation, (4) post-publication treatment, (5) feature
selection, (6) training window, and (7) training sample. To assess the importance of
these choices, we examine all possible combinations, resulting in a total of 1,056 machine
learning models. Each model is trained on a common set of features for the U.S. stock
market, and we evaluate their out-of-sample performance using top-minus-bottom decile
portfolios. Thereby, we document the economic relevance of design choices and provide
recommendations for model design.

The main ndings of our study can be summarized as follows: First, we document

substantial variation in top-minus-bottom decile returns across di erent machine learning



models. For example, monthly mean returns range from 0.13% to 1.98%, with corre-
sponding annualized Sharpe ratios ranging from 0.08 to 1.82.

Second, we nd that the variation in returns due to these design choices, i.e., the
non-standard error, is approximately 1.59 times higher than the standard error from
the statistical bootstrapping process. This magnitude is comparable to or even exceeds
ndings in related studies on non-standard errors, such as ratios of 1.60 in Menkveld et al.
(2023), 1.06 in Soebhag et al. (2024), 1.10 in Walter et al. (2024), and 1.55 in Fieberg et al.
(2024). Thus, design choices in nancial machine learning are of substantial importance.
Among these choices, we nd that post-publication treatment, training window, target
transformation, algorithm, and target variable are the most in uential. Consequently,
researchers need to be particularly cautious regarding the assumptions underlying their
choices. By contrast, feature selection and training sample have little impact.

Third, we provide recommendations for design choices based on prediction goals and
economic e ects, and we identify conditions under which non-linear models outperform
linear models. For example, the recommended target variable depends on the prediction
goals. If the aim is to forecast higher relative raw returns, as is common in cross-sectional
stock return studies, the abnormal return relative to the market is more suitable than the
excess return over the risk-free rate. Conversely, if the goal is to achieve high market-risk-
adjusted returns, CAPM beta-adjusted returns are preferable, as the feature importance
shows that this target e ectively captures the low-risk e ect. Finally, non-linear ML
models signi cantly outperform linear OLS models only when using abnormal returns
relative to the market as the target variable, employing continuous target returns, or
adopting expanding training windows.

Our study makes three key contributions to the existing literature. First, we con-
tribute to the body of research that employs machine learning models for stock return
prediction (Rasekhscha e and Jones, 2019; Freyberger et al., 2020; Gu et al., 2020; Tobek
and Hronec, 2021; Azevedo et al., 2023; Cakici et al., 2023; Hanauer and Kalsbach, 2023;
Howard, 2024). These studies typically apply specic design choices when tuning the
machine learning models. However, these choices often vary across studies. In contrast,
we assess the importance of seven key design choices by systematically analyzing all pos-
sible combinations. Consequently, we validate the replicability of the machine learning

predictions and provide deeper insights into the performance variations resulting from



these di erent choices. Our study is also related to Bali et al. (2024), who analyze the
stock-level variation of 100 machine learning predictions as a predictive signal for the
cross-section of stock returns. Unlike our study, they focus on the variation itself as a
predictive signal. Furthermore, the 100 di erent return predictions are derived solely from
random forest models that randomly select 76 features from a total set of 153 features,
without varying other design choices.

Second, we contribute to studies that provide guidelines for nance research. For
instance, Ince and Porter (2006) o er guidelines for handling international stock market
data, Harvey et al. (2016) propose a higher hurdle for testing the signi cance of potential
factors, and Hou et al. (2020) recommend methods for mitigating the impact of small
stocks in portfolio sorts. By o ering guidance on design choices for machine learning-
based stock return predictions, we help reduce uncertainties in model design and enhance
the interpretability of prediction results.

Finally, we contribute to the literature on non-standard errors in nance. Menkveld
et al. (2023) introduce the concept of non-standard errors and apply it to six hypotheses
using EuroStoxx 50 index futures data. Soebhag et al. (2024) and Walter et al. (2024)
apply this concept to stock portfolio sorts and factor constructions, while Fieberg et al.
(2024) focus on cryptocurrency portfolio sorts. These studies nd that non-standard
errors are often more prominent than standard errors. We con rm that design choices
play a crucial role in machine learning-based return predictions, with non-standard errors
of similar or even higher magnitude.

In an independent and contemporaneously written working paper, Lalwani et al. (2024)
also investigate the role of methodological choice on the performance of machine learning
strategies. However, in contrast to our study, they primarily focus on the e ect of di erent
sample lters, such as size, price, age, and industries, and di erences in evaluation choices,
such as the number of quantiles or portfolio weighting. More importantly, they do not
investigate the e ects of design choices related to target, target transformation, post-
publication treatment, and feature preselection. The reported ratio of 1.99 of the non-
standard error with the standard error for gross value-weighted returns is slightly higher
than in our study.

Our study has important implications for machine learning research in nance. A

deeper understanding of the critical design choices is essential for optimizing machine



learning models, thereby enhancing their reliability and e ectiveness in predicting stock
returns. By addressing variations in research settings, our work helps researchers demon-
strate the robustness of their ndings and reduce non-standard errors in future studies.
This, in turn, allows for more accurate and nuanced interpretations of results.

The remainder of this study is structured as follows: In Section 2, we describe our
data, data sources, the seven identi ed research design choices, and portfolio performance
measurements. In Section 3, we examine the impact of these seven choices and compare
standard errors with non-standard errors. In Section 4, we provide a guide to these design

choices. Section 5 summarizes our ndings.

2 Data and methodology

2.1 Data

Our analysis is based on U.S. common shares (codes 10 and 11) that are listed on NYSE,
NYSE MKT (formerly AMEX), or NASDAQ. We retrieve monthly market data from

the Center for Research in Security Prices (CRSP) and merge it with return predictors
from the Open Source Asset Pricing (OSAP, March 2022 version) library of Chen and
Zimmermann (2022). We select the 163 clear and 44 likely predictors as the lagged
features in the machine learning algorithms. Our sample period ranges from January
1957 to December 2021.

To mitigate the impact of small and illiquid stocks, we exclude microcaps, which
are de ned as stocks with a market capitalization below the 20th percentile of NYSE
market capitalization (cf., Hou et al., 2020). After lItering, we have 1,632,495 monthly
observations and a monthly average of 2,093 stocks.

Finally, we follow Gu et al. (2020), Avramov et al. (2023), Leippold et al. (2022),
Hanauer and Kalsbach (2023), and Howard (2024) in preprocessing the features. More
speci cally, we cross-sectionally rank the stocks each month by each characteristic into

the [-1, 1] interval. In case of missing feature values, we set the value té 0.

Moreover, we incorporate delisting returns and compute the short-term reversal, price, and size
characteristics following the code by Chen and Zimmermann (2022).

2We do not treat the data preprocessing as a key machine-learning design choice but follow the most
common choice. By adhering to this common preprocessing procedure, we limit computational e orts as,
e.g., humerous ways exist to handle missing values (cf., Bryzgalova et al., 2024; Freyberger et al., 2024).
Therefore, the variation in the resulting returns of machine-learning portfolios might be even higher when



2.2 Research design choices

When predicting stock returns using machine learning algorithms, researchers and prac-
titioners face a number of important methodological choices. We identify such variations
in design choices in several published machine-learning studies, all of which predict the
cross-section of stock returns. More speci cally, these studies include Gu et al. (2020),
Freyberger et al. (2020), Avramov et al. (2023), and Howard (2024) for U.S. market,
Rasekhscha e and Jones (2019) and Tobek and Hronec (2021) for global developed mar-
kets, Hanauer and Kalsbach (2023) for emerging markets, and Leippold et al. (2022) for
the Chinese market. In total, we identify variations in seven common research design
choices across these studies, and we categorize them into four main types regarding the
algorithm, target, feature, and training process. Table 1 summarizes the specic design

choices of these studies.
[Table 1 about here.]

Note that we focus on design choices regarding the setup of the model training and
do not consider di erences with respect to the sample period, the set of features, or the
portfolio construction to evaluate the predictions® Figure 1 illustrates the seven research

design choices. In the remainder of this section, we explain each choice in more detail.

[Figure 1 about here.]

2.2.1 Algorithm (N=11)

The investigated studies use a variety of algorithms to predict stock returns, covering both
linear prediction models and models that allow for non-linearities and interactions. Linear
models comprise simple linear models such as ordinary least squares (OLS), penalized
linear models such as least absolute shrinkage and selection operator (LASSO) or elastic
net (ENET), or linear predictions that reduce dimensions such as principal component
regression (PCR). Models that allow for non-linearities and interactions include tree-
based methods such as random forest (RF) and gradient-boosted regression trees (GB),

and neural networks (NN).

considering di erent data preprocessing choices.
3Soebhag et al. (2024) and Walter et al. (2024) investigate design choices regarding portfolio sorts
and factor construction.



Covering all available algorithms is beyond the scope of this study. Therefore, we
select eleven representative machine learning models, including two linear models with
ordinary least squares (OLS) and elastic net (ENET) regression, two tree-based models
with random forest (RF) and gradient-boosted regression trees (GB), ve neural network
models with one to ve hidden layers (NN1, NN2, NN3, NN4, NN5), one forecast com-
bination model of all neural networks (ENS NN), and one forecast combination model
of all non-linear machine learning algorithms (ENS ML}. The forecast combination is
the simple average across all the monthly predictions from each constituent model. We
provide a more detailed description of the models in Appendix A.

Hyperparameter tuning is also a crucial step in the training of a machine-learning
model. Hyperparameters are external con guration settings that are not learned from the
data but rather set before the training process begins. Most of the machine learning papers
employ hyperparameter tuning. By ne-tuning the hyperparameters, we can enhance
the model's predictive accuracy. Note that di erent algorithms have their own set of
hyperparameters, and we cover a broad range of hyperparameters commonly used in
previous studies, detailed in Appendix Table B.1. We train our models once a year in
December and then use the tuned model to make out-of-sample predictions for each of

the following twelve months based on the latest monthly data.

2.2.2 Target Variable (N=3)

There are three main choices of target variable in the literature: the stock excess return
over the risk-free rate (RET-RF), the stock outperformance over the market return (RET-
MKT), and the risk-adjusted return (RET-RISK).

Using the excess return over the risk-free rate is the most common choice (cf., Frey-
berger et al., 2020; Gu et al., 2020; Avramov et al., 2023; Leippold et al., 2022). While
the excess return over the risk-free rate is the dependent variable in asset pricing models,
it seems a surprising choice when one focuses on the \cross-section of stock returns,” i.e.,
the stock returns relative to other stocks and not the premium of a stock over the risk-free

rate.

4ENS NN takes the simple average forecasts from NN1 to NN5. ENS ML takes the average of ENS
NN, RF, and GB.

5The e ectiveness of our process is demonstrated in Figure B.1 in the Appendix, where we tune
models based on the most common choices and observe results similar to Gu et al. (2020), Tobek and
Hronec (2021), or Hanauer and Kalsbach (2023).



Therefore, Tobek and Hronec (2021) and Hanauer and Kalsbach (2023) use the abnor-
mal return relative to the market return as the return target. They argue that removing
this common market element increases the signal-to-noise ratio. In this paper, we com-
pute the abnormal stock return as the monthly stock return minus the value-weighted
return of all stocks in our sample.

Finally, Rasekhscha e and Jones (2019) argue that most investors want to outperform
net of risk, so a natural approach is to de ne performance categories for risk-adjusted
return. To adjust for risk, various methodologies can be employed, including volatility-
adjusted returns or alphas from an appropriate risk model, such as the capital asset pricing
model (CAPM), the Carhart (1997) four-factor model, or the Fama and French (2015)
ve-factor model. In our analysis, we apply the CAPM-adjusted return as a representative
measure, which involves deducting the product of the stock's beta (item Beta in Chen and
Zimmermann, 2022) and the market excess return from the stock excess return, where
excess return refers to the total return over the risk-free rate.

All target variables represent one-month-ahead returns. We do not investigate the
prediction horizon as a separate design choice, as all of the above-mentioned studies focus
on predicting one-month forward returns. Furthermore, Blitz et al. (2023) investigate the

e ects of training on longer prediction horizons in detail.

2.2.3 Target Transformation (N=2)

Machine learning algorithms can forecast both continuous and discrete variables. For
instance, Gu et al. (2020) employ a regression scheme to predict stock returns directly. In
contrast, Rasekhscha e and Jones (2019) suggest predicting categories, such as outper-
formers versus underperformers for a speci c target, and nally, getting the probability

of outperforming the market for each stock.

In this context, we de ne two types of transformation for target variables: the raw
return without any transformation (RAW) and the transformation to dummy variable
(DUMMY), which is 1 if the target (RET-RF, RET-MKT, or RET-RISK) is greater than
zero, and is 0 otherwise. These two schemes yield di erent target variables and provide

distinct market information.



2.2.4 Post Publication (N=2)

McLean and Ponti (2016) document a strong post-publication e ect in the U.S. mar-
ket. They nd that the variable returns decline by 26% out-of-sample and 58% post-
publication. Most machine learning papers do not Iter variables based on publication
date. In contrast, Tobek and Hronec (2021) allow only published anomalies to enter
predictions in each year. Therefore, we also consider the inclusion and exclusion of the
post-publication e ect as one research design choice.

We obtain the anomaly's publication year from Chen and Zimmermann (2022). When
training the machine learning models at the end of year t, we incorporate only those
characteristics that were published prior to the end of year t. In other words, we exclude

all the unpublished characteristics to account for the post-publication e ect.

2.2.5 Feature Selection (N=2)

Jointly using all available features from Chen and Zimmermann (2022) might lead to
problems in the model training in case the features are highly correlatéd Freyberger

et al. (2020) also argue that it is crucial to investigate which characteristics can provide
independent incremental information for the cross-section of expected returns and apply
a LASSO-based feature selection in a rst step. Incorporating such a pre-selection, on the
one hand, may enhance the signal-to-noise ratio and achieve better results. On the other
hand, the non-selected features may still contain (non-linear) information about future
returns or useful features for interactions.

In our study, we consider two research design choices: using all available features or
performing a feature pre-selection via a LASSO regression. The LASSO method intro-
duces a penalty term and gives a weight of zero to less important features, thus e ectively
discarding irrelevant features and mitigating over tting. We then only utilize the pre-

selected features to predict the one-month-ahead returns.

2.2.6 Training Window (N=2)

It is a common practice to split the data into training/validation/test subsamples. The

two main approaches for de ning the training window and sample splitting are the rolling

6Cochrane (2011) coined the term \factor zoo" and asks for a consolidation. To this end, Swade et al.
(2024) show that a set of more than 150 factors can be spanned by 15 factors.



scheme and the expanding scheme.

The expanding scheme is the most widely used. For instance, Gu et al. (2020), Tobek
and Hronec (2021), Leippold et al. (2022), and Hanauer and Kalsbach (2023) apply this
scheme. The main idea is to use all available data to predict future returns. In this study,
we follow Gu et al. (2020) and apply an expanding window with a minimum of 30-year
data. In our case, the rst training data comprises the rst 18 years, spanning from
January 1957 to December 1974. The initial validation data covers the next 12 years,
from January 1975 to December 1986. Consequently, our rst out-of-sample prediction is
made for January 1987. Thereafter, we recursively increase the training sample by 1 year,
keep the length of the validation sample constant, and make the OOS prediction over the
subsequent year.

On the one hand, a rolling scheme results in more adaptive models that incorporate
only more recent data that might be more representative of the current environment.
Rolling windows are used, for instance, by Rasekhscha e and Jones (2019) and Freyberger
et al. (2020). Avramov et al. (2023) further apply various training windows. Following
Freyberger et al. (2020), we apply a rolling window of 10-years. To have the same split
as in the initial expanding window, the rst 6 years are used for training, while the
subsequent 4 years are used for validation. The rolling window holds the length of both
the training and validation sample xed. To ensure comparability of prediction results,

our rst OOS prediction is also made for January 1987.

2.2.7 Training Sample (N=2)

Sometimes, researchers may select di erent training samples. For example, Avramov et al.
(2023) use the full sample, non-microcaps, and other subsamples to make predictions.
Howard (2024) nds that training separate models for di erent market capitalization
groups results in better performance, especially for value-weighted portfolios. In this
study, we consider two di erent choices regarding training samples. In the rst scenario,
the training and prediction samples are the same. The models are trained on all-but-micro
stocks and predict the same set of stocks. In the second scenario, we train the models
on all stocks (micro and non-micro stocks) but only predict the subset of all-but-micro

stocks. On the one hand, the large training sample has more observations and might

"There are also some papers using a xed scheme by training and validating the model only once,
primarily due to capacity in computational resources, such as Jiang et al. (2023).
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provide more information. On the other hand, if microcaps have structurally di erent

return drivers, adding these to the training might do more harm than good.

2.3 Methodology

Training the machine learning models that re ect all possible combinations of choices
resultsin11 3 2 2 2 2 2 =1;056 models, in total. For each model and
month, we obtain the one-month-ahead prediction for each stock from January 1987 to
December 2021, a total of 35 years or 420 months. Next, we allocate stocks into decile
portfolios based on these predictions and follow the recommendation of Hou et al. (2020)
by using NYSE breakpoints and computing value-weighted portfolio returns. Finally, we
get a long-short return time series for each model by taking a long position in the top
decile with the highest predictions and a short position in the bottom decile with the
lowest predictions. Based on these long-short returns, we further derive the metrics to
compare the standard error versus the non-standard error.

The traditional standard error is the sampling error of the population. Following
Soebhag et al. (2024) and Fieberg et al. (2024), we estimate the standard errors by
employing a block bootstrapping approach for each given set of construction choices. We
split the 420 months into 210 adjacent pairs of months. In each simulation, we draw a
random sample of 210 pairs with replacements to generate a simulated times series of long-
short portfolio returns. We repeat this simulation process 10,000 times for each individual
model. Subsequently, the standard error is calculated as the standard deviation of returns
obtained from block bootstrapping. This provides us with a measure of the uncertainty
associated with a given model's performance, considering the given set of research design
choices.

On the other hand, the non-standard error is de ned as the standard deviation of the
generated portfolio returns across the 1,056 possible construction models. According to
Menkveld et al. (2023), the non-standard error represents the uncertainty in the variation
across choices made by researchers in the evidence-generating process, and it adds an
additional layer of error to the analysis.

By comparing these two metrics, we can determine whether the non-standard error
exceeds the standard error. This comparison is crucial as it demonstrates that ML-

predicted returns are not solely dependent on input characteristics but also in uenced by
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the research design choices.

3 Empirical results

3.1 Overview of machine learning portfolios

Next, we investigate the performance dispersion of the di erent machine-learning strate-
gies resulting from di erent design choices. Figure 2 shows the cumulative performance
of the 1,056 long-short portfolios. Each line represents the performance of one speci ¢ set

of research design choices.
[Figure 2 about here.]

The gure shows that the variation in design choices leads to a substantial variation
in returns. A hypothetical $1 investment in 1987 leads to a nal wealth ranging from
$0.94 (annual compounded return of -0.17%) t&2,652 (annual compounded return of
24.48%) in 2021. The best model is associated with design choices of Algorithm (ENS
ML), Target (RET-MKT, RAW), Feature (No Post Publication, No Feature Selection),
and Training (Expanding Window, ExMicro Training Sample). On the other hand, the
worst-performing model is associated with the design choices of Algorithm (RF), Target
(RET-CAPM, RAW), Feature (Yes Post Publication, Yes Feature Selection), and Training
(Rolling Window, All Training Sample). The details of the top- and bottom-performing
models are documented in Appendix Table B.2. Apart from that, we also observe that
all the machine learning models perform worse in recent years, particularly after 2004,
which aligns with the ndings of Blitz et al. (2023).

We proceed to analyze the impact of research design choices based on the value-
weighted long-short portfolio returns over the entire 420-month period. We focus on the
value-weighted return to mitigate the bias toward small stocks. The portfolio returns are

arranged in ascending order and visualized in Figure 3.
[Figure 3 about here.]

We nd that machine learning models exhibit large variations in portfolio returns
within our set of possible construction methods. Depending on how we train the models,

the monthly returns vary between 0.13% to 1.98%. Besides, 80% of the models fall within
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the range of 0.56% (10th percentile) to 1.47% (90th percentile). The remaining models
generate either very high or very low returns, so the graph exhibits steeper slopes at both
ends.

This substantial dispersion among the models signi es the importance of carefully
considering the research design choices as they signi cantly impact the performance out-

comes.

3.2 Decision choice impact

In this subsection, we examine the impact of each individual research design choice on
portfolio returns. We aim to assess the e ects in more detail both within and across
seven decision choices. Figure 4 shows the portfolio returns in a box plot with the mean,

median, rst quartile, third quartile, minimum, and maximum values.
[Figure 4 about here.]

The algorithm choice contains eleven alternatives, comprising linear methods (OLS,
ENET), tree-based methods (RF and GB), neural networks with one to ve hidden layers
(NN1-NN5), as well as an ensemble of all neural networks (ENS NN) and an ensemble of all
non-linear ML methods (ENS ML). The results show that the composite methods exhibit
higher mean and median portfolio returns than the other nine individual algorithms.
While our primary focus is not to compare individual algorithms, we notice that the neural
networks (NN) display better performance, whereas random forest (RF), on average,
performs the worst.

The superior performance of the ensemble model underscores the e cacy of forecast
combination techniques, as they help reduce noise and provide more accurate information
by focusing on the relationships that are robust to di erent algorithms. This supports
the notion that forecast combination methods can outperform even the best individual
forecasts, as discussed in Timmermann (2006) in general and shown in machine-learning
studies for stock return prediction in Rasekhscha e and Jones (2019) and Hanauer and
Kalsbach (2023). Therefore, we suggest using the forecast combination in practical appli-
cations.

Among the three choices in the target variable, the abnormal return relative to the

market (RET-MKT) exhibits the highest portfolio returns. In contrast, the most popular
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design choice, the excess return over the risk-free rate (RET-RF), performs worst. This
suggests that for models aiming to predict relative returns, a target that measures returns
relative to the market can help increase the signal-to-noise ratio. More speci cally, the
average portfolio returns of RET-MKT is approximately 13% higher than that of RET-
RF. This indicates that abnormal returns relative to the market might potentially provide

a more e ective framework than the commonly used excess return approach.

Regarding the target transformation, the continuous target exhibits an average return
that is 17% higher than that of the discrete target. It seems that the dummy target
variable, which only classi es stocks as outperformers or underperformers, may lose some
valuable information, thereby compromising prediction results in some combination of
design choices.

When considering the included features, the post-publication has the strongest e ect
within our set of choices. Including all the characteristics at all times results in a mean
return of 1.28% per month, while excluding the unpublished characteristics during each
training period leads to a considerably lower return of 0.75%. In other words, when not
considering the post-publication e ect, the portfolio performance is 71% higher. This nd-
ing aligns with McLean and Ponti (2016) and underscores the importance of accounting
for the post-publication e ect in practice.

The choice of feature pre-selection, by contrast, has little impact on the average port-
folio performance. When no pre-selection is applied, we observe a mean return of 1.03%,
while implementing the LASSO method to eliminate the irrelevant features results in al-
most the same return of 1.01%. Therefore, feature pre-selection had little improvement,
and machine learning algorithms can e ectively disregard redundant featurés.

When tuning to the training process of the machine learning algorithm, the choice of
training window has a notable impact. The expanding training window contains more
historical information, and it has a higher average return of 1.12%. In contrast, the rolling
method with a short training window may not capture the whole business cycle, and it has
a lower return of 0.92%. The expanding window is 22% higher. Therefore, the training
window also comes out as one of the more important design choices.

Finally, we discuss the design choice regarding the training sample, which seems to

8In this study, we only apply a simple LASSO method. A more advanced feature selection method
combined with domain knowledge, such as adaptive group Lasso by Freyberger et al. (2020), might yield
greater improvement.
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have little impact. When training the model on a large dataset with all rms and using
this trained model to predict the all-but-micro stocks, we observe almost no increase in the
average portfolio returns. Therefore, it seems that two e ects, having more information
vS. group-speci ¢ information, seem to balance otft.

All the design choices we examined demonstrate the expected impact on the portfolio
returns, albeit with varying magnitudes. When comparing di erent categories of design
choices, we nd that post-publication has the most signi cant impact on the portfolio
returns, followed by training window, and target transformation. The feature preselection
and training sample shows the smallest di erences among the design choices we explored.

Additionally, we provide supplementary information in Table 2, which reports the sum-
mary statistics of the seven decision choices. Apart from the monthly portfolio returns,
it also documents the monthly standard deviation, annualized Sharpe ratios, standard
error, and non-standard error in each decision group. These statistics reveal substantial
variation in portfolio performance within each category of design choices. These ndings
highlight the importance of considering each design choice carefully, as they can have

substantial e ects on the performance and variations of the machine learning models.

[Table 2 about here.]

3.3 Non-standard error versus standard error

Next, we compute the non-standard error and compare it with the estimated standard er-
ror. The standard error is based on the traditional statistical perspective, and it measures
the uncertainty in the sampling approach to estimate the population parameters. In our
analysis, the standard error is equal to the standard deviation of the long-short portfolio
returns derived from block bootstrapping. By contrast, the non-standard error captures
the uncertainty in research design choices. It is equal to the standard deviation of the
portfolio returns of di erent models. We estimate the non-standard error either within
each of the seven categories of design choices or for all 1,056 combinations. By examining

both the standard and non-standard errors, we gain a comprehensive understanding of the

%t is important to note that we focus solely on the liquid universe of stocks to ensure the results
are not biased towards micro stocks. However, if we construct the long-short portfolios using all stocks,
we can obtain signi cantly higher returns than the long-short portfolios comprising all-but-micro stocks.
This can be attributed to the fact that micro stocks tend to have higher returns, which can drive up the
overall return of the long-short portfolio. This nding is also consistent with Avramov et al. (2023), who
compare four di erent samples, including full, non-micro, credit rating, and non-downgrade samples.
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sources of uncertainty in machine learning predictions. This allows us to assess the overall
impact of research design choices on the variability of the resulting portfolio returns.

We rst compare the standard error and non-standard error for each category of re-
search design choices in Table 2. The standard error remains quite stable across di erent
research design choices, with values around 0.23. Moreover, regardless of the decision
choices considered, the non-standard error consistently surpasses the standard error. This
indicates that the variation resulting from the di erent design choices introduces addi-
tional sizeable uncertainty beyond the traditional statistical sampling process.

Then, we compare the overall standard error with the overall non-standard error in
Figure 5. We de ne the overall non-standard error as the standard deviation of mean
returns across 1,056 speci cations, and we obtain a value of 0.36. The overall standard
error is derived from the block bootstrapping approach. The mean standard error is
equal to 0.23, with a maximum value of 0.35 and a minimum value of 0.15. Therefore, the
non-standard error is 1.59 times the mean standard error and even exceeds the maximum

value of the standard error.
[Figure 5 about here.]

This nding suggests that the non-standard error resulting from design choices for
machine learning predictions is sizable relative to the standard errors, and the ratio is
comparable or higher to the ratio reported in other studies. For example, Menkveld et al.
(2023) observe a ratio of 1.60 regarding researcher discretion in nance experiments, while
Soebhag et al. (2024) report a ratio of 1.06, and Walter et al. (2024) observe a ratio of 1.10
in the context of constructing asset pricing factors. These comparisons suggest that the
variations in machine learning design choices can be even more pronounced than those of
other tasks in nance research. The researchers and practitioners have a very high degree
of discretion in building machine learning models. In summary, we reinforce the crucial

role of research design choices and the importance of reducing non-standard errors.

3.4 Variation in feature importance

Given the substantial variation in portfolio returns due to di erent design choices, the
guestion arises of whether certain features cause this variation. To investigate this ques-

tion, we analyze the variation in feature importance based on Shapley (1953) additive

15



explanations (SHAP) values across all models. Figure 6 visualizes the variation in the top
20 most important features via box plots showing the mean, median, rst quartile, third
quartile, minimum, and maximum feature importance values. The features are ranked by

their interquartile range (IQR).
[Figure 6 about here.]

The results in Figure 6 show that the interquartile range that is largest for the trend
factor (TrendFactor), momentum (Mom12m), beta (Beta), short-term reversal (STrever-
sal), and analyst earnings revisions (AnalystRevisions). Interestingly, these features not
only show the highest variation but also have the highest average feature importance (cf.,
also Figure 7 in subsection 4.2), underscoring their role as key drivers of portfolio return

variations.

4 Guide for design choices

4.1 Signi cant design choices

Having highlighted the higher non-standard errors in machine learning for stock return
predictions and con rmed that the design choices matter, we next analyze which design
choices have signi cant in uence and o er guidance on how to e ectively apply machine
learning to nance.

To do this, we rst examine the di erences in average portfolio returns between each
category's best design choice and the rest of the models. We conduct a panel regression of
monthly long-short portfolio returns on seven dummy variables for design choices. Each
dummy variable is set to 1 for the best design choice within each category and O for
others. The panel regression includes month- xed e ects, with standard errors clustered

by month. The result is documented in Table 3.
[Table 3 about here.]

Notably, the post-publication e ect has the most substantial in uence, with a 0.52%
(t-stat of 6.19) higher monthly returns when including still unpublished characteristics in
the feature set. This nding is in line with the results in McLean and Ponti (2016). The

second most in uential design choice is the training window, where an expanding training
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window results in a 0.20% (t-stat of 1.90) higher monthly return compared to a rolling
window, suggesting that models trained on the full history are more robust despite being
less adaptive. Target transformation is next, with continuous targets achieving 0.16% (t-
stat 1.38) higher returns on average than dummy targets, although the di erence is not
statistically signi cant. Similarly, using abnormal return relative to the market (RET-
MKT) as the target variable outperforms both excess return and risk-adjusted return with
about 0.12% per month economically, but not statistically (t-stat of 0.90).

Regarding algorithm choices, composite ML algorithms perform best, yielding an av-
erage return that is 0.08% (t-stat of 2.17) higher than the average of all other algorithms,
con rming that forecasts ensemble can even outperform the best underlying individual
forecasts (cf., Timmermann, 2006).

In contrast, feature selection and training sample have minimal impact, resulting in a
negligible di erence in portfolio returns of only 0.02% each, which are also statistically in-
signi cant (t-stats of 1.06 and 0.42, respectively). Thus, pooling all features for prediction
appears to work well, and feature preselection adds little value. Additionally, including
micro stocks in the training sample o ers minimal bene t for predicting non-micro stocks,
as micro stocks may possess inherently di erent properties and structures, thereby intro-
ducing additional noise into the model. This suggests that aligning the training sample
with the evaluation sample is su cient.

Therefore, our analysis highlights the importance of key design choices that impact
portfolio returns, including post-publication e ects, training window, target transforma-
tion, algorithm selection, and target variable. After analyzing the di erences in average
portfolio returns, we proceed to evaluate the economic impact of some of these signi cant

design choices in more detail.

4.2 Target variable and evaluation metrics

The selection of the target variable in machine learning usually depends on the invest-
ment objective. Some investors focus on absolute portfolio returns, while others may
prioritize risk-adjusted returns. We have demonstrated that targeting market-adjusted

return performs better than the commonly used excess return when applying the raw
portfolio return as the evaluation metric. In this subsection, we further analyze the case

for maximizing risk-adjusted return, such as the CAPM alpha.
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Following our previous procedure, we construct the long-short portfolio by taking a
long position in the top decile with the highest predictions and a short position in the
bottom decile. Instead of calculating the raw portfolio return, we further adjust it for the
market factor to obtain the portfolio's CAPM alpha as the evaluation metric.

The impact of most design choices remains consistent, as illustrated in Appendix Fig-
ure B.2. Similar to the previous results, algorithm selection, post-publication adjustment,
and training window continue to have a signi cant in uence, while feature selection and
training sample do not exhibit a strong e ect. However, we nd a notable di erence for
the target category. Speci cally, the target variable with RET.CAPM now shows the best
performance, and the target transformation has less in uence.

The comparison between the two evaluation metrics is shown in Table 4. When using
long-short portfolio returns, RET_MKT performs best with a portfolio return of 1.16%
per month, higher than RET_RF (1.07%) and RET_.CAPM (1.07%). In contrast, for long-
short portfolio CAPM alpha, RET _CAPM performs best at 1.35%, followed by RETMKT
(1.21%) and RET.RF (1.12%).

[Table 4 about here.]

To rationalize these ndings, we perform a feature importance analysis based on Shap-
ley (1953) additive explanations (SHAP) values (cf., Lundberg and Lee, 2017). The result
in Table 5 indicates that short-term reversal (STreversal) and trend factor (TrendFactor)
are the most important rm characteristics for the overall models. In contrast, the beta
factor (Beta) becomes the most important feature for the models with the target of
RET_CAPM. The machine learning algorithm e ectively picks up the low beta e ect,
achieving better performance with this target. Therefore, the design choice of the target
variable depends on the evaluation metrics, and it needs to be aligned with the investment

objective.
[Table 5 about here.]

In conclusion, the design choice of the target variable critically depends on the eval-
uation criteria. Besides, the evaluation metrics have a more substantial impact on the
choice of target, while the conclusions regarding algorithm, feature, and training are robust

across di erent evaluation metrics. This nding underscores the importance of aligning
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the design choice of the target variable with the evaluation metrics and the investment

objective.

4.3 When do non-linear models outperform linear models?

Most studies (cf., Rasekhscha e and Jones, 2019; Gu et al., 2020; Hanauer and Kalsbach,
2023) report that models allowing for non-linearities and interactions outperform linear
models. However, our analysis reveals that across various design choices, many non-linear
models still underperform their linear counterparts. More speci cally, we nd that even
among the 96 composite ML models (ENS ML), 33 (34%) yield lower portfolio returns
than a simple OLS model. This observation motivates us to investigate the conditions
under which non-linear models can outperform linear model8.

To achieve this, we rst compute the di erence in long-short portfolio returns between
each ENS ML model and its corresponding OLS model with identical design choices.
Figure 7 visualizes the density distribution of these return di erences within each design

choice category.
[Figure 7 about here.]

We document that the composite non-linear model (ENS ML) outperforms the linear
model (OLS) only under the following conditions: (i) the target variable is de ned as
the abnormal return over the market (Target = RET-MKT), (ii) the target variable is
a continuous return (Target Transformation = Raw), and (iii) an expanding training
window (Window = Expanding) is used.

More speci cally, for the di erent target variables, RET-MKT delivers the highest
average outperformance, yielding 0.22% per month, followed by RET-RF at 0.09% and
RET-CAPM at -0.05%. The di erence between RET-MKT and RET-RF (RET-CAPM)
is 0.13% (0.27%) with a signi cant t-stat of 2.06 (5.00). Additionally, non-linear mod-
els with continuous target variables are more likely to outperform linear models, with
continuous targets averaging an outperformance of 0.14% compared to 0.03% for dummy
targets. The 0.11% di erence is marginally signi cant at the 10% level with a t-stat of
1.82. Furthermore, expanding windows, with an average outperformance of 0.16%, prove

more bene cial than rolling windows, which average 0.01%, in enhancing the performance

10pydda and Hornuf (2024) also advocate that studies should report under which conditions machine
learning models can outperform traditional statistical models.
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of non-linear models. The di erence between the expanding and rolling window is 0.15%,
which is highly signi cant at the 1% level (t-stat of 4.12).

In contrast, post-publication adjustments, feature selection, and training sample size
have minimal impact on the outperformance of non-linear models. Across these design
choices, the non-linear and linear models, on average, achieve the same portfolio returns,
and the di erences are not statistically signi cant. Although the post-publication adjust-
ment signi cantly a ects absolute portfolio returns, these adjustments have little impact
on the relative performance of non-linear versus linear models when the post-publication
setting is held constant.

These ndings indicate that more complex machine-learning models require larger
training datasets to robustly capture non-linearities and interactions in the data! Fur-
thermore, deducting the common market component appears to improve the signal-to-
noise ratio, while classifying stocks merely as outperformers or underperformers may

discard valuable information.

4.4 Summarizing the e ect of design choices

In summary, the design choices regarding feature preselection and the inclusion of micro
stocks always have minimal impact. In contrast, all the other ve investigated design
choices are crucial for the prediction performance. Therefore, we give guidance on making
these important design choices:

First, ensembles of machine learning models (ENS ML) generally outperform individ-
ual algorithms. Although the selection of speci ¢ algorithms can be discretionary, neural
networks tend to deliver robust performance. Furthermore, we recommend leveraging
ensemble forecasting methods to further improve the model performance.

Second, the choice of target variable depends on the investment objective. For achiev-
ing higher long-short returns, abnormal returns relative to the market (RET-MKT) are
superior over often-used excess returns (RET-RF). For achieving higher market-risk-
adjusted returns, the CAPM risk-adjusted returns (RET-RISK) is preferable, as it cap-

tures the low beta e ect according to our feature importance analysis.

Lwhile a linear model estimates a single parameter per predictor, non-linear models involve a rapidly
expanding number of parameters even with a moderate number of predictors (cf. Gu et al., 2020; Hanauer
et al., 2022). Consequently, using an expanding window will arguably improve the observations-to-
parameters ratio.
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Third, continuous targets perform better than dummy targets. Restricting the target
variable to a binary classi cation of outperformers versus underperformers may result in a
loss of valuable information when predicting stock returns. Consequently, we recommend
using a regression algorithm over a classi cation algorithm.

Fourth, performance decreases signi cantly after adjusting for the post-publication
e ect. Therefore, researchers should be aware that including non-published features in
the model training may in ate out-of-sample performance.

Finally, the choice between rolling and expanding windows depends on discretion and
assumptions. An expanding window retains the entire historical information and is more
suitable for a constant and consistent market environment. Conversely, a rolling window
leverages more recent information and is more suitable for more frequent changes in
market dynamics. Based on our results, an expanding window is superior, in particular

for methods that allow non-linearities and interactions.

5 Conclusion

Our study underscores the critical impact of design choices in machine learning-based
stock return predictions. We observe that existing studies di er substantially in key design
choices, including algorithms, target variables, feature treatment, and training processes.
This lack of consensus not only results in signi cant variations in outcomes but also
hinders the comparability and replicability of ndings. To address these challenges, we
present a systematic framework for evaluating and selecting design choices in machine
learning for return prediction.

In this study, we analyze 1,056 machine learning models derived from various combi-
nations of research design choices documented in the academic literature. Our ndings
reveal that these design choices have a substantial impact on return predictions, lead-
Ing to signi cant variations in long-short portfolio returns. Speci cally, we nd that the
non-standard error arising from these choices is 1.59 times higher than the standard er-
ror. Thus, these results con rm that design choices matter for machine-learning return
prediction models.

We identify the most in uential design choices that a ect portfolio returns, including

post-publication treatment, training window, target transformation, algorithm, and target
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variable. Notably, excluding unpublished features in model training leads to an average
decrease of 0.52% in monthly portfolio returns, while using an expanding training win-
dow yields a 0.20% higher monthly return compared to a rolling window. Additionally,
models with continuous targets and forecast combinations show superior performance,
underscoring the critical importance of these design choices.

Our analysis provides a nuanced understanding of how design choices a ect the per-
formance of machine learning models, and we o er guidance for selecting appropriate
choices based on economic e ects. For instance, aligning the choice of the target variable
with evaluation metrics and investment objectives is crucial for model performance. More
speci cally, we recommend using the abnormal return relative to the market as the target
variable to achieve higher relative portfolio returns. Additionally, non-linear ML models
signi cantly outperform linear OLS models only when using abnormal returns relative
to the market as the target variable, employing continuous target returns, or adopting
expanding training windows.

In conclusion, our study highlights the necessity of careful consideration and rational

justi cation of research design choices in machine learning.

22



Figure 1: Research design choices

Description:  This gure shows the seven key design choices in our analysis. We categorize them into
four main types regarding the algorithm, target, feature, and training process, and list them as follows:
(1) Algorithm { Model (OLS, ENET, RF, GB, NN1, NN2, NN3, NN4, NN5, ENS NN, ENS ML),

(2) Target { Target Variable (RET-RF, RET-MKT, RET-RISK),

(3) Target { Target Transformation (RAW, DUMMY),

(4) Feature { Post Publication (NO, YES),

(5) Feature { Feature Selection (NO, YES),

(6) Training { Training Window (EXPANDING, ROLLING),

(7) Training { Training Sample (ALL, EXMICRO).

Each node represents one decision variable, and we have 113 2 2 2 2 2 =1;056 possible
combinations.
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