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ABSTRACT
We provide an in-depth assessment of univariate financial time series analysis via machine learning followed by a thorough 
discussion beyond the discussion on daily return predictability. We simulate economic time series and present an in-depth as-
sessment of relevant hyperparameter tuning and study the ability of competing deep learning algorithms to capture econometric 
properties of financial time series. Also, we assess empirical data and discuss competing approaches in comparison with econo-
metric benchmarks, when the data generating process is unknown. As a result, we assess more than 512,000 in-sample and out-
of-sample forecasts for different scenarios of competing network architectures. Drawing on realistic sample sizes, we find that 
recurrent neural networks with one layer describe a solid alternative to econometric autoregressive moving average (ARMA) 
approach.

1   |   Introduction

The steadily growing availability of innovative data sets and 
the increasing accessibility of computational power triggered 
the recent episode of Artificial Intelligence related research in 
the field of economic data. As presented in Kraus et al. (2020), 
the application of machine learning (ML) to financial data is 
accompanied by growing interest and a novel string of liter-
ature dealing with the application of complex approaches, 
namely deep learning (DL), to economic data emerged. In 
this vein, Gu et  al.  (2020) provide a thorough assessment on 
competing ML approaches applied to economic panel data and 
present empirical evidence that ML techniques outperform 
statistical benchmarks. Avramov et al. (2022) also discuss ML 
methods applied to cross-sectional data and find that DL pres-
ents a fruitful alternative to time series regression. However, 
when it comes to the assessment of financial time series data, 
econometric time series analysis provides the underlying in-
formation for financial risk measurement and management. 
Due to the limited amount of historic data, the application of 

ML to financial time series describes a staggering task, and a 
thorough discussion on the application of ML as an alternative 
to econometric time series analysis describes an existing gap in 
the literature.

The scope of this paper is to provide an in-depth assessment 
of ML and DL in the context of univariate time series analysis 
beyond accurate out-of-sample forecasting performance. We 
draw on the widely accepted econometric benchmark for uni-
variate time series analysis and provide a stepwise assessment 
of DL techniques to adequately model the conditional mean 
of financial time series. Along the lines of the introduction 
of autoregressive moving average (ARMA) and generalized 
autoregressive and conditional heteroscedasticity approaches 
(GARCH) to economic data (see Bollerslev  (1986) and Engle 
et al. (2008)), we discuss the ability of ML and DL to capture 
autocorrelation structure and heteroscedasticity of financial 
returns and also address the accuracy of ML when the number 
of historic data points is limited. In doing so, we shed light 
on the underlying mechanism of ML and DL, which is highly 
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relevant for financial risk measurement and management. 
Hence, we provide an innovative in-depth assessment of ML 
and DL beyond the widely accepted ML metrics such as in-
sample accuracy and out-of-sample performance. We assess 
both simulated ARMA–GARCH processes and empirical data 
and analyze, based on residuals, if the performance of neural 
networks and deep neural networks is driven by their ability 
to adequately capture linear time series properties or by hid-
den information which are not revealed by the first two mo-
ments of a time series.

Our study adds to Gu et  al.  (2020). The authors provide an 
in-depth assessment of neural networks to economic cross-
sectional data and find that ML describes a promising alter-
native for adequate return prediction. We also assess daily 
financial data, however, in contrast to Gu et al. (2020); our focus 
lies on univariate time series assessment. That is, the explana-
tory variables in our study are given by past observations with 
limited horizon. Furthermore, we address the current studies 
dealing with LSTM-based forecasting techniques as summa-
rized in Makridakis et  al.  (2018). We add to this string of lit-
erature by explicitly discussing econometric ARMA processes 
via ML. This enables us to study the financial properties which 
are captured via ML, based on the statistical properties of the 
residuals. In doing so, we provide a thorough benchmark study 
for daily return forecasting.

The contribution of our paper is threefold. We provide an in-
depth assessment of economic time series analysis of daily 
financial return series via ML and present a pioneering bench-
mark study for economic hyperparameter tuning. Second, we 
evaluate competing ML approaches by their ability to capture 
economic stylized facts, such as autoregression and heterosce-
dasticity. Third, we identify the optimal configuration of ML 
technique, which outperforms traditional ARMA approaches. 
Based on simulated and empirical data sets, we find that 
plain vanilla recurrent neural networks (RNNs) describe an 
adequate alternative to econometric ARMA approaches. The 
remainder of this paper is structured as follows. Section 2 pro-
vides the relevant literature on time series analysis and ML, 
Section 3 gives an overview on the methodology and Section 4 
presents the results of the simulation study. The investigated 
data and the empirical assessment are in Section  5, and 
Section 6 concludes the study.

2   |   Literature

As described in Engle et al. (2008), univariate financial time 
series (i.e. periodically returns) exhibit asset specific proper-
ties, such as heteroscedasticity and autocorrelations. Due to 
its translation into expected returns and financial risk, it is the 
first and second moments of the return distribution that de-
scribes the balance point of econometric modeling. Moreover, 
these moments build the connection between econometric 
time series analysis and financial applications such as Value-
at-Risk forecasts or portfolio allocations (see Jorion  (2007) 
and Verbeek  (2017)). In this vein, ARMA approaches as in-
troduced in Bollerslev  (1986) and GARCH as introduced in 
Engle et al. (2008) present the widely accepted benchmarks in 

recent literature (see Berger and Gencay (2018), Halbleib and 
Pohlmeier (2012)).

In contrast to econometric modeling, ML approaches are 
less restrictive regarding the assumptions on the input vari-
ables and are also able to handle larger data sets. Triggered 
by Cochrane  (2011), recent focus lies on the application of so-
phisticated deep neural networks to economic data. However, 
due to complexity, ML and DL are characterized as black-box 
approaches, and the superiority of these approaches in compari-
son with existing statistical approaches is often assessed via the 
ability to provide an adequate fit to the underlying target vari-
able, measured in terms of the precision of in-sample and out-of-
sample accuracy (see Avramov et al. (2022) and Gu et al. (2020)). 
With focus on financial time series data, it is the limited amount 
of historic data that describes the main challenge for the appli-
cation of ML to financial time series. Up to now, mixed results 
are reported for individual financial time series. It is widely ac-
cepted that RNNs describe the adequate network structure to 
handle timely dependent data (Makridakis et al.  (2018)). Giles 
et  al.  (2001) apply neural networks to forecast five different 
daily foreign exchange rates (German DM, JPY, Swiss Franc, 
GBP and CAD denominated against USD) from 1973 to 1987 
and explicitly focus on the aspect of nonstationarity, overfitting, 
and time persistent mean. The authors demonstrate that RNN 
describes an adequate choice for financial time series. Krauss 
et al.  (2017) investigate the potential of arbitrage via ML. The 
authors assess daily data of all stocks which were listed in the 
S&P 500 from 1992 to 2015 via ML, that is, random forest, gradi-
ent boosted trees, deep neural networks, and ensembles of these 
methods. As a result, the authors empirically demonstrate that 
an ensemble approach provides superior performance in terms 
of out-of-sample returns. However, the authors do not apply 
memory-based ML approaches.

Bhandari et al. (2022) address this gap in the literature and as-
sess daily S&P 500 market prices and demonstrate that single 
layer LSTM frameworks perform better than multilayer LSTM 
models with two or three layers. This finding is also con-
firmed in Yadav et al. (2020) for the Indian stock market data. 
Furthermore, as noted in Fjellström (2022), there are only a 
few studies which address a comparison between both ML and 
econometric methods. Vortelinos (2017) assesses NN in com-
parison to heterogeneous autoregressive models and principal 
component analysis. Mixed evidence is reported; however, 
plain-vanilla neural networks are outperformed by RNNs 
and LSTM networks. Siami-Namini et al. (2018) compare the 
forecasting performance of LSTM networks against ARMA 
approach for monthly returns of Asian and American indices 
(Nikkei 225, Hang Seng Index, Nasdaq Composite, Dow Jones 
Industrial Index, and S&P 500 Commodity Price Index). The 
authors find that LSTM approach provides a reduction of in-
sample RMSE up to 80%. Interestingly, the data sets are quite 
small (due to monthly data) and comprise between 258 and 
1189 observations; however, the authors train only one epoch. 
Based on the forecasting competition initiated by Makridakis 
and Hibon (2000), Makridakis et al. (2020) provide a thorough 
summary on recent forecasting challenges and point out that 
there exists no approach which categorically leads to superior 
forecasting accuracy.
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3   |   Methodology

In this section, we introduce the notation used throughout the 
paper; we define the desirable properties of the training and test 
data, specify the econometric benchmark model and RNNs, and 
present our performance evaluation settings.

3.1   |   Generating Training and Test Data

Based on daily market prices, we calculate daily financial return 
series. Let the market price of an asset at time t  be defined as Pt 
with t = 1,…,T, then the daily return is calculated as follows: 

In order to assess both in-sample and out-of-sample precision 
of the competing approaches, we follow Krauss et al. (2017) and 
define nonoverlapping training and test periods. The training 
period comprises daily returns of 1.024 consecutive days (ap-
proximately 4 years) and is split into two data sets: the first 768 
days describe the training data, and the last 256 days are the 
evaluation data set. The training period is the underlying data to 
estimate the parameters of econometric benchmark and to train 
the RNNs. The test data period comprises the following 256 con-
secutive days and allows us to test the models with data, which 
was not part of the estimation or training process. In doing so, 
the training period serves as the basis for the in-sample assess-
ment, and the test period describes the returns of the out-of-
sample assessment.

3.2   |   Econometric Benchmark

As discussed in Engle et al. (2008), econometric time series anal-
ysis via ARMA approach takes into account economic proper-
ties of daily financial return series, namely, autocorrelation and 
heteroscedasticity of financial returns. The ARMA approach of 
order (p, q) for daily returns is defined as follows: 

Here, �0 is a constant, and if the process is weakly stationary, �t 
is a white noise process with mean 0 and �2t . p and q describe the 
lags of the past returns rt − i and �t − i, respectively. Due to the MA 
term, ARMA models must be estimated using maximum likeli-
hood estimation. Typcally, as described in Engle et al. (2008), eco-
nomic time series are well described by ARMA(1,1) approaches. 
In our study, we examine competing ARMA approaches for 
each time series and assess the optimal combination of p and q 
with up to five lags.

Furthermore, in our simulation setup, we simulate realistic 
returns that are also characterized by time-varying volatil-
ity clustering via the GARCH (1, 1) approach as defined by 
Bollerslev (1986). The model is given by the following: 

here, Ω is a constant, � accounts for the news impact, and � 
describes the persistence of the conditional volatility process, 
with � + � ≤ 1.

3.3   |   RNNs

For a detailed in-depth description of the applied ML approaches, 
we refer to Goodfellow et  al.  (2017) and Russell et  al.  (2010). 
However, as described in LeCun et  al.  (2015) and Krauss 
et al. (2017), RNNs describe the adequate ML approach for time 
series. In contrast to econometric approaches, input data for ML 
need to be standardized. We draw on Krauss et al.  (2017) and 
normalize the daily returns before they get passed to ML exer-
cise. The input for network training is then defined as follows: 

Here, rt,train describe the returns of the training period at time 
t, �train is the mean return of the training period, and �train is the 
respective standard deviation. In order to predict future returns 
of a time series, ML models take transformed input and target 
returns as training data in order to identify functional relation-
ships and to predict ŷt. Furthermore, in order to compare the 
predicted output, predicted returns are then constructed via 

It is necessary to take the mean and standard deviation from the 
training set to ensure that there is no look-ahead bias. Similar 
to econometric time series approach, past returns describe the 
only input for model training, and along the lines of the ARMA 
approach, we determine past returns as the input variables, that 
is, the feature vector and the k-step ahead return as the target 
variable. Then, the applied ML approaches can be boiled down 
to the following equation: 

with ŷt+k as the forecast of the target variable for time t + k at 
time t  and k is the forecasting horizon. yt −w,…, yt are the past 
observations of the target variable, observed from time t −w 
until t  and w are the window sizes. The target variables are nor-
malized daily returns, and the input variables are lagged obser-
vations of the target variables. In our study, we focus on one-day 
ahead forecasts (k = 1), and fk is the trained ML function, and 
we study RNNs, long short-term memory (LSTM), and gated re-
current units (GRUs). Then, in combination with Equation (4), r̂  
can be constructed.

3.3.1   |   RNN

RNNs are a specific type of artificial neural networks and cap-
ture lagged correlation structure between the input and target 
variables. The network preserves relevant sequential informa-
tion in an inner (hidden) state, which persists subsequent time 
steps. During the training of the network, the RNN uses the 
input variables at time t  and the preserved past information 
from previous step t − 1 as the input for target variable at step 

(1)rt =
Pt
Pt − 1

− 1

(2)rt = �0 +

p∑

i= 1

�irt − i +

q∑

j= 1

�j�t − j + �t

(3)�2t = Ω + �r2t − 1 + ��2t − 1;

(4)yt =
rt,train −�train

�train

(5)�rt = ŷt ⋅ 𝜎train + 𝜇train

(6)ŷt+k = fk(yt −w,…, yt − 1, yt)
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t . Then, based on a training data set which consists of histor-
ical data, RNN recurrently learns the structural relationship 
between input and target variables by modeling the transitions 
from inner state at t − 1 to t . Hence, in contradiction to simple 
neural networks, RNNs share the same set of weight parameters 
during the training process.

Specifically, as described in Gu et al.  (2020), the resulting RNN 
comprises three parameter matrices: Wx , Wy, and Ws and two bias 
vectors bs and by. The output at time t (yt) is then determined by the 
inner (hidden) state at time t (St) which is determined by input at 
time t (xt) and the previous hidden state (St − 1). In the remainder, 
xt exclusively comprises lagged versions of the target variable, and 
the setup of the RNN can be summarized as follows: 

and 

Here, � is the sigmoid activation function, tanh is the nonlin-
ear tanh-function, and xt ⊕ St − 1 is the concatenation of the 
two vectors xt and St − 1. Due to the repeated multiplication of 
recurrent parameter matrices, RNNs often have difficulties 
in learning long-term trends from past information and often 
capture sequential information with relatively short memories. 
As described in Bengio et  al.  (1994), this finding is caused by 
constraints in gradient based learning algorithms. As a result, 
RNNs might fail in capturing persistent long-run dynamics of 
financial time series.

3.3.2   |   LSTM

To @overcome the issue of vanishing gradients, Hofreiter and 
Schmidhuber (1997) introduced the LSTM architecture. In con-
tradiction to plain vanilla RNN, the hidden layer neurons get 
replaced by a memory cell which is designed to capture depen-
dence between long-term dependence between lagged periods. 
The LSTM memory cell includes an input gate i, a forget gate f , 
and an output gate O.

The input for the forget gate f  at time t  is the output from the 
previous time step (St − 1) and the input variables at time t . Then, 
the forget gate controls for the information of the cell state which 
will be passed from the previous period to the next period. The 
values f  range between 0 and 1, whereas the limits indicate that 
the complete information will be passed or discarded, respec-
tively. f  is then given as follows: 

The input gate controls for the information from input xt that 
will be passed to the current memory cell Ct, and the rest will be 
erased for the next period. Updating the new cell state Ct can be 
described as follows: 

and 

First, the relevant information it is generated, and a newly cell 
state C̃t is generated based on previous cell state. Then, both 
components are merged, as described in Equation (12), and built 
the updated current cell state.

The third gate, the output gate, determines how much of the 
newly generated cell state will be passed to the next period: 

Then, the processed cell state and the sigmoid output build St 
which is then processed to the final output via 

As a result, the LSTM architecture allows for a more sophisti-
cated memory structure which explicitly allows for learning 
longer-term dependencies between lagged periods. Längkvist 
et al. (2014) demonstrate that LSTM networks process the ability 
to remember 100 steps of a sequence.

3.3.3   |   GRUs

Another alternative variant to simple RNN is the GRU, which 
can also be described of as a variant of LSTM. GRU networks 
process information through an update gate (z) and a reset gate 
(re) plus an additional gate S̃t. The functions ret and zt are given 
as follows: 

and 

and the third gate generates a new cell state S̃t by combining the 
new input at time t  with previous cell state St − 1 in combination 
with the reset gate: 

Then, the update gate controls for the information which is re-
tained from previous state (St − 1) as well as from the generated 
state S̃t, which is then stored in the new cell state (St): 

Analogous to RNN and LSTM, the information is then pro-
cessed to the output yt

In comparison to LSTM, GRU is descried by less complexity 
and is therefore less time-consuming when it comes to model 

(7)St = tanh(Wxs ⋅ (xt ⊕ St − 1) + bs)

(8)yt = �(Wy ⋅ St + by)

(9)ft = 𝜎(Wf ⋅ (xt ⊕ St − 1 + bf ))

(10)it = 𝜎(Wi ⋅ (xt ⊕ St − 1 + bi))

(11)C̃t = tanh(WC ⋅ (xt ⊕ St − 1) + bC)

(12)Ct = ft ⋅ Ct − 1 + it ⋅ C̃t

(13)Ot = 𝜎(WO ⋅ (xt ⊕ St − 1 + bO)

(14)St = tanh(Ct) ⋅ Ot

(15)yt = �(Wy ⋅ St + by)

(16)ret = 𝜎(Wr ⋅ (xt ⊕ St − 1) + br)

(17)zt = 𝜎(Wz ⋅ (xt ⊕ St − 1) + bz)

(18)S̃t = tanh(WS ⋅ (xt ⊕ St − 1 ⋅ rt) + bS)

(19)St = (1− zt) ⋅ St − 1 + zt S̃t

(20)yt = �(Wy ⋅ St + by)
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training. As discussed in Shi (2022), both LSTM and GRU do 
co-exist.

3.3.4   |   Model Training

The presented networks are trained, based on the training pe-
riod which consists of consecutive training and validation sub-
sample. We follow Fischer and Krauss (2018) and Granger (1993) 
and use 75% as training subsample (approximately three years 
of daily data). The trained model weights are then assessed on 
the validation subsample (approximately 1  year of daily data), 
and the validation loss is computed after each epoch. The train-
ing and validation loss are then the indicator for the next train-
ing epoch.

Table 1 summarizes the different scenarios that will be assessed 
in our study. In order to include the presented configurations of 
the quoted literature, we assess different architectures in order 
to study the impact of complexity on the forecasting precision.1 
We study different numbers of hidden neurons. Specifically, 
in order to compare the amount of parameters to the ARMA 
approach, we start with five neurons for each network and in-
crease the number up to 100 neurons. Also, we assess the impact 
of network depth and study the impact of additional layers on 
the forecasting precision. Starting from one layer, we increase 
the size up to four layers.

Furthermore, for the training of the networks, we follow Gal 
and Ghahramani  (2016) and Fischer and Krauss (2017) and 
implement dropout regularization within the recurrent layer. 
That is, at each update, a percentage of input units is randomly 
dropped out at each update of the training process at both input 
gate and recurrent connections. We assess different drop out 
rates, ranging from 0% to 0.2%; in doing so, we avoid overfitting. 
Furthermore, we study the impact of epochs on the model accu-
racy; we assess different scenarios of model architectures as well 
as training processes. For each network architecture, we assess 
19 different scenarios of training epochs with a maximum dura-
tion of 1000 epochs. Consequently, we discuss 9120 competing 
network configurations.

3.4   |   Performance Evaluation

In addition to typical assessment of neural nets, we focus on 
the generated return series of both approaches and discuss the 
forecasting accuracy via root mean squared error (RMSE) and 
assess the autocorrelation of the residuals via the Ljung–Box 
(LB) test. Also, as we assess various ML architectures, we iden-
tify statistical differences between competing forecasts via the 
Diebold–Mariano (DM) test statistic.

3.4.1   |   RMSE

In order to compare both econometric and ML approaches, we 
assess the RMSE of the predicted returns against the observed 
returns: 

Instead of looking at the difference between the output ŷ of each 
ML approach, we assess the artificial returns and which enables 
us to compare ML performance against the generated returns 
from econometric benchmark.

3.4.2   |   LB

In addition to the assessment of forecasting precision, we apply 
the LB tests, to study the residuals of each model. Let the resid-
ual of model a at time t  be defined via 

Then, the diagnostics on the residuals can be investigated via 
LB test. The null hypothesis is that residuals are independently 
distributed over time, and the test statistic is given as follows: 

with �2
m as the chi-squared distribution with m degrees of 

freedom.

3.4.3   |   The DM Test

Due to the fact that we assess various combinations of hyper-
parameters, we assess the pairwise difference between dif-
ferent forecasts via the DM test as described in Diebold and 
Mariano  (1995). The difference between two models, lets say 
model a and model b, at time t  can then be assessed via respec-
tive forecasting errors: 

with g(. ) as the squared-error loss function and u(a)t  and u(b)t  
are calculated as presented in Equation (23). Then, based on 

(21)RMSE =

√√√√ 1

n

T∑

t = 1

(rt − r̂ t)
2

(22)u(a)t = rt − r̂
(a)
t

(23)LB(m) = T(T + 2)

m∑

t = 1

�̂
2

t

T − t
∼ �2

m

(24)dab,t = g(u(a)t )− g(u(b)t )

TABLE 1    |    Topology of networks.

Training scenarios

Architecture Simple RNN, LSTM, GRU

Neurons 5, 25, 50, 75, 100

Layer 1, 2, 3, 4

Dropout rate 0.0, 0.1, 0.2

Batch size 2, 4, 8, 16, 32, 64, 128, 256

Epochs 10, 20, 30, …, 100, 200, 300, … ,1000

Loss function MSE

Optimizer adam, rmsprop (Keras)

Note: The table presents the configuration parameters of the recurrent neural 
networks that are assessed in our study. RNN is the simple recurrent neural 
network, LSTM is long short-term memory, and GRU is gated recurrent units.
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the loss-differential series, we test the null hypothesis that two 
forecasts are characterized by same accuracy, that is, E(dt) = 0 
for t = 1,…,T, and the test statistic between approach a and ap-
proach b is given as follows: 

with dab =
1

n

∑T
t=1 (dab,t) is the mean of the loss differential and 

fd(0) is the density of the loss differential at frequency 0. Under 
the assumption that the loss differential series is covariance 
stationary, the test statistic follows a standard normal distri-
bution. For an in-depth introduction, we refer to Diebold and 
Mariano (1995) and for a critical discussion on the validity of the 
underlying assumptions, especially on covariance-stationary er-
rors we refer to Diebold (2015).

4   |   Simulation Study

In this section, we introduce the concept of simulated return 
processes and provide an in-depth assessment of the optimal 
choice of neural net for time series, which are characterized 
by financial stylized facts, namely, AR, MA, and GARCH. The 
starting point of our simulation assessment builds a simple 
neural net with the same amount of parameters (neurons) like 
typical econometric benchmarks. We show that additional 
complexity does not necessarily result in more precise time 
series modeling. In addition to modeling accuracy, we also 
study the residuals in order to gain further insights into the 
autocorrelation structure that is captured by competing ML 
approaches.

4.1   |   Return Process

Generally, financial return processes are adequately character-
ized via the ARMA–GARCH processes. In order to simulate re-
alistic return series, we fit the ARMA–GARCH models to daily 
return series and take the estimated parameters as the input 
parameters for our simulation assessment. The stationary pro-
cess, which is then discussed in the remainder, is described as 
follows: 

Here, �1 equals 0.8 and describes the autocorrelation structure 
of the conditional mean and the �1 is 0.1 and describes the mov-
ing average effect, namely, the impact of the previous residual 
on the current simulated returns. Additionally, we model condi-
tional variance via � equal to 0.94 and � equal to 0.04. Hence, the 
modeled process is similar to volatility processes as described by 
RiskMetricsTM and results in a volatility process which is char-
acterized by volatility clustering. For our simulation study, we 
simulate return series with 1280 observations which is similar 
to 5 years of daily return data.2

Figure 1 illustrates the simulated return series as well as the 
partial autocorrelation function of the returns and the squared 
returns respectively. Obviously, autocorrelation is present in 
both conditional mean and conditional volatility process, and 
we will discuss the ability of the competing ML approaches 
based on both accuracy and residuals. Also, in order to dis-
cuss both in-sample and out-of-sample performance, similar to 
Krauss et al.  (2017), we split the data into a training and test 
data set. The training data set covers 4 years (1024 days) and 
builds the basis for model training and validation. Therefore, 
0.75% of the training data deal as the testing and 0.25% of the 
training data are determined for model validation. The test data 
set comprises the fifth year (256 days) and allows us to evaluate 
a strict out-of-sample performance of the applied models.

4.2   |   ML Assessment

In order to study the ability of ML techniques to handle economic 
time series, we begin the analysis by studying a plain vanilla RNN 
with similar amount of parameters like the ARMA–GARCH 
approaches. Hence, a RNN with one layer and five neurons de-
scribes the starting point of our assessment. In contradiction to 
econometric approaches, parameters are not estimated via max-
imum likelihood approach, and therefore, we begin with hyper-
parameter tuning and focus on the identification of the optimal 
amount of training epochs (i.e., one epoch describes the training 
cycle until all data is processed once) and the optimal batch size 
which is the amount of observations which are presented to the 
model at the same time. Hence, the individual steps within one 
epoch vary by the dimension of batch size. To avoid in-sample 
overfitting, we explore different dropout rates.

Thus, we begin our assessment and study in-sample and out-
of-sample performance of the RNN with one layer and five 
neurons for different batch sizes and epochs. The batch size 
varies from 2 to 256 observations, which describes the max-
imum in our study and which is similar to one year of data, 
which is processed at one step. The amount of assessed epochs 
begins with 10 and ends with 1000. For each combination of 
epochs and batch size, the in-sample and out-of-sample RMSE 
is scrutinized. The LB test statistic of the residuals is also as-
sessed to study the autocorrelation function. As a result, we 
find that the in-sample RMSE increases with increasing batch 
size; that is, the more data are processed at once, the less pre-
cise the in-sample prediction gets. Furthermore, we find that 
an increasing amount of epochs leads to a higher precision for 
both in-sample and out-of-sample RMSE. The optimal combi-
nation in this exercise is achieved with 100 epochs and a batch 
size of 32 observations. There is no other combination which 
leads to lower RMSE for both subsamples. Furthermore, as in-
dicated by the LB test statistic, simple RNN is able to capture 
the generated autocorrelation structure; for nearly all combi-
nations, residuals are not characterized by autocorrelation up 
to lag 20.

4.2.1   |   Hyperparameter Tuning

Taking the simple RNN with five neurons as a starting point, 
we also discuss expansions of RNN and compare the results 

(25)DMa,b =
dab√
2�fd(0)

T

(26)r̂ t|sim = �0 + �1rt − 1|sim + �1�t − 1|sim + �t

(27)�̂
2

t|sim = Ω + �r2t − 1|sim + ��2t − 1|sim
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FIGURE 1    |     Legend on next page.
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against the identified optimal combination. Specifically, we add 
complexity to the layers by adding more neurons, and we add 
complexity to the network architecture by adding more layers. 
As well, we discuss more sophisticated layer structures, namely, 
GRU and LSTM layers. All results will additionally be assessed 
via DM Test statistic.3

Impact of additional nodes: We find that with increasing 
complexity, the amount in-sample and out-of-sample precision 
increases. For RNNs with 50, 75, and 100 nodes, the optimal 
combination is given by large batch size (256) and 1000 epochs, 
whereas RNN with 50 nodes describes the optimal choice for 
the underlying data. Specifically, there is no amount of nodes 
and no combination of batch size and epochs that result in 
lower RMSE for both in-sample and out-of-sample jointly. As 
indicated by LB test statistic, residuals do not exhibit autocor-
relation and DM test statistic indicates that predictions based on 
RNN with 50 neurons statistically differ from RNNs with five 
neurons. Hence, we find that 50 neurons describe the optimal 
choice for an RNN with one layer and we carry on, by assess-
ing the impact of added layers, namely, the impact of DL on the 
forecasting precision.

Impact of additional layer: In comparison to the performance 
of a simple RNN with one layer and 50 neurons, we find that 
adding additional layers to the RNN does not improve the fore-
casting performance. Specifically, there is no model which leads 
to lower in-sample and out-of-sample performance. With focus 
on PACF, we find that the p-values of LB test statistic decrease 
with each layer, and we find that the residuals of a RNN with 
three and four layers are characterized by autocorrelation for 
batch size 2. The results indicate that adding additional lay-
ers to a RNN does not result in adequate economic time series 
forecasts. Also, the fact that residuals exhibit autocorrelation 
indicates that time series specific properties are not adequately 
captured with additional layers.

4.2.2   |   GRUs and LSTM

We also assess the performance of a more complex network ar-
chitecture and analyze the time series forecasting based on GRU 
and LSTM layers. That is, we apply plain vanilla networks with 
both one GRU or LSTM layer and assess the impact of different 
nodes (10, 50, and 100). Analogous to the assessment of simple 
RNN, we also assess the impact of additional layers on the fore-
casting performance. The results are compared to RNN with 
layer and 50 neurons.

With focus on architectures with one one layer, we find that 
the application of GRU networks marginally outperforms 
LSTM networks with same amount of neurons in terms of in-
sample RMSE, whereas LSTM provides a marginally lower 
out-of-sample RMSE. For both approaches, additional neu-
rons increase both in-sample and out-of-sample precision. 

The minimum in-sample RMSE decreases from 0.3006 (with 
25 neurons) down to 0.2887 (with 100 neurons) for LSTM 
approach and from 0.2989 (with 25 neurons) to 0.2888 (with 
100 neurons). The LSTM out-of-sample RMSE decreases from 
0.3094 (with 25 neurons) to 0.3053 (with 100 neurons) and 
the GRU RMSE from 0.3118 to 0.3068, respectively. For both 
approaches, it is the batch size which impacts the balance be-
tween in-sample and out-of-sample RMSE. That is, an increas-
ing batch size increases the in-sample RMSE and decreases the 
out-of-sample RMSE.

We assess in-sample and out-of-sample RMSE for different com-
binations of layers. We find that the impact of additional layers 
is also similar for both LSTM and GRU approach, adding a layer 
to the model architecture results in lower in-sample RMSE but 
does not impact out-of-sample RMSE. Specifically, for LSTM 
networks, the minimum of in-sample RMSEs decreases from 
0.2887 (one layer with 100 nodes) to 0.2066 (four layers with 
50 nodes each), whereas out-of-sample RMSE increases from 
0.3053 to 0.3171, respectively. Analogously, in-sample RMSE 
of GRU networks increases from 0.2887 to 0.2064, and out-of-
sample RMSE increases from 0.3086 to 0.3127. Hence, we find 
that additional complexity leads to improved in-sample fit; how-
ever, one layer with 50 to 75 neurons and a batch size equal to 
256 describes an adequate choice for the simulated returns. At 
this point, there is no combination which results in both lower 
in-sample and out-of-sample RMSE. However, both models 
get outperformed by plain vanilla RNN with 50 neurons. Both 
LSTM and GRU networks result in higher in-sample and out-of-
sample RMSE per se. Furthermore, as indicated by LB test, the 
resulting residuals exhibit autocorrelation, and therefore, both 
approaches are not able to adequately capture the linear auto-
correlation structure of the simulated ARMA–GARCH time 
series.

Table  2 provides a summary of the conducted simulation ex-
ercise. For each competing ML approach, the model network 
architecture which leads to the lowest in-sample RMSE, the 
lowest out-of-sample RMSE, and a balanced performance 
is presented. The balanced performance describes the most 
simple architecture which leads to a combination of lowest 
in-sample and out-of-sample RMSEs jointly, which are not 
outperformed by another more complex configuration of the 
same network approach. That is, a RNN with one layer and 
50 neurons provides a combination of in-sample and out-of-
sample RMSE (0.2296 and 0.2534), and there is no RNN ap-
proach that results in a higher accuracy for both in-sample and 
out-of-sample jointly. In comparison to LSTM and GRU, RNN 
describes the higher accuracy for both training and test data. 
Also, as indicated by LB test statistic, RNN is the only approach 
which results in residuals that are not characterized by auto-
correlation structure. That is, RNN is the only approach that 
captures the generated, asset specific, linear ARMA–GARCH 
autocorrelation structure. Also, the lowest in-sample and 
out-of-sample RMSE which can be achieved by each network 

FIGURE 1    |    Simulated returns over time. (a) A time series with 1280 observations is generated via the ARMA–GARCH approach with 
rt|sim = 0. 8 ⋅ rt − 1|sim + 0. 1 ⋅ �t − 1|sim and �2

t|sim = 0. 04 ⋅ r2
t − 1|sim + 0. 94 ⋅ �2

t − 1|sim. (b) The autocorrelation of the simulated returns as well as the squared 
simulated returns.
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approach indicates that RNN provides a stable performance 
among all tested architectures.

4.3   |   Robustness

A note on robustness: Similar to Krauss et al.  (2017), we have 
repeated the model training three times. As well, we have as-
sessed different simulated ARMA and GARCH processes to 
study scenarios that are described by stronger and weaker de-
grees of autocorrelations, and we have varied the dropout rate to 
assess the impact of overfitting on our results.

Table  3 gives the assessed scenarios. Scenarios 1–5 describe 
scenarios with different autocorrelation structure in the gener-
ated conditional mean, scenarios 6–9 are scenarios with differ-
ent autocorrelation structure in the time varying conditional 
variance process, and scenarios 10–14 describe scenarios with 
different dropout rates during model training. The finding 
that plain vanilla RNNs outperform sophisticated LSTM and 
GRU approaches is robust; for all scenarios, we find that LSTM 
and GRU networks get outperformed by both, in-sample and 
out-of-sample RMSE of the predicted returns. Moreover, the 
DM test statistic indicates that the in-sample fit via RNN is 
statistically different to GRU and LSTM. Although the sim-
ulated processes are described by linear autocorrelation, we 
find that both GRU and LSTM are not capable of producing 
uncorrelated residuals. The dropout rate does not impact the 
superior performance of RNN; however, if we train the model 
without a dropout factor (dropout=0), RNN do also provide in-
sample residuals which exhibit autocorrelation. That indicates 
the potential impact of overfitting, when no dropout is applied 
via the training process.

5   |   Empirical Assessment

The data comprise daily return series of the S&P 500 for the pe-
riod ranging from January 1, 2012 to December 31, 2022. We 
split the full sample into five subsamples to investigate the out-
of-sample performance for 2018, 2019, 2020, 2021, and 2022. 
Each subsample is then divided into a training and validation 
period; that is, the basis for the in-sample assessment and the 
test data set describes the underlying information for the out-of-
sample period.4

Table  4 provides descriptive statistics of the five investigated 
subsamples of the daily DJI return series as well as the fitted 
ARMA parameters. We can see that the periods covering the 
COVID-crisis in 2020, 2021, and 2022 are characterized by 
higher standard deviations than in 2018 and 2019. Specifically, 
in 2022, the negative average return is four times higher than 
in 2018 and the standard deviation increased by 56% in com-
parison to 2019. The division of the subsamples enables us to 
analyze the ability of competing approaches to anticipate market 
regimes that are different from the training data, and we study 
scenarios, in which market reactions on COVID become part of 
the training data. We study the past 11 years of daily returns 
from of S&P 500. We split the data into a training and validation 
set comprising 1024 days and a test data set comprising 256 days. 
In doing so, we train the competing ML approaches based on 
4 years of daily returns and study both the in-sample forecasts 
and the out-of-sample forecasts based on the test data set. We 
retrain each model after 1 year, which allows us to study 5 years 
of out-of-sample forecasts, namely, January till December 2018, 
2019, 2020, 2021, and 2022. Furthermore, we assess the same 
network architectures as presented in Table 1 for each individ-
ual model specification; 80 different combinations of batch size 

TABLE 2    |    Simulation study.

Scenario

In-sample Out-of-sample

Layer Units Batchsize Epochs RMSE LB DM RMSE

Balanced

RNN 1 50 256 1000 0.2296 0.18 X 0.2534

LSTM 1 75 256 200 0.3081 0.00 0.00 0.3068

GRU 1 50 256 200 0.3089 0.00 0.00 0.3097

Lowest in-sample

RNN 4 50 16 1000 0.2196 0.29 0.18 0.2556

LSTM 4 50 8 1000 0.2066 0.00 0.00 0.3933

GRU 4 50 8 800 0.2063 0.00 0.00 0.3932

Lowest out-of-sample

RNN 1 75 256 500 0.2299 0.13 0.06 0.2526

LSTM 1 100 256 200 0.3053 0.00 0.00 0.3087

GRU 1 100 256 100 0.3068 0.00 0.00 0.3120

Note: The table presents the root mean squared error (RMSE) of the in-sample and and out-of-sample prediction accuracy of the best performing simple recurrent 
neural nets (RNN), long short-term memory (LSTM), and gated recurrent unit (GRU) networks with 5, 25, 50, 75, or 100 neurons and one, two, three, or four layers. 
For each simulation scenario, the optimal combination of neurons, batch size, and number of epochs is presented. The p-values of the Ljung–Box (LB) test statistic 
indicate the existence of autocorrelation of the residuals with H0: Residuals do not exhibit autocorrelation. The p-values of the Diebold–Mariano (DM) test statistic 
indicate the statistical difference between the predicted values of network and a plain vanilla RNN with 50 neurons with H0: The generated time series are statistically 
similar.
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and training epochs are studied each year. As a result, for each 
combination of batch size and epochs, we assess 5120 in-sample 
and 1280 out-of-sample forecasts. Thus, for each network ar-
chitecture, as described in Table 1, we study 409,600 in-sample 
and 102,400 out-of-sample forecasts and analyze the respective 
residuals of each prediction. As a benchmark, we also estimate 
an ARMA (p, q) approach and assess if a better in-sample fit in 
combination with a higher out-of-sample forecasting precision 
can be achieved.

However, similar to the results of our simulation exercise, RNNs 
perform better than LSTM and GRU approaches in this exer-
cise. For the full data set, both LSTM and GRU do not provide a 
higher in-sample precision and therefore do not outperform the 
applied ARMA-benchmark. On the other hand, there are many 
training scenarios in which plain vanilla RNNs with 5, 25, 50, 
and 100 neurons outperform the ARMA approach in both in-
sample and out-of-sample accuracy. Specifically, it is a plain 
vanilla RNN with 50 neurons trained with larger batch sizes 
equal to 128 and 256 and 400 or more epochs which describes 
the best performing approach that statistically outperforms the 
in-sample RMSE of estimated ARMA-model and also provides 
a lower out-of-sample RMSE. In order to gain further details 
into the performance of black-box ML approaches, we discuss 
selected ML frameworks in more detail and focus on the subsa-
mples to provide an annual assessment of in-sample and out-of-
sample performance.

Table 5 summarizes the performance of the ARMA GARCH ap-
proach and selected ML architectures for each year. Interestingly, 
the performance of plain vanilla LSTM and GRU architectures 
with one layer is comparable and the optimal architecture varies 
over time. That is, in 2018, 2019, and 2022, one layer with 25 or 
50 neurons and batch sizes equal to 128 and 256 describes an ad-
equate choice for both LSTM and GRU. In 2020 and 2021, there 
is no configuration which outperforms the econometric ARMA 
Benchmark. Specifically, the in-sample fit provided by both ap-
proaches is less precise than ARMA. The performance of plain 
vanilla RNN with 50 neurons and batch sizes equal to 128 and 
256 provide robust results over time. In 2018, 2019, 2020, and 
2022, this architecture provides superior in-sample and out-of-
sample and outperforms both ARMA as well as LSTM and GRU. 
In 2021, similar to GRU and LSTM, RNN is not able to outper-
form the in-sample performance of ARMA model.5 As described 
in Table 4, period 2020 is impacted by COVID-related market 
turmoil, � increased from 0.0085 in 2019 to 0.0216 in 2020 and 
indicates that ML approaches are less precise when turmoil 
market conditions describe the latest information of the train-
ing set and the out-of-sample period is described by decreased 
volatility regime with � = 0. 0082. This finding is also reported 
in Bhandari et al. (2022); however, RNNs are characterized by 
higher precision than LSTM and GRU and the in-sample pre-
cision, which indicates that RNN adjusts faster to new market 
conditions. Furthermore, for the subsample period that ranges 
from 2016 to 2021, accuracy differs only marginally in compari-
son to ARMA approach.

In addition to in-sample and out-of-sample RMSE, we study the 
residuals of the estimated returns and find that in contrast to the 
simulation study, LSTM and GRU networks also provide resid-
uals that are not autocorrelated. As daily returns are generally T
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described by weaker autocorrelation than in the applied sim-
ulation study, the results indicate that both GRU and LSTM 
networks provide in-sample residuals that are characterized 
by similar autocorrelation structure like the underlying train-
ing data. Furthermore, similar to the simulation study, we find 
that additional layers do not result in more precise forecasts, and 
therefore, we find that for the given daily return framework, 
plain vanilla RNN describes a solid alternative to econometric 

ARMA approach, especially when it comes to daily return as-
sessment with realistic sample sizes.

On this background, we can confirm the result of Bhandari 
et al. (2022); a single layer LSTM architecture shows better per-
formance than multilayer LSTM. However, for daily financial 
returns, we find that 50 hidden neurons are sufficient instead 
of 150 as reported for stock market prices. Also, our results 

TABLE 5    |    Empirical study.

In-sample Out-of-sample

Period 2013-2017 2018

2013-2018 Layer Units Batchsize Epochs RMSE LB DM RMSE

ARMA (0,0) 0.00760 0.38 0.01099

RNN 1 50 128 200 0.00759 0.47 0.43 0.01097

LSTM 1 50 256 400 0.00757 0.40 0.67 0.01088

GRU 1 50 256 300 0.00759 0.52 0.50 0.01094

2014-2019 2014-2018 2019

Layer Units Batchsize Epochs RMSE LB DM RMSE

ARMA(0,0) 0.00864 0.29 0.00791

RNN 1 50 256 700 0.00858 0.34 0.44 0.00787

LSTM 1 100 128 100 0.00864 0.48 0.19 0.00775

GRU 1 50 256 100 0.00863 0.47 0.52 0.00781

2015-2020 2015-2019 2020

Layer Units Batchsize Epochs RMSE LB DM RMSE

ARMA(2,2) 0.00817 0.71 0.02171

RNN 1 50 256 1000 0.00815 0.09 0.81 0.02038

LSTM x x x x x x

GRU x x x x x x

2016-2021 2016-2020 2021

Layer Units Batchsize Epochs RMSE LB DM RMSE

ARMA (0,2) 0.01230 0.28 0.0086

RNN x x x x x x

LSTM x x x x x x

GRU x x x x x x

2017-2022 2017-2021 2022

Layer Units Batchsize Epochs RMSE LB DM RMSE

ARMA (0,2) 0.01282 0.00 0.01585

RNN 1 50 256 100 0.01228 0.00 0.00 0.01409

LSTM 1 50 256 1000 0.01280 0.00 0.01 0.01408

GRU 1 50 256 1000 0.01270 0.00 0.00 0.01524

Note: The table presents the root mean squared error (RMSE) of the in-sample and and out-of-sample prediction accuracy of optimal ARMA approach and the best 
performing simple recurrent neural nets (RNN), long short-term memory (LSTM), and gated recurrent unit (GRU) networks with 5, 25, 50, 75, or 100 neurons and 
one, two, three, or four layers. For each subperiod, the optimal combination of neurons, batch size, and number of epochs is presented. The p-values of the Ljung–Box 
(LB) test statistic (LB) indicate the existence of autocorrelation of the residuals with H0: residuals do not exhibit autocorrelation. The p-values of the Diebold–Mariano 
(DM) test statistic (DM) indicate the statistical difference between the predicted values of network and the ARMA-benchmark with H0: Two generated time series are 
statistically similar.
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provide evidence that plain vanilla RNNs provide a higher in-
sample and out-of-sample forecasting precision than more com-
plex LSTM and GRU architectures. Due to the fact that trained 
RNNs capture linear autocorrelation structure, RNNs describe 
an adequate substitute for ARMA approaches applied to finan-
cial time series.

Having in mind that applied portfolio management takes into 
account expected return and volatilities of financial assets, our 
findings indicate how artificial intelligence, that is, ML, can 
be introduced to model expected returns. Further, we demon-
strate that plain vanilla RNNs work well with limited training 
data and that properties of ARMA processes can also be identi-
fied via RNNs. Also, our results provide evidence that complex 
LSTM and GRU networks are outperformed by simple RNNs.

The empirical results add to Yadav et al.  (2020) and Bhandari 
et al. (2022); we also find that single layer networks outperform 
multilayer networks; however, our results provide evidence that 
plain vanilla RNNs provide higher precision than LSTM frame-
works. Also, we add to the findings of Siami-Namini et al. (2018) 
who demonstrate that LSTM networks outperform ARMA ap-
proaches for monthly returns of Asian and American indices. 
When the models get trained more than one epoch, we cannot 
confirm the superior performance of LSTMs.

5.1   |   Robustness

In order to assess the robustness of our results, we also study 
the accuracy of the identified RNN, LSTM, and GRU architec-
tures for daily return series of different indices and stocks for 
the same subperiods. Specifically, we have repeated the pre-
sented exercise with major world indices such as NASDAQ-100, 
S&P 500, Hang Seng Index, FTSE100, DAX 30, Russel 2000, 
and CAC 40. Also, we have investigated major stocks such as 
Apple, Microsoft, Amazon, Nvidia, Alphabet Class A, Berkshire 
Hathaway, United Health Groups, and Exxon Mobil. As a result, 
the identified plain vanilla RNN with 50 neurons does not get 
outperformed by the discussed LSTM and GRU architectures. 
Additionally, we have assessed log returns and heteroscedastic-
ity robust standard errors for the DM-test; our results remain 
robust.

6   |   Conclusion

We provide an extensive comparison between econometric time 
series models and ML techniques in the context of univariate 
time series analysis. Based on daily financial return series, we 
study both simulated and empirical data sets and assess fore-
casting accuracy and residuals of competing approaches.

Taking ARMA as a starting point, this study presents a thor-
ough assessment of hyperparameter tuning for competing ML 
approaches. In total, we study 80 different training scenarios 
for competing network architectures and more than 1 million 
simulated and 512,000 empirical daily forecasts. We find that a 
RNN with 50 neurons captures generated time-varying autocor-
relation structure and therefore describes a solid choice for daily 
return series. Furthermore, we provide evidence that additional 

complexity in terms of architecture and depth does not result in 
higher forecasting precision for both daily in-sample and out-of-
sample predictions.

Moreover, both LSTM and GRU architectures are not able to 
capture asset specific autocorrelation structure of daily returns, 
whereas a plain vanilla RNN results in uncorrelated residu-
als and also outperforms the precision of econometric ARMA 
approaches. Hence, due to the less restrictive assumptions of 
RNN, our results provide empirical evidence that RNN with 50 
neurons describes a promising alternative to econometric ap-
proaches applied to economic daily forecasting exercises based 
on realistic sample size.

Consequently, our study serves as a reference for daily forecast-
ing studies. An in-depth assessment of RNNs to assess condi-
tional GARCH-variance describes a logical next step to merge 
the two strings of literature dealing with econometric time se-
ries analysis and ML. Also, an application to applied risk mea-
surement, such as Value-at-Risk, describes a promising area for 
further research.
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Endnotes

	1	Recent literature includes the following: Krauss et al. (2017), Fischer 
and Krauss (2018), Graves (2014), Giles et al. (2001), Gu et al. (2020), 
Xiong et al. (2015).

	2	Please note that we also assess different ARMA parameterizations; the 
results are presented in Section 4.3.

	3	Please note that a detailed list of results is available upon request to the 
authors.

	4	Please note that a detailed list of results is available upon request to the 
authors.

	5	This finding is also valid; if we reduce the dropout rate from 25% to 
10%, results are available upon request.
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