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Abstract: The problem of predicting profitability is exceptionally relevant for investors
and company owners making decisions about investment and business development. The
global literature contains a number of studies where researchers predict the profitability
of firms using various methods, including modern machine learning. However, these
works hardly take advantage of panel data. This paper takes advantage of additional
capabilities offered by panel data and proposes hybrid forecasting methods based on panel
data, which allow significantly improving the accuracy of predicting the profitability. Our
calculations show that when predicting the profitability, investors and company owners
should take into account the profitability of the previous years and the trend in its change.
The work shows that this approach can be successfully applied to high-tech companies
whose profitability is characterised by increased volatility. Prediction forecasting includes
STL-decomposition of time series, regression with random effects and machine learning
(LSTM and CatBoost), and clustering. The training sample includes 1811 companies and
data for 2013-2018 (panel data, 10,866 observations). The test sample contains data for these
companies for 2019. As a result, the authors propose an approach significantly improving
the accuracy of predicting ROA and ROE based on the panel nature of the data. The panel
data allowed using the profitability of the previous years in forecast models and applying
the STL-decomposition of the profitability of the previous years into three variables (Trend,
Seasonal, and Residual), considerably improving the quality of the constructed forecast
models (STL-CatBoost, STL-LSTM, and STL-RE hybrid models).

Keywords: firm’s performance; profitability prediction; ROA; ROE; panel data; machine
learning; CatBoost; long short-term memory (LSTM); clustering; seasonal decomposition of
time series by LOESS (STL); hybrid methods

MSC: 68T20

1. Introduction

Scientists distinguish two main goals of an enterprise: sales growth and increasing
the activity efficiency (or profitability of the firm) [1,2]. This paper explores the second
direction. Two important measures of profitability are addressed. The first is ROA (return
on assets), a fairly stable indicator studied by many scientists. The second is ROE (return on
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capital), a key indicator for investors characterised by high volatility. Based on advanced
mathematical methods, this paper searches for effective methodologies and techniques and
takes advantage of panel data to improve the accuracy of forecasting these indicators [3-5].

The object of forecasting in this paper is the profitability of firms operating in high-tech
industries and services of the Russian economy. Russia is a large country in transition,
having many firms that operate in high-tech industries, representing appropriate samples
for modelling. Currently, the Russian business and stock market are highly undervalued
as foreign investors have left the country. However, Russian high-tech companies show
good profitability and have high growth potential, making them attractive to investors.
Moreover, high-tech business is a priority for investment in the global financial markets, as
it demonstrates high growth rates of business and shareholder value. At the same time, the
high volatility of their financial performance complicates forecasting the profitability of
such companies. This problem can be dealt with by applying hybrid forecasting and taking
advantage of panel data [6,7].

Predicting profitability using modern advanced forecasting remains little studied in
economic science. Linear methods and, in particular, regression are often used to evaluate
and predict various indicators. Despite the relative simplicity of application, linear methods
can give errors and incorrectly reflect real interrelationships of economic indicators. To
solve this problem, machine learning is used, including neural networks, Random Forest,
and others, as well as combinations of these methods. Machine learning already uses
non-linear hidden dependencies [8]. A significant number of authors predict profitability
as a binary variable when using machine learning, for instance, a binary state (positive and
negative) of profitability [9], a decrease or increase in profitability [10], etc. Further work
on increasing the accuracy of forecasts using machine learning can be a consideration of
profitability as an interval variable. Very few such works use this approach and base it on
panel data [11].

The feature of this study is using complex (composite, hybrid) forecasting models
based on panel data. Panel data are multivariate data used in social sciences and economet-
rics obtained by a series of measurements or observations over several time periods for the
same companies or people. Panel data realise complex forecasting techniques where the
target variable (profitability of a firm) is defined depending on other financial indicators of
firms and on the time factor, analysing the time trend in the target variable.

This study predicts a firm’s profitability as an interval variable for three models (sets of
variables) and random effects regression (RE), selected machine learning (CatBoost Regres-
sor (CatBoost)), and a recurrent neural network known as long short-term memory (LSTM).

Researchers note that one of the promising areas of research in forecasting is the
creation of hybrid models combining several data-mining methods [12-15]. Hybrid ap-
proaches are developed taking into account the structure of the source data, sample size
and a number of other indicators, obtaining qualitatively new forecasting results compared
to separately using combined methods. Clustering and Seasonal Decomposition of Time
Series by LOESS (STL-decomposition) were used in this study for data processing. Based
on the results, variables known as factors in forecast models were obtained: STL-CatBoost,
STL-LSTM, STL-RE, STL-Cluster-CatBoost, STL-Cluster-LSTM, and STL-Cluster-RE.

The peculiarity, contributions and novelty of this study are as follows:

(A) From the economic point of view:

- The article confirms the findings of the previous studies on the effect of past

years’ profitability on the current year’s profitability. This result is obtained for

companies in high-tech industries and services of an emerging economy and for
ROA and ROE measures of profitability.
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- For the first time, the work finds a strong influence of past years’ profitability
trends obtained by the STL-decomposition of the profitability of the previous
years on the current year’s profitability. This finding is obtained for enterprises in
high-tech industries and services sectors of an emerging economy and for ROA
and ROE profitability measures.

- The above results are of great practical interest to investors, corporate managers
of firms, policymakers, and economists.

(B) From the mathematical point of view:

- Methods for predicting the profitability of firms based on the analysis of panel
data are tested and developed.

- A hybrid approach is proposed, which consists of using the results of Seasonal
Decomposition of Time Series according to LOESS (STL) decomposition of panel
data as factors for forecast ROA and ROE models of profitability.

- A hybrid approach is proposed, which consists of using the results of clustering
time series by revenue growth as a factor for forecasting ROA and ROE models
of profitability.

In this paper, the second section is a review of the literature devoted to forecasting
a firm’s profitability which formulates the hypotheses of this study. The third section
describes the data, variables, forecasting and their combinations. The forecasting results
are presented in the fourth section, comparing the accuracy of the constructed models and
analysing variance and mathematical tests. The fifth section tests the robustness of the
proposed forecasting techniques and evaluates their accuracy in economic instability. The
discussion of the obtained results, practical recommendations and conclusions are given in
the last two sections.

2. Literature Review and Hypothesis Development
2.1. Firm’s Profitability Prediction

Sales growth and profitability are the most important forecasting economic indica-
tors [1,2] characterising the success of a business as a whole. At the same time, sales growth
is difficult to model and predict, causing a low proportion of an explained variation when
applying regression models [16]. Far more studies are devoted to issues of predicting
profitability and to the study of factors affecting a company’s profitability [7,17-19].

The first main scientific direction related to the study of profitability is modelling
the impact of factors on profitability. The literature explores a wide range of factors:
leverage and firm size [1-4], working capital management and global crises [5,6], customer
relationship management, and innovation [7]. An identification of basic and main factors
influencing profits is an extremely important scientific task. Most scientific papers build
regression models of the effect of factors on profitability to identify patterns and to provide
recommendations to the owners and managers of the company.

The second direction is forecasting the firm’s profitability using the results of the
previous direction and including the factors influencing profitability in the forecasting
models. However, the objectives and forecasting techniques differ significantly from
the first direction. Predicting profitability is of interest and involves special forecasting
techniques and indicators of forecast accuracy. Moreover, predicting profitability using
modern advanced forecasting methods remains little studied in economic science, and
some empirical studies are summarised in Table 1.
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Table 1. Empirical studies, approaches, and methods for predicting profitability.

Type of Last Year’s

Scholars Panel Data Dependent Depe.ndent Methods Profitability as

. Variable
Variable One of Factors
logistic regression;
David Goyeneche . . . dec131or'1 t1"ee; .Ra'ndom
[20] binary variable profit Forest; discriminant -

analysis; and artificial
neural network

Anyaeche C. O.

linear regression and

and Ighf;/]we D.E. interval variable profitability neural network -
Hamit Erdal bagging ensemble models
IThami . . (DecisionStum,
Karahanoglub interval variable ROE RandomTree, and Reduced B
[22] Error Pruning Tree)
Rubén
Lado-Sestayo interval variable profitability multilayer neural network .

Milagros Vivel-Baa
[11]

(deep neural networks)

Darko B. Vukovic,
Lubov Spitsina,
Ekaterina
Gribanova,
Vladislav Spitsin,
and Ivan Lyzin [23]

random effects regression,
individual machine
learning (deep neural
networks—DNN, LSTM,
interval variable ROA and Random Forest), and +
advanced machine
learning consisting of sets
of algorithms (portfolios
and ensembles)

It is important to analyse each of the papers presented in Table 1 to understand the
existing approaches, their strengths and weaknesses, and the place of our study in the
overall context. The study from ref. [20] focuses on predicting the profitability of small
shops in Colombia using non-panel data. The author applies a wide range of classification
techniques, including logistic regression, decision trees, Random Forest, discriminant
analysis and artificial neural networks. The results of this work allow comparing the
performance of different machine learning methods for profitability forecasting tasks but
do not take into account the temporal dynamics and relationships that can be extracted from
panel data. This analysis does not rely on the inclusion of past profitability as a predictor.
The study [22] compares linear regression and neural networks for profitability prediction.
The authors treat profitability as an interval variable but also do not use panel data. The
paper highlights the potential of neural networks to model non-linear relationships but
does not consider the temporal structure of the data. Past profitability is not included in
the analysis. Bagging ensemble methods (bagging ensemble models) based on decision
trees are used to forecast the ROE of Turkish investment banks in [24]. The author uses
panel data, which allows the time dynamics to be taken into account. This study shows the
effectiveness of ensemble methods for financial forecasting tasks but does not investigate
other machine learning methods such as neural networks. It also does not consider past
profitability. The authors of [11] use multi-layer deep neural networks to predict hotel
profitability using panel data. This work demonstrates the benefits of deep learning for
modelling complex relationships between factors affecting profitability. The inclusion of
past profitability as one of the factors significantly improves forecast accuracy. The authors
show that deep neural networks give very good results compared to those of regression
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models. The research [23] compares regression with random effects, individual machine
learning (DNN, LSTM, and Random Forest) and advanced machine learning consisting
of sets of algorithms (portfolios and ensembles) for predicting ROA of retail companies.
The authors use panel data and include past profitability as a predictor. The results show
that machine learning, particularly ensembles, outperforms regression models in terms of
prediction accuracy. This study also emphasises the importance of considering temporal
dynamics and relationships in the data. However, the authors have found no significant
differences in the accuracy of machine learning.

In general, the above-mentioned works confirm the advantages of advanced machine
learning over traditional regression models. Works [11,23] take an important step in using
panel data to improve the accuracy of profitability forecasting. They show that the forecast
accuracy increases significantly if the variable ‘past profitability” is included in the model.
Below we will use these results in developing the hypotheses of our study. Our study
further develops these directions by proposing hybrid forecasting based on panel data.
In contrast to the previous work, we use STL-decomposition to extract the trend, seasonality
and a residual component of past profitability, which allows explaining temporal dynamics
in more detail. We also investigate the impact of a firm’s clustering on forecast accuracy.
Our study contributes to the development of profitability forecasting and may be useful for
investors and managers making decisions under uncertainty.

The problem of predicting profitability is relevant for investors and other stakeholders,
but it has not been sufficiently studied in the world literature due to a number of factors.

First, in the case of profitability forecasting, the methodology is significantly different:

- Two samples are used: a training sample and a test sample.

- Asarule, the profitability forecast is based on the data of the previous years, and only
certain indicators can be referred to the current year.

- Various forecasting methods are used, including machine learning.

- The aim of forecasting is to minimise errors in the text sample, and special indicators
are used to assess the accuracy of the forecast.

Therefore, the literature on profitability forecasting allows identifying significant
factors intended for inclusion in forecasting models but does not solve the problem of
profitability forecasting and the search for effective forecasting.

Second, very few papers in the world literature are devoted to profitability forecasting
based on panel data. This problem is currently under-researched, and there are only
emerging works that look for benefits gained from the use of panel data [24]. Some studies
predict profitability as a binary variable (positive or negative profitability, growth or decline
in profitability) rather than as an interval variable. Such work is unlikely to be of much
help to investors. Other studies treat profitability as an interval variable and use various
approaches and techniques to predict it. Analysis of these approaches and techniques has
revealed the following patterns:

e Itis advisable (necessary) to include last year’s profitability as one of the independent
variables in forecast models. Indeed, a number of studies allow finding a positive effect
between the profitability of a firm in the current year and the profitability of a firm in
the previous year [25]. Last year’s profitability is included in forecast models in [11,23].
Moreover, the work [23] shows that adding last year’s profitability to forecast models
can significantly improve the accuracy of predicting a company’s performance.

e Individual machine learning or advanced machine learning, consisting of sets of
algorithms (portfolios and ensembles), can improve forecast accuracy compared to
regression models, but there is little difference in the accuracy of these methods. New
approaches and techniques are required to improve forecasting accuracy [23].
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Guided by these patterns, the authors of this paper propose new approaches
and techniques to achieve significant improvements in the accuracy of predicting a
firm’s profitability.

2.2. Hypotheses Development

In forecast models, researchers typically add an independent variable (last year’s
profitability) [26], proving that it:

e Significantly increases R? in regression models.
e Noticeably enhances the accuracy of predicting the profitability of the current year in
forecast models.

Therefore, the profitability of the previous year is the main variable determining the
profitability of the current year.

This study goes further and suggests that the profitability of previous years (t — 1,
t — 2,t — 3, etc.) affects the profitability of the current year. Using the panel nature of the
data and the Seasonal Decomposition of Time Series by LOESS (STL), this paper introduces
additional variables (Trend, Seasonal, and Residual) to explain the impact of past years’
profitability on the current year’s profitability.

Seasonal Decomposition of Time Series by LOESS (STL) is decomposing time series
into additive components: trend, seasonal and residual. This method differs from its
analogues (for example, wavelet transform or singular spectral analysis) in its high resis-
tance to outliers and the availability of ready-made libraries and modules in Python. They
significantly simplify the technical implementation of the method. Series decomposition
occurs by smoothing the series using locally fitted regression models (LOESS). The LOESS
algorithm applies locally weighted polynomial regression at each point in the dataset.
Another advantage of STL-decomposition is providing good results for data with different
frequencies. This approach is widely used, for example, in forecasting fuel prices [27],
climate indices (El Nifio Index) [28], tourist flow [29], vegetable prices [30] and in the study
of time series [31].

The widespread use of STL-decomposition is due to the ability of the algorithm to
identify temporal patterns. The main limitation of STL-decomposition is the selection of
parameters (the choice of periodicity in the data) requiring visual (graphical) evaluation.

However, in some studies, the use of STL-decomposition did not improve the quality
of the forecast model; when forecasting fuel prices [27], several approaches were compared,
including STL-decomposition. However, the best generalising ability was obtained by the
Autoregressive Integrated Moving Model Average (ARIMA).

In other studies, results indicate the effectiveness of using methods for decomposing
time series into additive components, involving STL. When using STL-decomposition in
combination with LSTM based on the attention mechanism in forecasting vegetable prices,
the forecast error was reduced by 4-5% [30]. Another example of using STL is forecasting
temperature time series [31], where, using additive decomposition of the temperature time
series, it was possible to achieve the best approximation of the forecast model to the actual
data. It significantly improves prediction accuracy for such problems. However, we are
the first to use it to predict a firm’s profitability based on panel data and a wide set of
explanatory variables.

We expect a significantly increased accuracy of predicting firm’s profitability based on
this approach and are going to test the following hypotheses:

Hypothesis 1. Additional variables (Trend, Seasonal, and Residual) obtained for last year’s
profitability based on Seasonal Decomposition of Time Series by LOESS significantly increase the
accuracy of ROA prediction.
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Hypothesis 2. Additional variables (Trend, Seasonal, and Residual) obtained for last year’s
profitability based on Seasonal Decomposition of Time Series by LOESS significantly increase the
accuracy of ROE prediction.

Researchers compare the quality of forecast models and methods to determine the best
ones and improve the forecast accuracy. Some forecasting approaches are associated with
machine learning and include DNN [11,32], LSTM [33], Random Forest [34], etc., assuming
the presence of non-linear latent dependencies. The prediction accuracy of these methods
is compared to traditional regression, based on linear dependencies [35]. Moreover, these
methods are compared to each other in terms of prediction accuracy. The researchers have
obtained conflicting results:

e Most works confirm the advantage of machine learning (LSTM [36], neural net-
works [10,37,38], and so on) over regression. Classical approaches (random effects
model for panel data) were considered, whose use in [35] allowed obtaining fairly good
results. More modern approaches were also considered: artificial neural networks,
including LSTM [39,40]; the CatBoost algorithm [36]; and other machine learning
models [39], confirming the high quality of machine learning models compared to the
regression model.

e Some works do not reveal significant differences between machine learning and
regression [41] or find that regression is better than machine learning [42].

We were guided by the prevailing point of view and formulated the following hypotheses:

Hypothesis 3. Machine learning assuming the presence of non-linear latent dependencies provides
greater accuracy in predicting ROA compared with traditional regression.

Hypothesis 4. Machine learning assuming the presence of non-linear latent dependencies provides
greater accuracy in predicting ROE compared with traditional regression.

Clustering is a machine learning problem widely used in applications for grouping
many objects into some subsets (clusters) based on the similarity of these objects. That is,
objects within a cluster should be more similar to each other than to the objects from other
clusters. Clustering is used in such applications as mobile networks [43], economics [44],
energy [45,46], ecology [47], driver behaviour on the roads [48], medicine [49], construc-
tion [50], agriculture [51], seismology [52], etc. In most works, clustering allows better
performance of the forecast model to be obtained. Hence, the clustering of pharmaceuti-
cal sales data, described in [53], made it possible to identify and evaluate the impact of
seasonality on drug sales and improve the forecast model based on these data. Another
example of clustering is grouping days by meteorological factors when predicting electricity
generation by photovoltaic installations [54], supplementing the factor space of the forecast
model and improving its quality.

However, clustering does not always provide the best quality of the model. The main
limitation of using clustering is the large amount of data for participation in clustering to
achieve better results [55]. Therefore, we have formulated hypotheses tested experimentally
using our dataset.

We tested the following hypotheses:

Hypothesis 5. Adding clustering for an independent variable (Growth) improves the accuracy of
ROA prediction.

Hypothesis 6. Adding clustering for an independent variable (Growth) improves the accuracy of
ROE prediction.
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To test hypotheses, we additionally applied non-parametric (rank) prediction measures
(median, 25-75% quartile range of absolute errors and squared errors) and analysis of
variance to identify significant differences in absolute profitability prediction errors.

3. Materials and Methods

In this work, a hybrid approach is proposed that combines the advantages of panel
regression and machine learning to improve the accuracy of a firm’s profitability forecasting.
Panel regression, in particular random effects models, allows considering firm-specific
unobservable characteristics and controlling sample heterogeneity. However, regression
methods are limited in modelling complex non-linear dependencies that may exist between
the predictors and the target variable. To address this issue, machine learning methods
(CatBoost, XGBoost, and LSTM) are integrated that are able to identify and exploit these
non-linear dependencies. The integration is achieved by training ML-models on the same
features as in panel regression models, as well as on additional variables obtained as a result
of STL-decomposition. It is important to note that we do not train separate ML-models for
each firm but use a pooled sample, which allows the model to generalise patterns to the
entire dataset. To account for interfirm differences, ML-models include variables reflecting
the individual peculiarities of each firm (e.g., industry affiliation, size, age, etc.).

The method used in this paper to forecast the profitability (ROA and ROE) of compa-
nies is shown in Figure 1. The proposed approach to forecasting the profitability (ROA and
ROE) of companies includes several key stages presented in Figure 1. The process begins
with data collection and preprocessing, followed by the formation of variables, including
standard factors and variables based on the hypotheses under study, as well as the results
of STL-decomposition. Next, companies are clustered by growth indicators, after which the
data are divided into training and test samples. Various models (fixed effects regression,
CatBoost, XGBoost, LSTM) are built and trained on the training sample. Forecasts obtained
on the test sample are assessed using various accuracy metrics. The best model is selected
based on the comparison of forecast accuracy using the Wilcoxon criterion. Finally, the
stability of the results is checked in conditions of economic instability.

The step-by-step forecasting algorithm is as follows:

(1) Data collection and preprocessing:

e  Collect the data on the financial performance of companies for the period of
2013-2019 from the SPARK IS.
e  Perform data cleaning, missing value processing, and data formatting.

(2) Formation of variables:
e Calculate dependent variables (ROA, ROE) and independent variables (Last
year’s profitability, Size, Growth, FATA, Leverage, Turnover, Age, and Mean_ind).
e  Perform STL-decomposition of profitability time series for previous periods
(2013-2018) to obtain Trend, Seasonal, and Residual variables.
e  Cluster companies by the Growth indicator using the K-means algorithm to
determine the Cluster variable.

(3) Separation of the data into training and test samples:

e  Separate the data into training (2013-2018) and test (2019) samples.

e  Normalise (Z-normalisation) the variables separately for training and test samples.
(4) Training the models:

e Train fixed effects regression models, CatBoost, XGBoost and LSTM on the
training sample.
e  Set the model hyperparameters using cross-validation.
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Beginning

h 4

Data collection and preparation » Formation of variables for models

Standard variables affecting profitability (FATA,
Size, Leverage, past profitability, etc.)

Tested variables according to hypotheses

STL decomposition Clustering of companies

{Trend, Seasonal, Residual) by Growth

Separation into training and test samples

Training sample Model building and » Test sample
\A training: CatBoost, LSTM, ¢
Random Effects
Regression ROA and ROE forecast

End

v

Forecast accuracy indicators (MAE, MSE, RMSE, R2, Median)

!

Comparison of forecast accuracy and selection of the best model (Wilcoxon test)

v

Checking the robustness of the results for a period of economic instability

Figure 1. Simplified representation of the algorithm of forecasting the profitability (ROA and ROE)
of companies.

(5) Model evaluation:

e  Apply the trained models to the test sample for obtaining profitability forecasts.

e  Calculate forecast accuracy metrics (MAE, MSE, RMSE, R?, and median).

e  Analyse the dispersion of absolute forecast errors to compare different models
and methods.

e  Check the hypotheses using the nonparametric Wilcoxon test.

(6) Choice of the best model:

e  Select the model that provides the best forecast accuracy on the test sample.

(7) Testing the stability of the results:

e  Test the robustness of the results for 2020 and 2021 to ensure that the hybrid
method does not lose its advantages during the periods of economic instability.

The forecasting process starts with data collection and preparation followed by the
formation of variables, including standard factors and variables based on the research
hypotheses and STL-decomposition results. Next, the companies are clustered by growth
indicators, after which the data are divided into training and test samples. Various models
(regression, CatBoost, LSTM, regression with random effects) are built and trained using the
training sample. The predictions obtained on the test sample are evaluated using various
accuracy metrics. The best model is selected based on a comparison of the prediction
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accuracy using the Wilcoxon criterion. Finally, the robustness of the results during economic
instability is tested.

The choice of CatBoost and LSTM algorithms is due to their high performance for
time series forecasting problems [29-31,39]. The advantages of CatBoost are the speed
of the algorithm owing to training on several GPUs ensuring high accuracy by reducing
overfitting and the ability to automatically select hyperparameters using the GridSearchCV
cross-validation tool. The LSTM model is a type of recurrent neural network whose
advantage is mechanisms for remembering and combating gradient attenuation. The LSTM
architecture includes “gates” or special structures consisting of sigmoid neural networks
and element-wise multiplication operations. They regulate the information flow in a
memory cell, improving the LSTM performance compared to other recurrent networks.

In addition to economic indicators, the results of the decomposition of time series of
each company (with a lag of 1 year) obtained using the STL algorithm were submitted as
input factors to the forecast models, which improved their quality for all regression models
(random effects, XGBoost, CatBoost, and LSTM).

e  The influence of the factors obtained after STL-decomposition was assessed in com-
parison with those (lags of the target variable), concluding a greater influence of the
former. Consequently, the inclusion of lags of the target variable, decomposed into
additive components using STL, in forecast models increases its generalising ability of
profitability (ROA and ROE).

e  The accuracy of predictive methods is assessed by parametric and non-parametric
(rank) prediction measures. This study uses ANOVA to identify differences between
absolute forecast errors and to determine the best models and methods for predicting
a firm’s profitability.

3.1. Data

The sample of companies consists of 1811 Russian firms operating in high-tech indus-
trial or service sectors. The company data were obtained from SPARK IS; the upload date
was 14 March 2023. The criteria for inclusion were as follows:

e  Sales of products of more than RUB 50 million annually from 2012 to 2019.

e A firm belongs to one of the following high-tech sectors (according to OKVED 2.0 or
NACE Rev. 2): manufacture of basic pharmaceutical products and pharmaceutical
preparations; manufacture of computer, electronic and optical products; computer
programming, consultancy and related activities; information service activities; and
scientific research and development.

The firms meeting these criteria were included in the sample. Companies’ financial
indicators were sourced from the Spark Information Systems [56].

For the case of ROA, the scope of this study was from 2012 to 2019. According to
forecasting techniques, it was divided into two periods:

e  The training period (2013-2018) allowed training models and identifying relationships
between variables. The panel data include 10866 observations (1811 firms x 6 years).
We lost one year (2012) of observations as we calculated the growth rates of sales and
used the “last year’s profitability” variable.

o  The test period (2019) predicted the profitability of firms. It included 1811 observations
(1811 firms x 1 year).

For the case of ROE, the training period and the test period are the same. However,
the number of firms in the sample decreased to 1031 firms. We excluded highly lever-
aged firms with debt capital exceeding 80% of assets to eliminate division by zero when
calculating ROE.
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3.2. Variables

Dependent Variables. The company’s net return on assets (ROA) and net return on
capital (equity) (ROE) are dependent variables characterising the efficiency of the enterprise.
This approach to measuring a firm'’s performance is widely used in modern economic
research [57-60]. The choice of these indicators is due to several reasons. Firstly, ROA is a
relatively stable indicator of profitability because net profit is divided by the value of assets,
being less volatile. ROA characterises the return on all of the company’s assets, simplifying
modelling and forecasting. Secondly, ROE is a key metric for investors reflecting the return
on capital invested in a company and allowing comparison with alternative investments.
Despite its volatility, ROE assesses the attractiveness of a business to investors. The authors
exclude highly leveraged firms from the analysis to avoid distorting ROE when dividing
by small or negative equity values.

ROA is calculated as the ratio of net profit to the firm’s assets multiplied by 100%.
ROE is calculated as the ratio of net profit to the firm’s capital (equity) multiplied by 100%.

Independent Variables. In accordance with the purpose and the formulated hypothe-
ses, we examined the effect of three independent variables on the firm’s profitability:

e Lastyear’s profitability (ROA t — 1 or ROE t — 1) [11,25].

e  Firm’s size (Size) operationalised using the natural logarithm of the firm's total assets.
To ensure temporal consistency in value terms, adjustments are applied based on the
inflation index [61,62].

e  Sales growth (Growth) measured as the ratio of difference in the revenue between t
and (t — 1) years to the revenue in the (t — 1) year [63-65].

e  Share of fixed assets in total assets (FATA) [59,66].

e Leverage calculated as the share of borrowed funds in the assets [4,67].

e  Asset turnover (Turnover) measured as the ratio of revenue to the company’s assets
serving as a control for the company’s efficiency to generate sales [68].

e Firm’s age (Age) measured as a number of years since the company’s establishment
according to the SPARK database [26,67].

e  Mean_ind variable reflecting differences in the firm’s performance across industries
and years [23].

e Trend, Seasonal, and Residual variables obtained by means of STL-decomposition
of the variable of last year’s profitability. A technique of STL-decomposition is de-
scribed below.

e  Cluster variable obtained when clustering by a Growth variable. The clustering
technique is described below.

Profitability was predicted based on current-year sales and values of most other
variables in the previous years. That is, to predict the profitability for year t, we used the
Growth variable for the t year and most of the other variables (FATA, Leverage, Turnover,
Mean_ind, etc.) for the past year (t — 1).

3.3. Formation of Training and Test Samples

A set of initial data was divided into training (2013-2018) and test (2019) samples. The
mean (Z-normalisation) normalised peculiarities according to (1) separately for a training
sample and a test sample:

Xi — X

X =
Ox

(1)

The variables are standardised according to [69]. Standardisation reduces problems of
multicollinearity, especially in cases of interaction between variables (e.g., the square of
revenue growth). Then, the square of the sales growth rate (Growth?) was calculated by
squaring the normalised Growth value.
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3.4. STL-Decomposition and Calculation of Trend, Seasonal, and Residual Variables

To obtain new factors for models and to study their influence, decomposition took
place according to seasonal trends using locally selected regression models (LOESS) of
time series of firms (hereinafter an STL-decomposition) into trend, seasonal and residual
components according to (2):

Yi =T+ S; +R; 2)

where T, S;, and R; are trend, seasonal, and residual components; Y is the target variable
(ROA and ROE); and i =1, .. ., n, where n is the length of the time series.

STL-decomposition is decomposing the time series into additive components, accord-
ing to hypothesis 3, allowing the obtainment of new results by applying them as predictors
taken with a lag of 1 time interval (in this case, a year).

Stages of STL-decomposition were summarised as follows. An STL module was im-
ported from the Python 3.12 statsmodels.tsa.seasonal library. Then, a function performing
STL-decomposition in a cycle for each company was created. The decomposition param-
eters were period = 2 and seasonal = 3; other parameters were set by default. A Period
parameter is a periodicity of a sequence, and a Seasonal parameter specifies a length of
a season (always an odd integer). These parameters were selected experimentally when
decomposing a series and removing a noise component. An error calculated in (3) with an
initial series did not exceed 2.5%, which is acceptable.

The period and seasonal parameters of STL-decomposition play an important role in
the capacity of time series decomposition. The period parameter determines the period
of seasonality in the data. In our case, the data represent annual financial indicators of
companies, and we aim to highlight intra-annual seasonality. This is absent from annual
data, but there may be cycles associated with reporting and planning. Therefore, we
decided to set period = 2, allowing the algorithm to highlight relatively short cycles in the
data. The seasonal parameter determines the window length for smoothing the seasonal
component. The seasonal = 3 value was chosen to ensure sufficient smoothing without
causing excessive loss of information about time changes.

To justify the choice of the parameters and to assess their impact on the forecasting
results, a sensitivity analysis was conducted. Within the framework of the analysis, the
period parameter (from 2 to 3) and the seasonal parameter (from 3 to 5) varied. The results
showed that changing the parameters in the specified ranges had a minor effect on the
overall forecasting accuracy. But in some cases, it could lead to small changes in the values
of the MAE and RMSE metrics. In particular, increasing the seasonal parameter to 5 led to a
slight decrease in forecasting accuracy for some companies due to excessive data smoothing
and the loss of important information about trends. Based on the analysis, the values of
period = 2 and seasonal = 3 were decided to be kept as optimal for this task, providing a
balance between smoothing and preserving information about time changes:

n—1 _ 3.
MAPE (y, §) = %2 Iylyyl x 100% 3)
=y,

where y; is the actual value for the ith observation; ; is the forecasted (calculated) value for
the ith observation; and 7 is the number of observations.

Such an approach allows obtaining Trend, Seasonal, and Residual variables as additive
components of the initial series (ROA and ROE).

However, to further assess an impact on a target result, all these factors, including
a residual component, were included in models 2 and 3 lagged for 1 time period (year).
Information Gain (IG) features were filtered. The essence is to calculate the (H(X)) entropy
of information according to (4) and the relative (H(Y | X)) entropy according to (5). Then,
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a difference in the values (6) is calculated, known as an “Information Gain” value. 1G
characterises a relationship between dependent variables and the target result: the higher
the value of IG, the stronger the influence of the change in the factor on the change in the
target variable. That is, IG is a value by which the uncertainty with respect to Y changes
with an informational addition of each factor relative to the target (Y) variable:

HX) = =) ex P(xi) - logy (p(xi)) €y
where p(x;) is the probability that the X variable will take a value of x;,
HYIX) = 2, p(xi) - HOYIX = x3), ©)
where H(Y | X = x;) is the entropy calculated for records when X = x;,
IG(Y IX) = H(Y) — H(Y I X) (6)

This approach allows obtaining a ranked list of factors ordered by the magnitude of
their influence on the target variable (Figure 2 for ROA, Figure 3 for ROE).

Trend
ROA_t-1
Seasonal
Residual
Turnover
Leverage

Growth

Features

Growth?2
Age

FATA

Size
Mean_ind
Cluster

0.0 0.1 0.2 0.3 0.4 0.5 0.6
IG

Figure 2. Influence of factors on return on assets (ROA).

3.5. Clustering Firms and Defining a Cluster Variable

Using a K-means algorithm, group firms were clustered depending on the values of
target variables. Taking into account limitations for each of the samples, each sample was
clustered separately. During clustering, K-means uses the Euclidean distance between
points as a metric.

The optimal number of clusters was found using the Silhouette analysis algorithm
involving the calculation of indicators of “cohesiveness” and “separation”. “Cohesiveness”
allows measuring a similarity of points in one cluster, being a kind of an intra-cluster metric.
Let C be a cluster, and x;, Xj € C be two points in this cluster. A distance (d) between x; and
xj can be considered as a measure of their similarity. Based on it, we can determine the
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connectivity of x; in the C cluster according to (6) as an average distance between x; and
other points x; in the C cluster:

a; = meanyjec (d(x;, X)) @)

The “separation” indicator is an intercluster indicator characterising non-intersections
of clusters. A separation of x; € C; is calculated as a minimum average distance between x;
and other clusters according to (7) when C; # C;:

b; = min(meanyjec, (d(x;, Xj))) (8)

Trend
ROE_t-1
Seasonal
Residual
Growth
n Turnover
g
2 FATA
©
]
L Leverage
Age
Growth2

Mean_ind

Size
Cluster

0.

o

0.1 0.2 0.3 0.4 0.5 0.6
IG

Figure 3. Influence of factors on return on equity (ROE).

A silhouette value of s; represents a combination of connectivity and separation
conditions according to (9). A range of acceptable values for the silhouette is [-1, 1]. The
closer the silhouette value to 1, the better the clustering quality.

bi — aj
L= T 9
5 max(a;, b;) ©)

In this study, for all the samples, a silhouette value was more than 0.5, indicating a
sufficient quality of selection of the optimal number of clusters. After that, the optimal
number of clusters was calculated for each sample; they were clustered using the K-means
algorithm, including the following steps:

Setting the optimal number of k clusters as a parameter.

Randomly placing k centroids into the data space.

For each point in the dataset, calculating which centroid it is closer to.

Moving each centroid to the centre of the sample that we assigned to this centroid.

ARSI

Repeating the last two steps until centroids “converge” (their displacement relative to
the previous position does not exceed some predetermined small value) [70].

Such an approach allows obtaining a Cluster variable taking values from 0 to n, where
n is an optimal number of clusters. The number of clusters was 5 for ROA and 4 for ROE.

Therefore, the Cluster variable is grouping firms by a target indicator, and its values at
the input are the numbers of groups into which the firms were combined.
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3.6. Models
3.6.1. Regression Analysis

This research applies regression analysis to the panel data. The regression model
based on the Ordinary Least Squares (OLS) method is considered inadequate. For panel
data analysis, either fixed-effects or random-effects models are commonly used. In this
study, random-effects models are examined because the RE model assumes that individual
effects (unobservable factors affecting each firm’s profitability) are not correlated with the
independent variables included in the model. In contrast to the fixed effects (FE) model, the
RE model estimates these individual effects as random variables. They allow accounting
for both intra-firm (changes in profitability within the same firm over time) and inter-firm
(differences in profitability between different firms) variations. The choice of RE approach
is driven by the desire for greater estimation efficiency because the RE model provides
more accurate coefficient estimates than the FE model does. This assumes the fact that
individual effects and regressors are uncorrelated. If the individual effects were correlated
with the independent variables, the FE model would be more appropriate, as it eliminates
the bias caused by such correlation. However, based on theoretical considerations and
preliminary data analysis, we assumed that uncorrelatedness is a reasonable assumption
for our sample, justifying the use of the RE model.

To confirm the adequacy of the choice of the random effects model, the Hausman test
was conducted. The test results did not reveal statistically significant differences between
the estimates obtained using fixed and random effects models (p > 0.05), which further
justifies the choice of the random effects model.

In line with the common practice of analysing panel data using the random effects
model (10), this paper assumes that the random individual effects (y;) have a normal
distribution with mean 0 and constant variance. There is no supposed correlation between
individual effects (y;) and first-level random disturbances (¢;;), and no autocorrelation
between first-level random disturbances. The general formula for a regression model with
random effects is [26]:

Yy = Intercept + Xj; X B+ u; +éej4, (10)

where:

Intercept is the constant;

Xj; is a variable;

B is a coefficient for each variable;

; is random error invariant in time for each object;
&;+ is model regression residual.

Since the Ordinary Least Squares (OLS) method was inadequate for panel data analysis
(Section 3.6.1), the Generalised Least Squares (GLS) method was used to estimate the
parameters of the random effects model. GLS considers the correlation structure between
observations within each firm, improving the efficiency of the estimates.

The models are presented in Table 2, where ROA and ROE are dependent variables.

The first model predicts the profitability of firms based on a standard set of variables.
It is calculated using three methods (regression with random effects, CatBoost, and LSTM)
and allows comparing their accuracy while working with a standard set of variables.

The second model adds Trend, Seasonal, and Residual variables derived from
STL-decomposition. It tests hypotheses No. 1.1 and No. 1.2 about the influence
of STL-decomposition on the accuracy of predicting the profitability (STL-CatBoost,
STL-LSTM, and STL-RE). Model No. 2 compares the accuracy of forecasting meth-
ods (regression with random effects, CatBoost, and LSTM) and testing hypotheses
Nos. 2.1 and 2.2.
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Model No. 3 adds a Cluster variable derived from clustering (STL-Cluster-CatBoost,
STL-Cluster-LSTM, and STL-Cluster-RE). It tests hypotheses No. 3.1 and No. 3.2 about the
impact of clustering on the accuracy of predicting the profitability.

Table 2. Regression models and their variables.

N Variables Model 1 Model 2 Model 3
1 FATA + + +
2 Size + + +
3 Leverage + + +
4 Turnover + + +
5 Age + + +
6 Mean_ind + + +
8 ROAt—-1/ROEt—-1 + + +
9 Growth + + +
10 Growth? + + +
11 Trend + +
12 Seasonal + +
13 Residual + +
14 Cluster +

According to Table 2, formulas of the regression model with random effects for model
1 are as follows:

ROA = Intercept + 1 x FATA + B, x Size+
+B3 x Leverage + B4 x Turnover + B5 x Age+ (11)
+Bs x Mean_ind + B7 x ROE;_1 + Bg x Growth + B8 x Growth? + u; + €jf;

ROE = = Intercept + B x FATA + By x Size+
+B3 x Leverage + B4 x Turnover + B5 x Age+ (12)
+B6 X Mean_ind + B7 x ROE,_1 + Bg x Growth + B8 X Growth? + Ui+ €i;

To minimise the problems of multicollinearity, all independent and control variables
of regression models were standardised according to [23].

The choice of the random effects (RE) instead of the fixed effects (FE) was driven by
the assumption that there was no correlation between individual effects and the regressors
included in the model (Section 3.6.1). While it is recognised that the estimates from the
RE model may be biased when the number of time periods is small (T = 6), the use of
GMM methods (e.g., Arellano-Bond estimator) was rejected for the following reasons. First,
GMM required a larger number of time periods to obtain reliable estimates, which is not
appropriate for our sample size. Second, preliminary experiments using GMM did not
show a significant improvement in results compared to the RE model. Moreover, Hausman
tests (if conducted) did not reveal a statistically significant difference between the estimates
obtained using the RE and FE, which also confirms the adequacy of using the RE model.

To avoid inaccuracies, ¢;; in formula 10 should be interpreted as random disturbances
of the first level and not as residuals being their estimates.

It is important to note that when using ML-models (XGBoost, CatBoost, and LSTM)
together with the random effects model, the random effects model is estimated firstly, and
then the predicted random effects values were used for each firm as one of the input features
for the ML-model. This allows the ML-model to directly take into account individual firms’
effects and improve the prediction accuracy.

3.6.2. Gradient Boosting CatBoost Model

CatBoost Regressor implements a gradient boosting algorithm and is an ensem-
ble method based on decision trees. The CatBoostRegressor uses categorical variables,
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L2-regularisation and other opportunities. The choice of this algorithm is justified by
results of analysing modern research on predicting economic indicators [71-73].

The CatBoost Regressor is an effective forecasting tool in various fields, including
in economics. For example, ref. [71] shows that CatBoost Regressor allowed predicting
the price of cryptocurrency with high accuracy (R? = 0.9858 calculated according to (13)),
surpassing the results of XGBoost and LightGBM. Similar conclusions about the high
efficiency of CatBoost are presented in [72,73].

> (5, — )
Ri(y,9) =15 - (13)
Lyi—y)

_
Il
—

The main parameters of the model are iterations (a number of iterations), loss_function
(a function of losses), learning_rate (rate of learning), and depth (a depth of the trees).
A difference between this algorithm and the Random Forest algorithm is a consistent
improvement of decision tree models when each subsequent decision tree model in the
ensemble is built considering the results of the previous model.

At each iteration of a gradient descent, model parameters are updated according to
(14) in the direction that is opposite to a gradient of the loss function:

0=0-n-Ve](0), (14)

where 1) is the step of a gradient descent known as learning rate; 6 is the model parameter;
and V] (0) is the gradient of the loss function (J) by the 6 parameter.
In this study, the loss function is a root-mean square error (RMSE):

1 n
RMSE(y, §) = [~} (v = 9)° (15)
i=1

CatBoost Regressor implements the gradient boosting algorithm and is an ensemble
method based on decision trees. The choice of this algorithm is conditioned by its high
performance, the ability to effectively process category features and resistance to overfitting,
which is especially important when working with economic data. CatBoost effectively copes
with heterogeneous data, providing the possibility to simultaneously process numerical and
categorical features without the need for the preliminary encoding of the latter. However,
CatBoost requires the careful setting of hyperparameters to achieve optimal accuracy and
prevent overfitting.

For each of the models (Table 2), the parameters were selected using GridSearchCV.
The hyperparameters in GridSearchCV were set as follows: cv = 3, estimator = CatBoostRe-
gressor (verbose = 0), param_distributions = param_grid, where param_grid = {“iterations”:
[100, 500, 1000], “learning_rate”: [0.01, 0.03, 0.05], “depth”: [4, 6, 8, 10], “12_leaf_reg”: }. As
a result, the optimal parameters of CatBoost are as follows: a depth = 10; L2 regularisation
(12_leaf_reg) = 1; a learning rate = 0.03; and a number of iterations = 1000. The results of the
model quality assessment are presented in Tables 3—-6.

The panel data were transformed into a format suitable for CatBoost as follows: each
observation was a row with indicators for a specific company in a specific year. To account
for time dependence, lags of dependent and independent variables were included in the
model. In this work, a lag of one year (t — 1) was used. CatBoost works well with category
features. The Mean_ind variable, reflecting differences in a firm’s performance across
industry and years, was treated as a category attribute.
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Table 3. Accuracy of ROA forecast models (test dataset).
Model Algorithm MAE MSE RMSE R? Median
1 8.80 206.36 14.36 0.47 5.01
2 CatBoost 5.99 90.13 9.49 0.77 3.58
3 5.94 89.39 9.46 0.77 3.47
1 9.12 229.44 15.15 0.41 522
2 LSTM 6.41 112.37 10.6 0.71 3.55
3 6.43 114.18 10.68 0.71 3.8
1 Random- 11.85 320.85 17.91 0.18 8.04
2 effects 6.39 101.99 10.09 0.74 4.01
3 model (RE) ¢ 38 101.68 10.08 0.74 3.99
1 9.06 212.35 14.86 0.43 5.13
2 XGBoost 6.19 103.84 9.97 0.73 3.56
3 6.22 105.58 9.92 0.73 3.59
Table 4. Accuracy of ROA forecast models (train dataset).
Model Algorithm MAE MSE RMSE R? Median
1 7.45 151.22 12.25 0.65 4.08
2 CatBoost 6.11 95.22 9.75 0.75 3.64
3 6.05 90.85 9.10 0.76 3.51
1 8.50 181.95 13.40 0.55 4.50
2 LSTM 7.00 119.12 10.8 0.68 4.00
3 7.10 122.72 10.14 0.67 410
1 Random- 12.42 353.56 18.81 0.19 8.29
2 effects 6.63 107.35 10.36 0.76 3.98
3 model (RE) ¢ 63 107.27 107.27 0.76 4.02
1 8.31 198.27 14.15 0.49 4.80
2 XGBoost 6.15 95.25 9.48 0.74 3.51
3 6.10 93.31 9.41 0.75 3.49

To prevent overfitting, L2 regularisation (12_leaf_reg = 1) and early stopping with error

monitoring on the validation sample were used. Early_stopping_rounds was set to 50. This
avoided overfitting and improved the generalisation ability of the model. CatBoost does
not have built-in mechanisms for explicitly modelling individual effects, as is carried out
in fixed- or random-effects models. However, including time lags and category features
allows the model to indirectly consider these effects.

The calculations were performed using the CatBoost library in Python. The model
was trained using a CPU. Using the graphical processor did not significantly increase the
training speed due to the small sample size.

To prevent overfitting, CatBoost used L2 regularisation (12_leaf reg = 1) and early
stopping (early stopping) with error monitoring on the validation sample. This avoided
overfitting and improved the generalisability of the model. Subsequent analysis of the
metrics on the training and test samples showed that CatBoost demonstrated little evi-
dence of overfitting. The differences between the RMSE values on the training and test
samples (factor set according to model 3) are 0.36 for ROA and 2.86 for ROE. L2 reg-
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ularisation (12_leaf rag = 1) allowed reducing the overfitting effect and improving the
model’s generalisability.

Table 5. Accuracy of ROE forecast models (test dataset).

Model Algorithm MAE MSE RMSE R? Median
1 14.81 627.66 25.05 0.52 8.53
2 CatBoost 10.66 317.06 17.81 0.76 6.19
3 10.59 324.43 18.01 0.75 5.72
1 15.87 786.97 28.05 0.4 8.74
2 LSTM 10.65 352.19 18.77 0.73 5.79
3 11.58 380.08 19.49 0.71 6.65
1 Random. 2421 1141.26 33.78 0.13 18.27
2 effects 11.97 385.03 19.62 0.71 7.07
3 model (RE) 15 09 388.57 19.71 0.7 7.35
1 15.42 690.45 27.09 0.47 8.68
2 XGBoost 10.65 364.58 18.83 0.73 5.62
3 10.94 374.31 19.09 0.72 6.35

Table 6. Accuracy of ROE forecast models (train dataset).

Model Algorithm MAE MSE RMSE R? Median
1 10.24 226.65 19.09 0.75 6.61
2 CatBoost 9.68 203.57 15.27 0.78 5.97
3 9.65 200.23 15.15 0.79 5.94
1 1537 590.24 24.29 0.49 8.93
2 LSTM 12.85 405.91 19.15 0.68 7.88
3 13.40 425.88 18.64 0.66 8.09
1 Random. 27.42 1816.43 1262 0.21 19.39
2 effects 13.41 520.61 22.82 0.78 7.92
3 model (RE) 13 41 519.54 22.79 0.78 7.93
1 14.20 489.53 2213 0.67 8.13
2 XGBoost 10.30 292.09 17.09 0.79 6.27
3 10.35 297.72 17.25 0.78 6.27

CatBoost, in contrast to fixed- or random-effects models, does not have built-in mech-
anisms for explicitly modelling individual effects. However, our model includes the
‘Mean_ind’ variables (a category feature reflecting differences in a firm’s efficiency across
industries and years) and profitability lags (ROA t — 1’ or ‘ROE t — 1), indirectly allowing
taking into account individual effects. Therefore, CatBoost is trained on a combined data
sample of all firms, but at the same time, it takes into account their individual characteristics,
which model sample heterogeneity. The training process occurs jointly for all companies.

3.6.3. Recurrent Neural Network LSTM Model

A model of a recurrent neural network of long short-term memory (LSTM) was created
in TensorFlow Keras. Artificial neural LSTM networks are widely used in predicting
economic indicators when forecasting gold prices [74], economic activity and individual
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economic indicators analysing news sentiment [24]. LSTM networks are described in detail
in [75].

A structure of the recurrent LSTM neural network was selected during a series of
experiments. The Keras library tuner tool was used for its automated selection. The selected
parameters were the number of hidden layers, the number of neurones in the layers, the
type of the activation function, and the type of the optimiser. The hyperparameters in
the tuner for the best of the selected architectures were objective = RMSE, max_trials = 5,
seed = 42, and project_name = Regression. It consisted of an input, output and five hidden
layers: two LSTM layers of 16 and 32 neurons, a linear layer of 32 neurones, an LSTM
layer of 25 neurones, a linear layer of 25 neurones, and an output layer. A ReLU activation
function was used for all hidden layers (16):

ReLU(x)= max(0, x), (16)

where x is the value calculated by summing offset and multiplying input values of a
neurone by weight coefficients. If input data are negative, ReLU takes the value of 0.

An optimisation Adaptive Moment Estimation (Adam) algorithm was used, according
to which a parameter update rule was used to calculate network parameters (17):

n .
0 1= et i~ mi 17
t+ Bre 17)
where 1 is the vector of the first moment (accumulation of a gradient of the target function
using an exponential moving average) calculated according to (17); 9t is the second moment
vector (a moving average of squares of recent gradients) calculated according to (18); and
¢ is the smoothing parameter required to avoid division by 0.

m = Byme_1 + (1 - B1)g, (18)

where 3 is the variable controlling the moving average. Usually, 3 = 0.9 means that gradi-
ents are averaged according to the last 10 iterations. Moreover, g; is the V] (6;) gradient.

v = Baveq + (1 — B2)g? (19)

The rest of the neural network parameters were the loss function as an average square
error (15); the learning rate (learning_rate) was taken as 0.01. The training of the neural
network was divided into batches, whose optimal size was 64. A convergence of the results
was obtained at 200 epochs.

For each company, a time sequence of values of the dependent and independent
variables was formed. The sequence length corresponded to the number of years in the
training sample (6 years). LSTM took a three-dimensional tensor (batch_size, timesteps,
features) as input, where batch_size was the number of companies in the package, timesteps
were the length of the time sequence (6 years), and features were the number of features
(independent variables). In this LSTM re-implementation, stateful = True was not used
because the LSTM state was reset after processing each sequence. Using stateful = True
could allow LSTM to retain information about the previous states and account for individual
effects, but this would require more careful tuning and could lead to overfitting. Since
statefulness was not used, individual effects were accounted for by including variables such
as Mean_ind (a categorical attribute reflecting industry and year characteristics) and ROA
t — 1 or ROE t — 1 (lagged profitability values) in the signs. L5TM, as well as CatBoost,
did not have built-in mechanisms for the explicit modelling of individual effects, as it
was performed in models with fixed or random effects. However, the formation of time
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sequences and the inclusion of appropriate attributes allowed the model to consider the
temporal structure and individual characteristics of companies.

One-time lag (lookback = 1) was used when generating input data for LSTM, i.e., the
data for the previous year (t — 1) were used to forecast the profitability of the company
in the current year (t). The use of more lags did not lead to a significant improvement
in forecasting accuracy and increased the risk of overfitting. Subsequent analysis of the
metrics on the training and test samples showed that the LSTM model demonstrated little
evidence of overfitting. The difference between the RMSE values on the training and test
samples was 0.54 for ROA and 0.85 for ROE.

The computations were performed using TensorFlow and Keras libraries in Python
with a CPU. Using the graphic processor did not result in a significant increase in training
speed due to the relatively small sample size.

Similarly to CatBoost, LSTM does not have built-in mechanisms for explicitly mod-
elling individual effects. However, generating time series and including relevant attributes
(e.g., ‘Mean_ind’, 'ROA t — 1’ or ‘ROE t — 1’) allows the model to consider the time struc-
ture and individual characteristics of firms. LSTM is trained on the pooled data sample of
all firms, rather than on individual data for each firm.

3.6.4. Extreme Gradient Boosting XGBoost Model

Extreme Gradient Based Boosting (XGBoost) is an ensemble algorithm; the ensemble
of models is combined using boosting and trains a sequence of models using information
about the errors of the previous model while also combining predictions and taking into
account the weights of each model in the ensemble (weighted voting). Similarly to Cat-
Boost, XGBoost has the option of stopping the learning cycle early (early_stopping_rounds
parameter equal to 5 in this study), improving the performance.

According to the models described in Table 2, the parameters were selected using
the GridSearchCV cross-validation tool for each set of factors. The best set of parameters
included the number of trees (n_estimators = 314), the learning rate (learning_rate = 0.03),
the regularisation parameter (12_leaf reg = 1), the maximum depth of the decision tree
(depth = 4), and the total number of iterations (iterations = 100).

The panel data were transformed into a format suitable for XGBoost similarly to
CatBoost. Lags of the variables and a category feature (Mean_ind) were included in the
model to consider time dependencies and individual characteristics of firms. XGBoost does
not have built-in mechanisms for explicitly modelling individual effects, as is carried out
in fixed- or random-effects models. But the inclusion of time-lag variables and a category
feature allows the model to indirectly take into account these effects.

The calculations were performed using the XGBoost library in Python using a CPU.
Using the graphic processor did not lead to a significant increase in training speed due to
the relatively small sample size.

The computational cost of training the models is presented in Tables 7 and 8. The
training time is short due to the small sample size and the possibility of early stopping
the training cycle (early_stopping_rounds) if each subsequent model in the ensemble does
not improve.

The difference between the RMSE values on the training and test samples, set according
to model 3, is 0.51 for ROA and 1.84 for ROE.
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Table 7. Computational efficiency—ROA.

Algorithm Model Training Time (s) Memory Consumption (MB)
1 29.7 0.4
CatBoost 2 38.5 04
3 38.9 0.4
1 2455 1.0
LSTM 2 260.9 0.9
3 255.7 0.9
1 0.2 0.3
RE 2 0.1 0.3
3 0.3 0.3
1 5.5 0.3
XGBoost 2 48 0.3
3 3.3 0.3

Table 8. Computational efficiency—ROE.

Algorithm Model Training Time (s) Memory Consumption (MB)
1 35.6 0.4
CatBoost 2 43.1 0.4
3 44.0 0.4
1 127.1 1.0
LSTM 2 129.9 1.0
3 138.4 0.9
1 0.1 0.3
RE 2 0.4 0.3
3 0.2 0.3
1 6.5 0.3
XGBoost 2 5.5 0.3
3 2.9 0.3

3.7. Assessing the Accuracy of Forecast Models

The following metrics were used to assess the quality of forecast models: RMSE, a mean
absolute error (MAE), a mean quadratic error (MSE), a coefficient of determination (R?), and
a median absolute error (median) calculated by (13), (15), and (20)-(23), respectively:

1 n

MAE(y, ) = H;Wi = 9il (20)

1 n

MSE(y,§) = - ) (v; = #:)° (21)
i=1
> (5~ )

Ri(y,9) =15 - 22)
L (yi=y)

Median(y, §) = median(|y; — §4,- .., [y, — Inl) (23)
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The authors of the work additionally use variance analysis to assess the significance of
differences between absolute forecast errors according to different forecasting methods and
models. Since error distributions do not correspond to the normal distribution law, we use
nonparametric indicators and criteria. Absolute errors are visualised using a span diagram
and its characteristics (median, mean, quartile range, etc.). A nonparametric Wilcoxon
criterion is applied to assess the significance of differences in absolute forecast errors.

The calculations were performed in Python in the Google Colab programming envi-
ronment in several stages.

3.8. Evaluation of Computational Efficiency

To evaluate the computational efficiency of the proposed hybrid methods and to
compare them with traditional models, we measured the training time and estimated
the memory consumption. All the measurements were performed in the Google Colab
cloud service with the following configuration of computing hardware: Intel(R) Xeon(R)
CPU @ 2.20 GHz and 13 GB of RAM.

The training time was the time required to train the model on the training sample. The
memory consumption was estimated using the memory_profiler library in Python. The
maximum memory consumption was estimated during the training time. To obtain reliable
results, the measurements were repeated nine times and the mean value was calculated.

4. Results
4.1. Predicting the Results and the Accuracy of the Developed Models

The results and the accuracy of the developed models are predicted in Tables 3 and 4.
The results are given using CatBoost, XGBoost, LSTM and the random-effects model.
Model 1 includes a standard set of variables; model 2 has a standard set of variables
and the results of STL-decomposition of the previous years’ profitability; and model 3
contains a standard set of variables, the results of STL-decomposition of the previous years’
profitability, and the clustering of companies. The XGBoost model, as well as other machine
methods, demonstrated an improvement in the quality of forecasts as the model became
more complex. The analysis of the indicators in Table 3 shows that model 2 using the
results of STL-decomposition turned out to be the best for predicting ROA (MAE = 6.19,
RMSE =9.97, R? = 0.73). For predicting ROE, according to the data in Table 5, model 2
also showed the best results (MAE = 10.65, RMSE = 18.83, R? = 0.73). This indicates a
significant impact of the profitability trend in past years on the current level of profitability
of companies. A detailed list of the variables included in each model is presented in Table 2.

When evaluating forecasting models, it is important to consider the possibility of
overfitting. Overfitting occurs when a model overfits the training data, causing it to lose its
ability to generalise patterns to new, previously unseen data. In Tables 3-6, the accuracy of
the models on the training and test samples is given to identify signs of overfitting and to
assess the generalisation ability of the developed models.

The analysis of the results for the test sample (ROA) shows that CatBoost provides
the best forecasting accuracy (MAE = 5.94, RMSE = 9.46, R? = 0.77). Comparison of the
indicators with the training sample (Table 4) shows a slight increase in RMSE on the
test sample (9.46 vs. 9.10), indicating the absence of significant overfitting and good
generalisation ability of the model.

The analysis of the results for the test sample (ROE) shows that CatBoost provides
better forecasting accuracy (MAE = 10.59, RMSE = 18.01, R? = 0.75). Comparison of the
indicators with the training sample (Table 6) shows a slight increase in RMSE on the test
sample (18.01 versus 15.15), which indicates the absence of significant overfitting and good
generalisation ability of the model.
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The results on the training sample (ROE) demonstrate good forecasting accuracy,
especially for CatBoost (MAE = 9.65, RMSE = 15.15, R? = 0.79). The difference between
RMSE values on the training (15.15) and test (18.01) samples is insignificant, indicating the
absence of significant overfitting and good generalisation ability of the model.

Based on the results shown in Tables 4 and 6, the following conclusions can be drawn:

1.  Hypotheses 1 and 2 are confirmed. The STL-decomposition of a time series of a target
variable into additive components significantly increases the quality and accuracy of
the forecast for both types of profitability (ROA and ROE). The introduction of the
variables (Trend, Seasonal, and Residual) obtained using the STL-decomposition into
forecast models significantly improves all indicators (MAE, MSE, R?, and median).

2. Hypotheses 3 and 4 require further research to confirm the advantage of machine
learning methods over the regression method. Calculations show that machine
learning methods give better results and surpass the regression method for both
types of profitability (ROA and ROE). However, the difference in the indicators
(MAE, median, etc.) is small. The authors of this study performed additional calcu-
lations and applied the method of variance analysis to assess the significance of the
differences between these methods. The calculation results are presented below.

3. Hypotheses 5 and 6 also require additional research to assess the impact of clustering
on forecasting accuracy. Calculations provide contradictory data when, in some
models, the clustering slightly improves individual indicators, and in other models,
on the contrary, it worsens the forecast indicators. The work will present additional
calculations and analysis of variance to assess the influence of clustering on the
accuracy of forecast models. The calculation results are presented below.

Figures 2 and 3 show a diagram of factors sorted out in a descending order by the
magnitude of IG.

It should be noted that the inter-industry variable (Mean_ind) takes into account
differences in a firm’s performance across industries and years. Regularisation used to
prevent overfitting in CatBoost and LSTM helps reduce the impact of outliers that may be
due to interactions (dependencies) between firms. Also, the clustering results group firms
into groups with similar growth dynamics.

Figures 2 and 3 demonstrate that the variables formed on the basis of profitability
of the previous years have the greatest impact on the profitability of the current year
(ROA and ROE): Trend, ROA t — 1 or ROE t — 1, Seasonal, Residual. This result fur-
ther confirms Hypotheses 1.1 and 1.2. Clustering (Cluster variable) has the least impact.
Consequently, the use of clustering seems impractical.

A comparison of XGBoost with other methods (CatBoost and LSTM) shows that
XGBoost provides comparable forecasting accuracy. However, it is worth noting that the
XGBoost model requires careful hyperparameter setting to achieve optimal performance.
Despite this, XGBoost remains a competitive tool for forecasting a firm'’s profitability,
offering a balance between accuracy and computational efficiency.

4.2. Assessment of the Forecast Accuracy

The results of the variance analysis of the accuracy of forecast models are presented in
Figures 4 and 5.

In the case of ROA, advantages of machine learning methods over regression with
random effects have been revealed. An absolute prediction error is highly significantly
(p < 0.001) lower for the CatBoost method in models 2 and 3 and strongly significantly
(p < 0.01) lower for the LSTM method in model 2 compared with that of the regression.
However, the differences are insignificant when compared with the regression of the LSTM
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method in model 3. Comparing CatBoost and LSTM, we have found that CatBoost is highly
significantly (p < 0.001) better in both models 2 and 3.

T T T T T 1
Regr2 Regr3 CatBoost2 CatBoost3 LSTM2 LSTM3

®  Model 2 ®  DNlodel 3

Figure 4. Boxplots of absolute errors for various models and methods for predicting ROA on the test
sample. Hereinafter, a point denotes the mean value; a line means the median; a rectangle is a 25-75%
quartile range; and whiskers are the minimum and maximum values or a 1.5 interquartile range.

Regr2 Regr3 CatBoost2 CatBoost3 LSTM2 LSTM3

®  Model 2 ® DModel 3

Figure 5. Boxplots of absolute errors for various models and methods for predicting ROA on the test
sample. Hereinafter, a point is the mean value; a line is the median; a rectangle is a 25-75% quartile
range; and whiskers are the minimum and maximum values or a 1.5 interquartile range.

In the case of ROA, including XGBoost in the analysis showed that the comparison of
absolute forecast errors revealed a significant (p < 0.01) advantage of XGBoost models 2 and
3 over random effects regression. However, the differences in accuracy between XGBoost
and CatBoost, as well as between XGBoost and LSTM, were statistically insignificant. This
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suggests that all three machine learning methods (XGBoost, CatBoost, and LSTM) provide
approximately the same accuracy in forecasting ROA.

In the case of ROE, advantages of machine learning methods over regression with
random effects have also been revealed. An absolute prediction error is highly significantly
(p < 0.001) lower for the CatBoost method in models 2 and 3 and the LSTM method in
model 2 compared with the regression. However, the differences are insignificant when
comparing the regression and the LSTM method in model 3. Comparing CatBoost and
LSTM, we have found that CatBoost is better in model 3, and in model 2 the differences are
not significant.

Hence, Hypotheses 3 and 4 are fully confirmed when comparing CatBoost and the
regression and partially confirmed for model 2 when comparing LSTM and the regression.
Machine learning methods show higher prediction accuracy compared to that of the
regression. The CatBoost method shows the best results when compared with LSTM.

To evaluate the effect of clustering, we compared models 2 and 3 for different methods.
The results were contradictory. In the case of ROA, CatBoost showed advantages (lower
absolute error) of model 3; LSTM and the regression show negligible differences. In the case
of ROE, CatBoost demonstrates insignificant differences; LSTM and the regression prefer
model 2 (differences are highly significant). Consequently, clustering does not improve the
quality of the constructed forecast models. Hypotheses 5 and 6 are not confirmed.

Similar results were obtained for ROE: XGBoost models 2 and 3 significantly out-
perform random effects regression but do not show significant differences in accuracy
compared to CatBoost and LSTM. This once again confirms that machine learning provides
higher accuracy in forecasting profitability than traditional regression models do. At the
same time, the use of clustering does not improve the quality of forecasts regardless of the
chosen machine learning method.

4.3. Computational Efficiency Results

The results of the measured training time, as well as memory consumption for all
models, are presented in Tables 7 and 8.

The results of the computational efficiency measurements showed that the CatBoost
and LSTM models required significantly longer training times and consumed more memory
than the RE and XGBoost models did. In particular, the LSTM training time (254.03 for
ROA and 131.8 for ROE) is more than 500 times greater than the RE model training time
(0.3 s) and about 7 (for ROA) and 3 (for ROE) times greater than the CatBoost training time
(35.7 ROA, 40.9 ROE). The training time of XGBoost (4.96 s ROE and 4.53 ROA) is much
shorter than that of CatBoost (35.7 ROA, 40.9 ROE) due to the different number of iterations
required to train the models. However, the computational and time costs of the ensemble
models (CatBoost and XGBoost) are still higher than those of RE.

This is because LSTM and, to a lesser extent, CatBoost and XGBoost are more complex
models that require more computational resources for training and prediction. LSTM is
a recurrent neural network that processes data sequentially and has a complex structure,
including layers with tens, hundreds or thousands of neurones. Training such a model
that requires tuning a lot of parameters takes a lot of time and memory, especially when
working with large amounts of data. CatBoost, although being a relatively efficient gradient-
boosting algorithm, also requires significant computational cost to build an ensemble of
decision trees, especially if the number of trees is large (in our study, the number of trees
is parameter iterations = 1000, with the maximum tree depth = 10). In contrast, the RE
(random effects regression) model is a simpler linear model, which explains its high training
speed and low memory consumption. XGBoost is an efficient gradient boosting algorithm
that supports stopping the learning cycle early and not adding models to the ensemble that
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do not improve model performance. The learning rate depends, among other things, on the
number of trees, the n_estimators parameter equal to 314 in this study. Due to the smaller
number of iterations (selected using GridSearchCV) and the possibility of the early stopping
of training, it shows lower time consumption than others do (LSTM and CatBoost).

The improvement in prediction accuracy achieved by hybrid methods may justify the
additional computational cost in cases when high prediction accuracy is required. In cases
when computational resources are limited, simpler models such as CatBoost or XGBoost
can be considered. Optimisation of the proposed hybrid methods can also be considered to
reduce the computational cost. One can reduce the number of layers in LSTM, simplifying
the tree structure in CatBoost, using GPUs for training and inference, and quantising the
models. The choice between accuracy and computational efficiency depends on the specific
task and available resources.

5. Robustness Check

To confirm the effectiveness of the proposed method of forecasting the profitability of
firms, the paper tests the robustness of the obtained results. The paper tests the robustness
of the results by forecasting firms’ profitability for 2020 and 2021. This period was chosen
because it corresponds to the COVID-19 pandemic period, which was characterised by
increased volatility in the financial performance of Russian firms. The purpose of this
validation was to show that the proposed hybrid profitability forecasting method (model
2) retains its advantages and provides better results even under conditions of economic
instability. The authors compared the forecasting results using model 2 with other models
for 2020 and 2021 data to verify the stability and reliability of the proposed approach. The
results of this verification are presented in Tables 9 and 10.

Table 9. Accuracy of ROA forecast models for 2020 and 2021 (robustness check).

Model Algorithm MAE MSE RMSE R? Median
1 8.80 206.36 14.36 0.47 5.01
—————— CatBoost
2 5.99 90.13 9.49 0.77 3.58

Table 10. Accuracy of ROE forecast models for 2020 and 2021 (robustness check).

Model Algorithm MAE MSE RMSE R? Median
1 14.81 627.66 25.05 0.52 8.53
CatBoost
2 10.66 317.06 17.81 0.76 6.19

The predictions of results and accuracy of the developed models are shown in
Tables 9 and 10.

6. Discussion and Practical Implementation

The results of our study are consistent with the previous scientific studies, and they
significantly complement them. We are developing scientific approaches to predicting
the profitability of a company and confirming that the accuracy of the forecast can be
significantly improved by including the profitability of the previous years in the models
and due to the panel nature of the analysed data.

The work [25] shows that the profitability of the previous years has a strong positive
influence on the profitability of the current year. Using an example of a small sample of
retail-orientated companies, scientists have proved that the inclusion of the profitability of
the previous years into forecast models significantly increases the accuracy of predicting the
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profitability of the current year for the case of ROA [23]. This work develops this direction
and proves that the profitability of the previous years is the second most important factor
influencing the forecast of the profitability of the current year. This result has been obtained
for the first time using a sample of firms in the tech-intensive sector of industry and services
for two types of profitability (ROA and ROE).

This study goes further and uses the panel nature of the data to significantly improve
the accuracy of the prediction. Previously, panel data allowed scientists to propose port-
folios of methods for predicting profitability, which gave good results, but a reduction in
the absolute forecast error was insignificant [23]. This work offers STL-decomposition of
the profitability of the previous years into three variable components (Trend, Seasonal,
and Residual), which are the first, third and fourth most important factors influencing the
forecasts of both types of profitability (ROA and ROE). An inclusion of these three variables
into forecast models significantly increases the accuracy of prediction. This result is consis-
tent with [30,31], where scientists confirm a positive effect of STL-decomposition on the
accuracy of forecast models. Moreover, in order to successfully apply STL-decomposition,
panel data from a training sample over a short time period (in our case, this is a six-year
time period) is sufficient.

We have also identified advantages of machine learning methods over regression with
random effects. Machine learning methods (CatBoost and LSTM) provide more stable
and accurate results, which is consistent with [23,36,39,40]. However, their advantage
over regression is small; MAE and median absolute errors are only slightly lower when
using CatBoost and LSTM. On the contrary, this study has not revealed benefits of data
clustering. An application of data clustering has not led to an increase in the accuracy of
forecast models. The clustering algorithm was unable to identify the clusters that reflected
meaningful differences in patterns important for prediction. Therefore, the preliminary
clustering of the data did not have a significant impact on prediction accuracy. The main
reason for this insignificant effect of the clustering on prediction accuracy is the lack of
clear separable data into clusters. The reason for this is the vagueness and wide variation
in the data. The main indicator, i.e., firm’s sales, is not a constant variable and often varies
widely. This is especially true for a country like Russia. A firm’s sales can vary greatly from
year to year. Therefore, it is not possible to identify clearly distinguishable clusters.

6.1. Limitations of This Study

In this paper, as in most econometric studies, there is potential for endogeneity and
bias due to omitted variables. Although the models take into account a number of factors
that affect a firm’s profitability (size, asset structure, efficiency, age, industry affiliation,
past profitability values, and their dynamics), there may still be unobserved or unincluded
variables that are systematically related to both profitability and included predictors. For
example, management quality and innovativeness, which are not directly measurable,
may influence profitability and correlate with a firm’s size or age. This can lead to biased
coefficient estimates and misinterpretation of results. The use of panel data and fixed effects
models, as well as instrumental variables (if available and valid), could partially mitigate
this problem, but it is virtually impossible to eliminate bias completely.

In addition to the above, it should be noted that the STL-decomposition method used
in this paper also has limitations that could potentially influence the results. First, as
mentioned in Section 1, the choice of STL parameters, in particular period and seasonality
ones, requires expert judgement and can be subjective, which may affect the quality of the
decomposition and hence the accuracy of the forecasts. Second, STL assumes an additive
time series model, which may not always adequately describe the behaviour of financial
indicators. Third, there is a risk of overfitting when tuning the STL parameters, which
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would require the use of validation techniques to assess the generalisability of the model.
Finally, the lack of explicit treatment of irregular intervals and data omissions typical
of financial time series may also introduce errors in the decomposition results and, as a
consequence, in the final profitability forecasts.

It is important to note that in this paper, as in most econometric studies, there is
potential for endogeneity and bias because of omitted variables. Despite the use of the
variables reflecting interfirm differences, the ML-models (CatBoost, XGBoost, and LSTM)
may not fully consider sample heterogeneity since they are trained on pooled data from
all firms. Although these models take into account a number of factors influencing a
firm’s profitability (size, asset structure, efficiency, age, industry, historical profitability, and
their dynamics), there may still be unobserved or omitted variables that are systematically
related to both profitability and included predictors. The use of panel data and fixed
effects models, as well as instrumental variables, mitigates this problem, but it is virtually
impossible to eliminate bias completely. In future studies, it is planned to consider the
possibility of training separate ML-models for each group of firms identified based on
cluster analysis or other criteria, which will allow for a more accurate consideration of their
specific peculiarities.

6.2. Practical Implementation of the Obtained Results

First, the obtained results can be useful for investors who predict the profitability of a
company to make decisions about investing the funds. Indeed, publicly traded companies
publish their financial statements, which have a strong influence on the movement of their
stock prices. Investors pay particular attention to two aspects of firms’ financial statements:
sales growth and business profitability, in particular ROE, which characterises the return
on funds invested in the company. Predicting a firm’s profitability (which is investigated in
this paper) will allow investors to make the right decisions to buy or sell its shares before
the release of its financial statements. Our calculations show that when predicting the
current profitability of a firm, investors should take into account not only the profitability
of the previous years but also the trend in its change. The proposed approach will allow
investors to significantly increase the accuracy of predicting two types of profitability (ROA
and ROE) based on a wide range of variable factors of the previous years and sales of the
current year. The work shows that this approach can be successfully applied to high-tech
companies whose profitability is characterised by increased volatility.

Second, the obtained results and identified patterns can be used in corporate financial
planning. It is advisable for firms to plan profit and profitability for the next year on the
basis of the profitability of the previous years and trends in its change.

Third, it is advisable to take into account the obtained results by academic economists
who model the influence of various factors on the profitability of firms. Our research
proves that the profitability of a company strongly depends both on the profitability of
the previous years and on STL-decomposition of the profitability of the previous years
into three variables (Trend, Seasonal, and Residual). We believe that all these variables
should be included in econometric models as control variables since they strongly influence
profitability. Only after that can independent (testable) variables be included in the models.
This approach will allow scientists to build more qualitative econometric models and to
identify reliable patterns of the influence of factors on profitability.

7. Conclusions

In this work, the authors have proposed an approach that can significantly improve
the accuracy of predicting ROA and ROE based on the panel nature of the data. The panel
data have allowed using the profitability of the previous years in forecast models and



Mathematics 2025, 13, 1247

30 of 33

applying STL-decomposition of the profitability of the previous years into three variables
(Trend, Seasonal, and Residual) improving the quality of the constructed forecast models.

The authors have compared various forecasting methods and proved the advantages
of machine learning over regression; however, machine learning provides a slight re-
duction in absolute errors in forecast models. At the same time, CatBoost shows better
results and a higher prediction accuracy. Clustering does not increase the accuracy of the
profitability forecast.

In general, the constructed models allow achieving a good prediction accuracy when
a median of an absolute error is reduced to 3.47 for ROA and to 5.72 for ROE. The error of
50% of firms does not exceed 3.47 and 5.72, respectively. This is a good predicted result for
firms working in high-tech industries, whose profitability is characterised by high volatility.
At the same time, the profitability of the current year has been forecasted on the basis of
financial indicators of the previous years and sales of the current year.

However, there were some limitations of this study. The profitability of the previous
years and its trend strongly influence the profitability of the current year and allow improv-
ing the accuracy of the forecast. Such a conclusion was obtained for Russian firms operating
in high-tech industries, indicating a certain managerial policy followed by high-tech com-
panies. In the case of profitability, the Russian taxation peculiarities must be considered.
A number of studies confirm these conclusions for other countries [57]. However, such
studies are few, and it would be interesting to see how this conclusion is realised in devel-
oped countries and industries. Perhaps such a conclusion is weakly applicable to offshore
countries with low rates of taxation of profits.

Suggestions for further research. Calculations have shown a strong influence of the
trend component of STL-decomposition of the profitability decomposition of the previous
years on the forecast of the profitability of the current year. However, the impact of the
trend component on profitability may strongly depend on the dynamics of the current
year’s sales:

e A trend in profitability growth may be disrupted when this year’s sales drop.
e If sales increase in the current year, profitability will grow.

The trend component can be replaced by Seasonal or Residual components. In our fur-
ther studies, we are going to investigate a combined effect of variables of STL-decomposition
and sales dynamics on predicting profitability to additionally increase the forecast accuracy.

The obtained results characterise the management policy followed by high-tech com-
panies in Russia. We plan to test the proposed hybrid models using samples of enterprises
from other sectors of the Russian economy (manufacturing, mining, etc.) to assess their
applicability in other industries and draw conclusions about similarities and differences in
the management policies.
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