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Abstract. The food service industry’s instability due to COVID-19 and sanctions has
heightened the need for developing an efficient tool to assess default risks in this in-
dustry. Default prediction modelling relies heavily on how well a8 model fits the specif-
ic environment. Due to that, some adjustments have to take place in order to adapt the
classical default prediction models to the Russian food service industry. We build hypoth-
eses that adding non-financial factors and employing modern prediction methods can
increase the accuracy of the models significantly. The aim of this study is to determine
the effect of non-financial factors' inclusion and modern modelling methods on the ac-
curacy of default prediction for the food service industry in Russia. Tests for a sample of
1241 firms for the period from 2017 to 2021 have shown that creating a prediction mod-
el with modern methods, such as Random Forest and XGBoost increases the accuracy
of the prediction from 70 % to about 80 %, compared to standard Logit model. The ad-
dition of non-financial factors to the models also increases the accuracy slightly, which
however, does not provide a significant effect. The mostimportant metrics in predicting
default turned out to be Current Liquidity Ratio and the ratio of Working Capital to Total
Assets. The most important non-financial factors are Total Assets and Age. Our results
correspond with existing research in this field and form a new knowledge layer due to
being applied to a specific industry. The results can be used by banks or other counter-
parties that interact with food service industry firms in order to assess their credit risk.
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1. Introduction

Recent years have been highly unsta-
ble for the enitre Russian business sphere
due to COVID-19 and a heavier burden of
sanctions. However, one of the strongest
risks of sustainability was posed to the food
service industry. During 2020-2021, due
to restrictions limiting attendance at plac-
es where large groups congregate, demand
for such services decreased or had changed
to the “take-away” format. The following
year, food services experienced issues with
supplies of some products and equipment,

cost growth as well while a decrease in de-
mand due to a decline of disposable income
of citizens.

Hence, the situation has heightened the
need for the development of an efficient
tool to assess default risks in food service
industry.

Although the topic of default predic-
tion is well-established in existing research
literature, this investigation is still innova-
tive for several reasons.

Firstly, alot of time has passed since
the first scientific works in the domain of
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default prediction performed by Beaver
[1], Altman [2], Taffler [3], Ohlson [4],
Zmijevski [5] who have created the first
bankruptcy prediction models, but there
is still a lack of research exploring the ex-
perience of Russian private firms. Most of
the foreign researchers have mentioned that
their models are applicable to a certain type
of firms, predominantly to American listed
ones, but the specific Russian market con-
ditions might differ significantly from those
market conditions, which were examined
in previous studies. Therefore, in terms of
prediction accuracy, the Issue of conduct-
ing the research based on country specific
data is highly relevant.

Secondly, although considerable re-
search has been devoted to financial data
usage for default prediction, relatively lit-
tle attention has been paid to the integra-
tion of non-financial and industry specific
parameters. We assume that this approach
may significantly increase the prediction
power of the model. Kwon & Lee [6] em-
phasized the importance of industry specif-
ic factors in the field of default prediction.
In addition, authors claim that crises have
different effects on the increase of unsus-
tainability of firms in different industries.

Thirdly, the tools used for model-
ling have been developing over the years.
Prediction modeling began with simple
methods like multivariate discriminant
analysis (MDA), like in the case of Altman
[2] or linear Logit regressions as shown
by Ohlson [4] and has now evolved into
using such profound methods as General
Regression Neural Network model, such as
one created by Pan [7], and other Machine
Learning tools, which make prediction for
binary variables more precise. The exam-
ples include Random Forest, which was
used by, for example, Brown & Mues [§]
we set out to compare several techniques
that can be used in the analysis of imbal-
anced credit scoring data sets. In a credit
scoring context, imbalanced data sets fre-

quently occur as the number of defaulting
loans in a portfolio is usually much low-
er than the number of observations that
do not default. As well as using tradition-
al classification techniques such as logistic
regression, neural networks and decision
trees, this paper will also explore the suit-
ability of gradient boosting, least square
support vector machines and random for-
ests for loan default prediction. Five re-
al-world credit scoring data sets are used to
build classifiers and test their performance.
In our experiments, we progressively in-
crease class imbalance in each of these da-
ta sets by randomly under-sampling the mi-
nority class of defaulters, so as to identify
to what extent the predictive power of the
respective techniques is adversely affect-
ed. The performance criterion chosen to
measure this effect is the area under the re-
ceiver operating characteristic curve (AUC.
Many of modern Machine Learning meth-
ods have never been applied to Russian
market data or even for default risk anal-
ysis in general.

In this research we determine wheth-
er the addition of non-financial factors and
application of modern modeling methods
can increase the accuracy of default pre-
diction for the Russian food service firms.

Our hypotheses are:

HI: Employing modern modelling
techniques can significantly increase the
accuracy of default prediction models in
the food service industry. We suppose
that the models, trained using Machine
Learning algorithms show higher accuracy
rates than conventional tools, like Logit re-
gression, being able to capture for non-lin-
ear dependencies.

H?2: Adding non-financial factors can
significantly increase the accuracy of de-
fault prediction models in the food service
industry. We hypothesize that expansion of
predictors list by adding non-financial data
will make the prediction power of the mod-
els significantly higher, because these new
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factors can enrich the information about
the firm.

The aim of our research is to deter-
mine if non-financial factors like macroe-
conomic data, age of the company, number
of owners, total assets, employee turnover
etc. and modern modelling methods such
as Random Forest and XGBoost increase
the prediction power of default prediction
models. And if so, create a model that can
outperform the conventional ones in terms
of accuracy.

This paper consists of several sections.
The next section is devoted to the literature
review. Then we describe the methods and
data we used. Then we provide the results
and discuss them.

2. Literature review

This section consists of 3 sub-sections.
The first one is devoted to the overview of
the history of default prediction, paying at-
tention to the development of the approach-
es in terms of the default predictors chosen
and modelling tools used. Then, we discuss
in more details the benefits of new Machine
Learning based modelling tools usage for
default prediction. Finally, we give a pic-
ture of the previous research in the field of
default prediction in food service industry.

2.1. The development of default
prediction from 1960-s to the recent
studies

Studies, which are considered to be
the basis of default prediction modeling,
are the works of Beaver [1], who used nor-
mative values for the financial ratios in or-
der to assess credit risk, and Altman [2],
who applied discriminant analysis to make
a probabilistic model for US listed firms,
followed by, for example, Jaki & Cwigk
[9], Xie et al. [10] and others.

The ability of current financial data to
indicate future defaults has been the main
assumption in the default prediction studies
since the first research in this domain. For

example, Jaki & Cwiek [9] applied a vast
variety of book ratios to create the models:
liquidity, profitability, debt structure, debt,
equity & assets coverage ratios. Other stud-
ies, like Boubaker et al. [11], use market in-
dicators, which are not book ratios, but are
still financial data. Also, some of the stud-
ies use dynamic ratios, like the change in
revenue, net income or financial ratios, in
particular Iwanicz-Drozdowska et al. [12],
or Ohlson [4].

In the same time, a new trend in default
prediction is developing nowadays — the
use of non-financial variables. For example,
Lugovskaya [13] reports an 11 percentage
points increase in overall accuracy when us-
ing size and age variables along with finan-
cial ratios to predict the defaults. Bhimani et
al. [14] report 0.21 units increase in area un-
der ROC curve when using macroeconom-
ic and non-financial (management, owner-
ship and financial support related) variables
along with financial ratios. This study al-
so pays attention to the use of non-finan-
cial data to increase the accuracy of default
prediction, using size and age, following for
example Blanco-Oliver et al. [15], Altman
et al. [16], Lugovskaya [13].

The methodology of default prediction
has been developing since 1960-s. The first
studies conducted were designed for public
firms mostly and can be characterized by
small samples in comparison to later papers.
For example, Altman [2] used just 66 firms
in his research. Also, Multiple Discriminant
Analysis (MDA) approach for prediction
models was the prevailing approach among
the first default prediction studies, howev-
er it is sometimes characterized as biased
e.g. Frank et al. [17] and inferior to oth-
er methods, e.g. Xie et al. [10], Wilson &
Sharda [18].

The first to create a model based on
the logistic regression, which is still one of
the most popular ways of modelling credit
risk, was Ohlson [4]. Apart from new sta-
tistical tool, the researcher used a big sam-
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ple of firms to create the model — more
than 2 thousand observations.

For a long time, Logit (and sometimes
Probit, which is a similar algorithm) regres-
sion was the prevailing statistical tool for
the purpose of default prediction model-
ling. For example, Zmijewski [5], Altman
& Sabato [19], Gruszczynski [20], Hunter

& Isachenkova [21], Lin & Piesse [22],
Sirirattanaphonkun & Pattarathammas [23]
followed the approach to create the mod-
els. One can find very recent works, which
utilize logistic regression for the purpose
of default prediction, such as Zhao & Lin
[24] The studies report high accuracy, as it
is shown by some examples in the Table 1.

Table 1. Accuracy of Logit model accuracy in selected studies

Study

Logit model accuracy, %

Zhao & Lin [24]

Altman & Sabato [19]
Gruszczynski [20]

Hunter & Isachenkova [21]

85
87
up to 91

up to 85

Source: prepared by the authors

However, as stated in, for example,
Mselmi et al. [25], Barboza et al. [26],
Machine Learning algorithms tend to be
more precise in predicting defaults than
discriminant analysis or Logit. The next
section is devoted to a brief overview of
such algorithms used in default prediction.

2.2. Modern Machine Learning

algorithms in default prediction

Several modern modelling tools have
been implemented in default prediction re-
search and there is an increasing number
of the studies conducted with use of new
techniques. For example, the idea of new
Machine Learning technique usage in de-
fault prediction was executed by Barboza et
al. [26]. Using a sample of North American
firms, they constructed models with sup-
port vector machine (SVM), boosting, bag-
ging, Random Forest, and artificial neural
networks (ANN) and achieved high accu-
racy (up to 0.93 in terms of the area under
ROC curve).

Another example is the work by
Brown & Mues [8], which showed the ac-
curacy of classification of up to 0.95 (ar-
ea under ROC curve) when using Machine

Learning algorithms. The authors also show
the Random Forest classifier, which is also
used in this paper, as one of the best per-
forming algorithms.

There are several research studies fo-
cused on different methods comparison,
e.g. Mselmi et al. [25], Wu et al. [27].
In the latter study Altman’s ratios and
some new ones (EBIT to Sales, Total as-
sets growth, Sales growth, Number of em-
ployees growth, ROE growth, Market price
to Book price growth) was taken to build
several models using different algorithms.
As it was expected by the authors, Machine
Learning approaches demonstrated better
results on a testing sample in compari-
son with MDA and Logit (Random Forest
87.1 %, Boosting 86.7 %, Bagging 85.7 %,
SVM-radial basis function 79.8 %, Logit
76.3 %, MDA 52.18 %).

Machine Learning algorithms can be
applied separately, but an additional in-
crease in performance can be achieved
if one uses an ensemble. For example,
Fedorova et al. [28] have applied Machine
Learning techniques to predict bankruptcy
in the sample of French, Italian, Russian
and Spanish firms. The researchers have
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applied stacking ensemble technique for
bankruptcy prediction and compared it
with single classifier and bagging ensem-
ble models. Results have shown that the
stacking ensemble method is more accu-
rate.

Overall, it seems that Machine
Learning tools can increase the perfor-
mance of default prediction significantly.

2.3. Default prediction for food

service firms

Default prediction models have also
been applied to the food service industry
in, for example, the studies by Situm [29],
Kim & Upneja [30], Gu [31].

The study by Situm [29] is a rare ex-
ample of research, covering the value of
non-financial data in default prediction for
food service firms. Logistic regression was
utilized to create the classification models.
The significant impact of the size of the
firm and the restaurant location was found.
However, financial data is still stated as the
strongest group of predictors.

The study by Kim & Upneja [30] uti-
lized both Machine Learning algorithms
(decision tree — based) and also non-fi-
nancial factors, such as, for example, board
holding ratio, and received a 74 % accu-
rate model for US listed food service firms.

Gu [31] achieved a way higher (92 %)
accuracy with an MDA model. The list of
variables consisted of 12 financial ratios,
without including any non-financial ones.
The main interpretation of the results is the
fact that firms with low EBIT and high to-
tal liabilities are the most susceptible to de-
fault, which corresponds with other studies,
covering all industries.

Overall, it seems that there are some
studies in the domain of default prediction
for food service, however few of them uti-
lize Machine Learning and, as shown in
a summary of existing research, provid-
ed by Situm [29], most of the existing re-
search covers USA or developed EU coun-

tries firms and few of the studies utilize
non-financial data other than size and age.
Moreover, we could not find any study,
covering Russian food service industry.

3. Methods

In this research we make prediction
models starting with the most basic ones,
such as Logit, using the most popular pre-
dictors, then add more variables and use
more advanced methods (Random Forest,
XGBoost).

3.1. Binary linear regression (Logit)

Logit and Probit models are non-line-
ar models which are constituted by linear
combination of parameters. Logit is used
more frequently in default prediction stud-
ies having several advantages over Probit
models.

Firstly, the coefficients in Logit mod-
els are more easily interpreted as they rep-
resent the change in the log odds of the
outcome for a one-unit change in the pre-
dictor variable, whereas in Probit models
they represent the change in the standard
deviation of the latent variable. Secondly,
Logit models are more efficient than
Probit models when errors are heteroske-
dastic, providing more precise estimates
of coefficients. Thirdly, Logit models
have a simpler likelihood function, mak-
ing them easier to compute for large da-
tasets. Fourthly, Logit models are more
robust to outliers in data that may con-
tain extreme values. Finally, Logit mod-
els are more commonly used in fields such
as economics and political science, mak-
ing them more familiar and easier to work
with for researchers.

3.2. Random Forest

Nowadays Random Forest, described
by Breiman [32], is a frequently used tech-
nique for classification tasks. It works by
creating a large number of decision trees,
each trained on a random subset of the full
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data sample. The trees are built using a ran-
dom selection of features, which helps to
reduce overfitting and improve generaliza-
tion performance. The algorithm aggregates
the predictions of all the trees to make the
final prediction.

Random Forest has a high predictive
power because it combines the predictions
of multiple decision trees, which helps to
reduce the risk of overfitting and improves
the accuracy and robustness of the model.
The algorithm also uses techniques such as
bagging and feature importance measures
to further improve performance and pre-
vent overfitting.

3.3. XGBoost

XGBoost (Extreme Gradient Boosting),
described by Chen & Guestrin [33], is
a type of Machine Learning algorithm
that is used for regression and classifica-
tion problems. It is an extension of the gra-
dient boosting algorithm that uses a regu-
larized model to prevent overfitting and
improve accuracy.

The XGBoost algorithm works by
combining multiple weak models (decision
trees) into a single strong model. Each de-
cision tree is trained on a subset of the da-
ta, and the algorithm learns from the errors
of each tree to improve its predictions. The
trees are built iteratively, with each new
tree attempting to correct the errors of the
previous trees. XGBoost also includes sev-
eral regularization techniques to prevent
overfitting, such as L1 and L2 regulariza-
tion, and early stopping. These techniques
help to improve the generalization perfor-
mance of the model and prevent it from
memorizing the training data.

Overall, XGBoost is a powerful and
flexible algorithm that has been applied
successfully for many different tasks, in-
cluding image classification, natural lan-
guage processing, and predictive mainte-
nance. However, this algorithm has not
been widely used for default prediction yet.

3.4. Approaches comparison

All three methods have their benefits
and drawbacks. Logit regression is a sim-
ple and interpretable method that works
well for some cases, while Random Forest
and XGBoost are more complex and suit-
able for large datasets with a large num-
ber of features. XGBoost is known for its
high performance but can be sensitive to
overfitting.

Depending on the size and complexity
of the dataset, any of these methods could
be suitable for default prediction. However,
if computational efficiency is a concern,
Logit might be the most suitable option.
If the dataset is large and complex, and per-
formance is a priority, Random Forest or
XGBoost might be better options.

In case of this study, we are interest-
ed in the comparison between Logit and
Machine Learning tools, that is why all
three algorithms are used.

3.5. Data and Variables

There are many approaches for de-
fault definition and data selection to con-
struct the model. Usually, the firm is iden-
tified as defaulted if the legal insolvency
procedure has been launched or the firm
is in process of liquidating voluntarily, for
example in Kazakov & Kolyshkin [34],
Karminsky & Burekhin [35], Afanasev &
Tarasova [36].

For this study it was decided to de-
fine the date of a default event as the date
of submission of a notice by the creditor,
which is submitted to the court to start the
legal case for insolvency. For the default-
ed firms with no information about such
notice it was decided to use the date of
their insolvency declaration minus the av-
erage difference between the date of the
creditor’s notice submission and the date
of insolvency declaration for the firms in
a sample we have full information about,
which turned out to be 315 days in this
case.
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The data used for the empirical study
was collected from SPARK-Interfax da-
tabase. In concordance with Russian
Classification of Economic Activities
we selected the following sub-industries,
which are definitely parts of the food ser-
vice industry:

* Restaurant activities and food delivery
services;

e Full-service restaurants and cafes,
cafeterias, fast food and self-service
restaurants;

* Beverage service;

» Event catering activities;

* Other catering activities.

The final dataset consists of 1241 ob-
servations for the period from 2017 to 2021.
Due to the huge disproportion of default
and non-default firms we decided to use
an over-sampling method for train sample
construction.

The number of defaulted firms in
the sample is 87. According to the data
of the Federal Tax Service, the percent
of default firms is stable over the years
at the level of 1 %, therefore the share
of default firms in our sample is com-
parable with the general population dis-
tribution.

Over-sampling has been done by the
ROSE (Random Over-Sampling Examples)
over-sampling method, which works by in-
creasing the number of instances in the mi-
nority class by generating new synthetic
observations. The process involves the fol-
lowing steps.

Table 2. Variables used in the models

1. Random selection of instances.

2. Duplication of instances (the se-
lected instances are then duplicated to cre-
ate new synthetic instances. This results in
an increase in the number of instances in
the minority class).

3. Introduction of variations: To
avoid creating exact replicas of the orig-
inal instances, slight variations are intro-
duced to create new synthetic instances.

4. Addition of synthetic instances: The
synthetic instances are added to the original
dataset, resulting in a balanced dataset.

The ROSE over-sampling method is
effective in improving the accuracy of
Machine Learning models when dealing
with imbalanced datasets. We used the
ROSE method only for the train sample
after splitting the dataset for train and
test.

We have estimated the accuracy test
and the comparison of the models on
a real test sample, which contains 30 %
of observations. According to empirical
evidence, provided by Menardi & Torelli
[37], the usage of corrected data for tests,
for example by ROSE method, leads to
biased results which significantly differ
from the outputs for the same tests taken
on the real data.

We considered 19 financial and non-fi-
nancial variables or ratios, obtained from
the review of the previous research litera-
ture on default prediction. All the variables
are considered quantitative and are repre-
sented in Table 2.

Variable

Code

Efficiency
Income/Non-Current Assets
Income/Total Assets

Revenue/Total Assets

El
E2
E4
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End of table 2

Variable

Code

Liquidity & Cash-Flow
Current Assets/Current Liabilities
EBIT/Current Liabilities
Working Capital/Total Assets
Profitability

Net Profit/Income

Net Profit/Total Assets (ROA)
Gross profit margin

Solvency

Net Equity/Non-Current Liabilities
Tendency

Revenue growth rate

Income growth rate

Change in profitability
Macroeconomics

Disposable income change
Non-Financial

Total Assets (Log)

Age (Log)

Number of owners
Ownership of patents

Employee turnover

L1
L2
L3

P1
P2
P4

S3

T1
T2
T3

M1

NI
N2
N3
N4
N5

Source: prepared by the authors

In order to model the prediction pro-
cess, all the values for the variables for the
defaulted firms were calculated based on
the reporting, certainly available on the
date of default. To ensure that the report-
ing is available, we used the reporting for
the year, which is 2 years prior to the year
of default, for the firms with the date of
default from January to June, and the re-
porting for the year, which is 1 year prior
to the year of default, for the firms with
the date of default from July to December.

However, for two variables (Number
of owners (N3), Ownership of patents (N4))
we used the last available information, mak-
ing an assumption that this data does not
change significantly from year to year.

The sample of non-default firms is dis-
tributed similar (in terms of the periods, which
are used to calculate the vales for the inde-
pendent variables) to the default sample. Also,
we did not take non-default firms, which ex-
isted less than a half of the year before the re-
porting date, which is taken into account.
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Table 3. Descriptive statistics for the variables

Variable Min. Ist Qu. Median Mean 3rd Qu Max.
El -3.13 0.44 2.37 181.53 18.31 92986
E2 —80.885 —-0.06 0.01 —5.53 0.15 47895.9
E4 0 0.26 0.84 598.66 2.51 116060.2
Ll -590.25 0.67 1.14 6.098 3.53 1618
L2 -389 —-0.005 0.09 1.05 0.62 1436.29
L3 —2620.94 —0.11 0.03 —0.65 0.36 133.4
P1 —2276.95 -0.15 0.02 -1.2 0.14 588.31
P2 —80885 —-0.06 0.01 —5.53 0.15 47895.9
P4 —12955 0.016 0.21 -3.31 0.49 2
S3 —14720 0.1 828 3.4 1263.729
M1 —4.5 -2 1.2 0.53 3 3
T1 —-146.7 -0.19 0.17 36.61 0.69 90337.5
T2 —2302.74 -1.27 -0.53 3.04 0.38 556717
T3 -1602.09 -1.17 —-0.67 —-0.55 0.26 2835.65
NI 8 16.12 17.496 17.33 18.89 2476
N2 0 1.95 2.49 2.36 2.89 3.47
N3 1 1 1.55 2 9
N5 —42309 =3 —27.71 2 708
N4 0: 4805 obs. 1: 50 obs.

Source: prepared by the authors

4. Results

4.1. Altman’s model

To determine the starting point, we
conducted default prediction based on
model by Altman [2] using our dataset.
The main point of this task was to deter-
mine whether the conventional models
are good enough for making predictions
for the Russian food service industry
firms.

We used the initial financial indica-
tors and ratios of Altman’s model with
the corresponding coefficients, provided
by Altman. The accuracy of predictions
came out to be 67 % (69 % for non-de-

fault and 64 % for default companies).
For this calculation we used a sample of
2422 (after oversampling) observations.
We suppose that the reason for such a low
prediction accuracy is that the initial co-
efficients of the model cannot be applied
to a new dataset and should be estimat-
ed on our data.

Following that, we decided to fit
Logit regression on our training sample.
The results are shown in Table 4. The ac-
curacy of prediction on the test sample
is higher, but still not very high: 68 %
(71 % for non-default and 65 % for de-
fault firms).
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4.2. Models with extended list of

variables
4.2.1 Logit model

To begin with, we constructed a lin-
ear Logit regression with intercept, het-

eroskedasticity corrected standard errors.
We created and compared two versions of
this model: one with financial variables on-

Table 4. The results for Logit regression with Altman’s ratios

ly and the second with both financial and
non-financial variables (see Table 5).

Variable Coefficient | St. error Significance*
Intercept 0.490 0.27 0.05
Working Capital / Total Assets 0.015 0.038 1
Retained Earnings / Total Assets 0.013 0.015 |
Earnings Before Interest and Tax / Total Assets 0.027 0.10 1
Equity / Total Liabilities -1.27 0.38 0.001
Total Sales / Total Assets 0,019 0.02 1

Note: prepared by the authors; * If the p-value is higher than 0.1, we code Significance as “1”,
showing that the coefficient is insignificant. If the p-value is less or equal to 0.1, we code Significance
according to the nearest significance level (0.1, 0.05, 0.01 or 0.001)

Table S. Logit model results

Only financial data Financial and non-financial data

Variable

Coefficient Significance Coefficient Significance
Intercept -0.097 1 4.06 0.05
El 0.002 1 0.0013 1
E2 —-0.62 0.05 —-0.85 0.01
E4 0.05 0.05 0.07 0.05
Ll —-0.05 1 —-0.04 1
L2 0.11 0.1 0.11 0.1
L3 —-0.15 1 —-0.26 0.1
P1 —-0.08 1 —0.11 1
P4 -0.27 1 -0.39 1
S3 —-0.002 1 —-0.0018 1
T1 —-0.005 1 —-0.003 1
T2 0.03 1 0.007 1
T3 -0.03 1 -0.02 1
Ml —-0.11 0.1 -0.10 1
N1 — — -0.10 1
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End of table 5
Only financial data Financial and non-financial data

Variable

Coefficient Significance Coefficient Significance
N2 — — —-0.91 0.001
N3 — — -0.23 1
N4 — — 6.50 1
NS5 — — —-0.003 1

Source: prepared by the authors

For these and all further models the
main metrics, which determine how accu-
rate is the model, are sensitivity (accuracy
for default firms) and specificity (accura-
cy for non-default firms), estimated on the
test samples. Even though overall accura-
cy is an important metric, these two give
a clearer picture and make it possible to
check both for Type 1 (defining a default-
ed firm as a healthy one) and Type 2 (defin-
ing a healthy firm as a defaulted one) errors.

The first version of the model (the
one without non-financial factors) provid-
ed poor results in terms of overall accuracy,
sensitivity and specificity: 0.678, 0.600 and
0.679 respectively. The addition of non-fi-
nancial factors in the second version of the
model led to an insignificant increase in
accuracy: 0.681, 0.550, 0.683 respectively.
The only one important non-financial var-
iable in Logit regression is N2 (Log Age
of a company).

Both models produced low accuracy.
Machine Learning was expected to provide
much more accurate predictions.

4.2.2 Random Forest model

Next, we implemented some of the
modern modeling methods, starting with
Random Forest. We tested out three mod-
els using this method: without non-finan-
cial factors, with non-financial factors, and
a variation with Altman’s factors only.

The first two models produced overall
accuracy, sensitivity, and specificity values

0f 0.77, 0.90, 0.76 and 0.79, 0.85, 0.78 re-
spectively. Two things can be clearly seen
in these cases. First, the addition of non-fi-
nancial factors does not increase the pre-
dicting power of the model significantly.
Second, the model itself is much more ac-
curate than Logit.

Random Forest also provides us with
the mean decrease of Gini coefficient. It is
a measure of how each variable contributes
to the homogeneity of the nodes and leaves
in the resulting Random Forest. This means
that the importance of each variable can be
determined by how high its mean decrease
Gini value is.

Five variables with the highest influ-
ence on Gini index are M1, L1, L3, E4 and
N1 (Disposable income change, Current
assets/Current liabilities, Working capital/
Total assets, Revenue/Total assets, Total as-
sets(log) respecitvely). Another non-finan-
cial factor N2 (Age (log)) is also present in
the top 10 variables. Even though non-fi-
nancial factors do not provide a significant
effect on the accuracy, some of them are
still among the most important variables.

These results can be explained by
several factors. M1 (Disposable income
change) could have been placed so high
due to the fact that attending restaurants
or other food services is usually a leisure-
ly or luxurious activity, so if people do not
possess enough disposable income, then
the inflow of customers for food services
is greatly decreased. L1 and L3 (Current
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assets/Current liabilities, Working capital/
Total assets) are also important due to the
fact that food services have a much high-
er asset turnover than many other indus-
tries, so these two factors play an especial-
ly big role.

The two most important non-financial
factors are N1 and N2 (Total assets(log),
Age (log)). N2 may be important due to the
specific nature of the food service market.
Since the average life cycle of food service
companies is low, at around two years, the
age turns out to be a decisive factor. The
older is the firm, the higher is the probabil-
ity to overcome financial distress.

The Random Forest model with
Altman’s variables also showed much better
results than Logit model, providing values
0f 0.79, 0.80 and 0.77 for accuracy, sensi-
tivity and specificity respectively, which
is a significant improvement compared to
Logit model.

The Gini coefficient shows that Equity/
Total liabilities is the most important varia-
ble, followed by Working capital/Total as-
sets and then by Retained earnings/Total
assets, Total sales/Total assets and EBIT/
Total assets.

4.2.3 XGBoost

XGBoost is one of the strongest mod-
ern prediction models, which has not yet
been used much in default prediction re-
search. This method is a type of Machine
Learning which is based on decision trees
and works well with unbalanced samples
of observations.

The model created with this method
provided better results than the previous
ones. It resulted in the accuracy of 0.81,
while sensitivity and specificity are 0.70
and 0.82 respectively.

This method also provided a list of
the most important variables. The five
most important ones are L1, L3, T1, N2
and E2 (Current assets/Current liabilities,
Working capital/Total assets, Revenue
growth rate, Age (log), Income/Total as-
sets). N1 (Total assets (log)) is also includ-
ed in the top 10.

It is interesting to compare this result
to the result of the Random Forest mod-
el. Both models placed L1 and L3 among
the most important variables and also N1
and N2 were the ones included in the top
10 (Table 6).

Table 6. Results of Logit, Random Forest and XGBoost, %

e . Random Forest XGBoost
. . . | Logit (financial | Random Forest . . . .
Logit (financial . . (financial and | (financial and
and non- (financial data . . . .
data only) el @) il non-financial | non-financial
Y data) data)
Accuracy 68 68 77 79 81
Sensitivity 60 55 90 85 70
Specificity 68 68 76 78 82

Source: prepared by the authors

S. Discussion

5.1. Hypotheses confirmation

The first hypothesis of the study is H1:
Employing modern modelling techniques
can significantly increase the accuracy of
default prediction models in the food ser-

vice industry. The hypothesis is confirmed:
we show that the accuracy of default pre-
diction is significantly higher if Machine
Learning algorithms are used to train the
models, rather than in case of Logit regres-
sion.
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Some researchers go deeper and use
neural networks. For example, in a recent
work by Becerra-Vicario et al. [38] Deep
Recurrent Convolutional Neural Network
(DRCNN) were constructed for default pre-
diction on the Spanish restaurant indus-
try, accuracy of the model exceeded logis-
tic regression in predicting capacity. The
DRCNN model predicted default on data
one, two, and three years prior to default
with 93.5 %, 89.6 %, 85.6 %, respectively.
The researchers used financial ratios and
quality certification results as variables.

The main Issue of this method is its

“black-box” nature, that means that we ac-
tually do not know what kind of rules were
developed, the only thing we know is the
importance of a variable. Although we
suppose that neural networks might have
slightly higher accuracy rate, we decided
not to use them in this study. Firstly, Neural
Networks require huge data samples in or-
der to be well trained. Secondly, “black-
box” decisions are not demanded by users
of default prediction models due to the lack
of interpretability.

The second hypothesis of the study is
H2: Adding non-financial factors can sig-
nificantly increase the accuracy of default
prediction models in the food service in-
dustry. We treat this hypothesis as uncon-
firmed. The accuracy, achieved with non-fi-
nancial data, is indeed the highest, however,
the increase is only few percentage points.
Given that non-financial data usually re-
quires more time and effort to collect, it is
necessary to conduct cost-benefit analysis
in every case of default prediction to esti-
mate whether it is beneficial to invest in
collection of non-financial data, which is
analyzed in this study.

5.2. Limitations and potential for

future research

Despite, the second hypothesis is not
confirmed, due to existing literature, for
example Altman et al. [16], Fernando et

al. [39], Makeeva & Sinilshchikova [40],
Lugovskaya [13], Bhimani et al. [14]
which report increase in accuracy while
using non-financial data, we still believe
that there is a room for improvement in de-
fault prediction models through non-finan-
cial factors.

One of the limitations of this research
is that we do not use some non-financial
variables that may increase the prediction
capacity for food service companies, be-
cause the collection of such data requires
significant resources and cannot be con-
ducted automatically. Some of these var-
iables include:

1. Customer reviews and ratings. This
can provide insights into customer satisfac-
tion and loyalty, which are important indi-
cators of a firm’s success.

2. Social media engagement.
Measuring the level of social media en-
gagement can provide valuable informa-
tion about a firm’s brand awareness and
reputation.

3. Employee satisfaction. Employee
satisfaction can impact customer service
and productivity, which are important fac-
tors for a firm’s success.

4. Location and demographic infor-
mation. Analyzing the geographic location
and demographic information of a compa-
ny’s customer base can help identify areas
for growth and target marketing efforts.

5. Menu variety and innovation.
Offering unique and innovative menu items
can set a company apart from its competi-
tors and attract new customers.

6. Online ordering and delivery. The
ability to order food online and have it de-
livered is becoming increasingly important
in the food service industry, and companies
that offer this service may have an advan-
tage over those that do not.

7. Health and safety practices.
Ensuring that food is prepared and served
safely is critical for maintaining customer
trust and preventing foodborne illnesses.
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By incorporating these non-financial
variables into a prediction model, it may
be possible to improve the accuracy of de-
fault predictions for food service compa-
nies. This is considered as a potential path
for the future research.

Another limitation of the research is that
we have to treat the data for legal entity as
the data reflecting the condition of the whole
business. However, often Russian entrepre-
neurs disaggregate the business, and it may
consist of several legal entities and sole pro-
prietors. This limitation is common for many
studies related to Russian firms.

It is also important to notice the prev-
alence of type I errors over type II errors
in our tests. This can be a potential topic
for research on whether banks and other
counterparties would rather accept the risk
of dealing with a company that is going to
go bankrupt or missing out on profits from
declining relationships with firms which
turn out to be healthy business.

6. Conclusion

The aim of the research was to deter-
mine the difference in results between the
classical default models and modern meth-
odology by introducing new variables and
advanced Machine Learning methods.

Tests performed with classical models
showed results with low prediction accura-
cy at the levels of about 70 %. We attribute
such a result to a number of factors such as
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YOK 336.6

MporHo3 pegonTta oNa pOCCUMACKUX NpeanpuUATUM 06LwecTBeHHOoro
NUTaHWSA: BKNag He(PUHaHCOBbIX (PAKTOPOB M MaLLMHHOIO 06Yy4eHuns

E. O. Byxapun! 1® X<, C. H. Manzunesa’ ©, B. B. Apanacwes’
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2. Canxm-Ilemep6ype, Poccus
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< egorbukharin0l@gmail.com

AHHOmMAyus. HecTabunnbHOCTb Ha pPbiHKE 0BLWECTBEHHOIO NMUTaHNS B CBA3W C NaH4e-
muern COVID-19 n caHKumnsaMu 0bocTpuia NnoTpebHoCTb B pa3paboTke 3a(hhEKTMBHOIO
WMHCTPYMEHTA OLIEHKM PUCKOB AedonTa B 3ToM 0Tpacau. Ka4ecTBO NPOrHO3MPOBaHMS
£edoNTa B 3H3YUTENbHOM CTEMEHM 33BUCUT OT TOr0, HACKOSIbKO XOPOLLO MOAENb CO0T-
BETCTBYET KOHKPETHOW Cpeae. B cBA3M ¢ 3TMM HEOBXOAMMO BHECTU HEKOTOPbIE KOPPEK-
TVBbI, 4T0BbI 343NTUPOBATL K1ACCUYECKMEe MOAENM NPOrHO3MPOBaHWSA Aed0ATOB K POC-
CUMCKOMY CEKTOPY 06LLIECTBEHHOMO MUTaHMA. B cTaTbe BbIABMHYTA r’MNOTE33 0 TOM, 4YTO
nobaBneHve HedHaHCOBbIX PaKTOPOB 1 MCMOMb30BaHWE COBPEMEHHbBIX METOAOB NPO-
FHO3MPOBaHMSA MOXET CYLLECTBEHHO NOBbLICUTb TOYHOCTb MOAENEeN. Lienbio 4aHHOoro 1e-
CnefoBaHus 9BNSETCH ONpeaeneHne BAMSHUA BKIIOYEHUS HeUHaHCOoBbIX haKkTopoB
1 COBPEMEHHbIX METOA0B MOAENMPOBaHMSA H3 TOYHOCTb MPOrHO3MPOBaHKA AedonToB
0N NpeanpusaTui 0bLuecTBeHHOro NTaHnsa B Poccun. TecTbl Ha Bbibopke 13 1241 dup-
Mbl 33 nepuog ¢ 2017 no 2021 . noKa3anu, 4To CO3L,8HNE MOAENM NPOrHO3MPOBaHUA
C MOMOLLbI0 COBPEMEHHbIX METOA0B, Takmx Kak Random Forest n XGBoost, noBbilwaeT
TOYHOCTb NPOrHo3unpoBaHus ¢ 70 % no npumepHo 80 %, Mo CPaBHEHWIO CO CTaHA3PTHOM
norut-mogensto. obaBnexHne B Mogenn HeUHaHCOBbIX HaKTOPOB TaKXKe HECKOJIbKO
MOBbILWAET TOYHOCTb, OAHAKO0 HEe 43eT CYLeCTBEHHOro addeKTa. BaxkHenwmnmm MeTpm-
KaMu B MPOrHo3unpoBaHumn AedonTa 0Ka3anmncb KOaMdOULIMEHT TEKYLLEN IMKBMAHOCTH
1 OTHOLWeEHWe 060POTHOrO KanMTana K COBOKYMHbIM akTnBaM. Hanbonee BaXkHbIMU He-
(VHaHCOBbIMW (HaKTOPaMK SBNISHOTCS COBOKYMHbIE 3KTWBbI M BO3PACT. Halum pe3ynbraThl
COrN3CYHTCS C YXKe CYLWECTBYIOLLMMM UCCeH0BaHUSAMM B 3TOM 061aCTU 1 hopMUPYIOT
HOBbIM NAACT 3HaHWM 33 CHET NPUMEHEHWNS B KOHKPETHOM 0Tpaciu. Pe3ynbtaTbl MO-
ryT BbITb MCNONB30BaHbI HaHKaMM MW BPYr MU KOHTPAreHTamu, KOTOpble B3anMogem-
CTBYIOT C MPEANPUATUAMM OBLLECTBEHHOIO MUTaHWS, 815 OLEHKM NX KPEAWTHOM0 PUCKa.

Knrovesble cnosa: NnporH03mMpoBaHMe ,ueqnonTa; obLlecTBeHHOE NMUTaHKE; He(bl/lHaHCO-
Bble Cbal-(TOpbl,' MallnHHOEe 06gqume.
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