®

Check for
updates

Predicting Patterns of Firms’ Vulnerability
to Economic Crises Using Open Data, Synthetic
Minority Oversampling Technique and Machine

Learning

Mohsan Ali®® @, Euripidis Loukis®, and Yannis Charalabidis

University of the Aegean, Samos, Greece
{mohsan, eloukis,yannisx}@aegean.gr

Abstract. One of the most serious problems of the market-based economies are
the instabilities of the economic activity (business cycles), which are sometimes
large and lead to recessionary economic crises of different intensities, geograph-
ical scopes and durations, and have quite negative consequences for firms. Gov-
ernments, in order to reduce these negative consequences of economic crises,
which can lead to high levels of unemployment and poverty, as well social unrest
and political extremism, undertake various interventions, such as large-scale eco-
nomic stimulus programs. However, in order to maximize their cost-effectiveness,
as well as the economic and social value they generate, it is necessary that they
are properly targeted and directed to/focused on the most vulnerable firms to
the economic crisis. This paper describes a methodology that can be quite use-
ful for this: it enables the prediction of multi-dimensional patterns of individual
firms’ vulnerability to economic crisis with respect to the main aspects of their
financial situation. For this purpose, Machine Learning algorithms are used, in
combination with the Synthetic Minority Oversampling Technique (SMOTE) for
increasing their performance, which are trained using open government data from
Statistical Authorities. Furthermore, a first application/validation of the proposed
methodology is presented, using open data from the Greek Statistical Authority
about 363 firms for the severe Greek economic crisis period 2009-2014, which
gave satisfactory results.
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1 Introduction

One of the most serious problems of the market-based economies are the instabilities
of economic activity (business cycles), which sometimes can be large and result in
recessionary economic crises of different intensities, geo-graphical scopes and durations
[1-7]. These economic crises have quite negative consequences for society and the
economy [1, 2, 8-11]. Due to the decrease of overall economic activity and incomes
during economic crises leads most firms face a deterioration in many important aspects
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of their economic situation: most firms experience decrease of their sales, and therefore
their revenue and their liquidity, increase of their debts, and reductions investments and
personnel employment, while some firms cannot survive and go bankrupt. However,
these negative impacts of economic crisis differ significantly among firms [1-3, 12]:
some firms exhibit higher capabilities to cope with the economic crises and therefore
higher vulnerability to them, while some other firms cannot sufficiently cope with the
crises and are more vulnerable.

So, it is one of the most important challenges of governments face to reduce as much
as possible these severe negative consequences for the society and the economy of the
economic crises that repeatedly appear, which can result in high levels of unemploy-
ment, poverty and social exclusion, as well social unrest, and political extremism. For this
purpose, governments undertake huge interventions, such as large-scale economic stim-
ulus programs, which include the provision to firms of tax rebates, financial assistance,
subsidies, financial support for investments, low-interest (or even no-interest) loans,
etc. [13—16]. These important government interventions, and especially the large-scale
economic stimulus programs, are more cost-effective and generate more economic and
social value if they are properly targeted and directed to/focused on the most vulnerable
firms to the economic crisis.

This paper describes a methodology that can be quite uscful for achieving this focus:
it enables the prediction of the multi-dimensional ‘patterns’ of individual firms’ vulner-
ability to economic crisis with respect to the main aspects of their financial situation
(such as sales revenue, liquidity, debts, investment, employment, etc.). For this purpose,
we employ Artificial Intelligence (AI) algorithms from the area of Machine Learning
(ML) [17, 18], which are used in order to construct a set of prediction models of the vul-
nerability to economic crises of an individual firm with respect the main aspects of their
financial situation (i.e. the degree of deterioration of each of them during an economic
crisis); as independent variables are used the characteristics of each individual firm. For
the training of these prediction models are used open government data (OGD) [19, 20]
from Statistical Authorities. Furthermore, a first application/validation of the proposed
methodology is presented, which gives satisfactory results.

Our paper consists of four sections. In the following Sect. 2 the proposed methodol-
ogy is described, and then in the Sect. 3 the abovementioned application of it is presented;
lastly, the conclusions are summarized in the final Sect. 4.

2 Proposed Methodology

The proposed methodology aims to predict the multi-dimensional ‘pattern of vulnera-
bility’ to an economic crisis (VEC) of an individual firm, which is defined as a vector
having as components the degrees of deterioration of the main aspects of firm’s financial
situation, such as sales revenue, liquidity, debts, investment, employment, etc. (they can
be measured in a 5-levels Likert scale: not at all, small, moderate, large, very large),
during an economic crisis (Fig. 1):

VEC = [VECy, VEC;, ..., VEC\]
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Fig. 1. Multidimensional Pattern of Firm’s Vulnerability to Economic Crisis

So, for each of these components/dimensions of firm’s vulnerability to economic cri-
sisVEC|,VEC;, ... VECN\ we construct a prediction model of it (having it as dependent
variable). In order to determine the appropriate independent variables of these prediction
models we have been based on theoretical foundations from management sciences. In
particular, several frameworks have been developed concerning the main elements of
a firm that determine its performance, with the ‘Leavitt’s Diamond’ framework being
the most widely recognized one, which includes five main elements: strategy, processes,
people, technology, and structure [21, 22]. We can expect that these five main elements
of the ‘Leavitt’s Diamond’ framework will be the main determinants of the performance
of a firm both in normal economic periods and in economic crisis ones.

So, the prediction models of firm’s economic vulnerability concerning the main
aspects of its financial situation VEC; will include five corresponding groups of
independent variables concerning:

a) strategy (e.g., degree of adoption of the main competitive advantage strategies, such
as cost leadership, differentiation, focus, innovation, etc.)

b) processes (e.g., main characteristics of firm’s processes, such as complexity,
flexibility, etc.)

c¢) people (e.g., shares of firm’s human resources having different levels of education or
specific skills, certifications, etc.)

d) technology (e.g., use of various production technologies, digital technologies, etc.)

e) structure (e.g., main characteristics of firm’s structure, degree of adoption of ‘organic’
forms of work organization, such as teamwork, ctc.)

and also, a sixth group of independent variables concerning general information
about the firm, such as size, sector, comparative performance vis-a-vis competitors, etc.

The structure of the prediction models of firm’s crisis-vulnerability dimensions’
VEC; (dependent and independent variables) is shown in Fig. 2.

For the construction of each of these prediction model we can use the main supervised
ML algorithms described in relevant literature [17, 18], such as Decision Tree (DT),
Random Forest (RF), Logistic Regression (LR), Support Vector Machines (SVM), and
Multilayer Perceptron (MLP), and then compare the prediction performances of the
corresponding prediction models, and finally select the one with the highest prediction
performance. For training them we can use relevant OGD for economic crisis periods
provided by Statistical Authorities; the available dataset will be divided into two parts:
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the ‘training dataset’, which is used for constructing the prediction model, and the ‘test
dataset’, in which the prediction performance of this model is evaluated, by calculating
its prediction accuracy, precision, recall, and F-Score are calculated.

Strategy
Processes
People
Crisis-Vulnerability
Dimension (VEC))
Technology
Structure

General Information

Fig. 2. Structure of the prediction models of firm’s crisis-vulnerability dimensions

However, the abovementioned datasets we use for the construction of the models
usually a) have missing values, b) their size can be not large enough to train a healthy and
accurate ML model, and c) are unbalanced with respect to the classes (they include small
numbers of observations/samples for some of the classes, and much larger numbers of
observations/samples for some other classes); these can result in prediction models with
lower prediction performance and also biased. In order to address problems b) and ¢) our
methodology includes a pre-processing of these datasets using the Synthetic Minority
Oversampling Technique (SMOTE) [23]; this technique increases the number of samples
of the dataset using the existing samples of the classes (oversampling), balances the
dataset with respect to the number of samples of each class, fills missing values, which
cnable the estimation of better prediction models with higher prediction performance.
Furthermore, our methodology includes an initial Exploratory Data Analysis (EDA) in
order to get a first insight of the data through visualizations, and make some necessary
transformations, and then a Principal Component Analysis (PCA) in order to analyze
the importance of the features, and select the eliminate the important ones, and eliminate
the ones that are not important, which helps to improve performance and reduce training
time.
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3 Application

A first application/validation of the proposed methodology was made using a dataset
that was released by the Greek Statistical Authority on request by the authors, and after
signing an agreement concerning its use, so it constitutes OGD freely available for
rescarch purposes. The full dataset was comprised of 363 instances, with cach instance
being an independent firm. It included for each firm the following features/variables:

a) seven (7) variables concerning firm’s vulnerability to the severe economic crisis that
Greece experienced between 2009 and 2014 with the main aspects of its economic
situation: degree of decrease of domestic sales, foreign sales, employment, traditional
investment (e.g. in equipment, buildings, etc.), innovation investment and liquidity,
and degree of increase of firm’s debt, due to the economic crisis; all these variables
were measured in a 5-levels Likert scale (not at all, small, moderate, large, very large),
and were then converted to binary ones (with the first three values being converted
to ‘non-vulnerable’” and the other two being converted to ‘vulnerable’);

b) forty (40) variables concerning various firm’s characteristics with respect to strategy,
personnel, technology (focusing on the use of various digital technologies), structure
(focusing on the use of organic’ forms of work organization, such as teamwork) and
also some general information about the firm (size measured through the number of
employees, sector (services or manufacturing), comparative financial performance in
the last three years in comparison with competitors).

The dataset had missing values, so initially we proceeded to filling each missing
value with the most suitable value based on the type of the variable (for instance, if
the variable was ordinal, then the missing values were filled with the highest relative
frequency value of this variable). Then exploratory data analysis (EDA) was applied
in order to gain a better insight into the data through visualizations and make some
necessary transformations. As a next step, since the size of our data set (which included
data for 363 firms as mentioned above) did not allow constructing/training supervised
ML prediction models with good prediction performance, we used the abovementioned
oversampling and class-balancing algorithm SMOTE. Finally, the dataset was divided
into a training dataset including 66% of the samples and a testing dataset including
33% of the samples. The former was used for the training of ML models with the
following algorithms: Decision Tree (DT), Random Forest (RF), Logistic Regression
(LR), Support Vector Machines (SVM), and Multilayer Perceptron (MLP); the latter was
used for assessing the prediction performance of these ML models. We can see the results
(prediction accuracy, precision, recall and F-score) in Table 1 (with bold are shown for
each dimension of crisis-vulnerability the results for the best performing algorithm).

We can see that for two dimensions of firm’s vulnerability to economic crisis, con-
cerning foreign sales and employment (degree of decrease of foreign sales and degree
of decrease of employment due to the economic crisis), we have a high prediction per-
formance (prediction accuracy 89% and 85% respectively). For two more dimensions of
firm’s vulnerability to economic crisis, concerning debt and liquidity (degree of increase
of debt and degree of decrease liquidity due to the economic crisis), we have a lower —but
still high - prediction performance (prediction accuracy 79% for both). For the remain-
ing three dimensions, concerning domestic sales, traditional investment, and innovation
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Table 1. Prediction Performance of AI/ML Algorithms for each Crisis-Vulnerability Dimension

Crisis — Vulnerability | A/ML Algorithm Accuracy | Precision | Recall | F-score
Dimension
Domestic Sales Decision Tree 0.67 0.66 0.67 0.66
Crisis-Vulnerability | Random Forest 0.76 0.75 0.76 | 0.75
Logistic Regression | 0.62 0.60 0.60 0.60
SVM 0.77 0.76 0.76 0.76
MLP 0.68 0.64 0.63 0.64
Foreign Sales Decision Tree 0.76 0.75 0.75 0.75
Crisis-Vulnerability | gandom Forest 0.89 0.90 0.87 088
Logistic Regression | 0.65 0.64 0.61 0.60
SVM 0.87 0.88 0.85 0.86
MLP 0.73 0.72 0.69 0.69
Employment Decision Tree 0.74 0.74 0.74 0.74
Crisis-Vulnerability | gandom Forest 0.85 0.85 085 | 085
Logistic Regression | 0.65 0.64 0.65 0.65
SVM 0.77 0.76 0.74 0.75
MLP 0.69 0.67 0.66 0.67
Traditional Investment | Decision Tree 0.71 0.70 0.71 0.70
Crisis-Vulnerability Random Forest 0.76 0.78 0.73 0.73
Logistic Regression | 0.62 0.62 0.62 0.62
SVM 0.74 0.74 0.72 0.72
MLP 0.62 0.61 0.58 0.56
Innovation Investment | Decision Tree 0.60 0.62 0.60 0.61
Crisis-Vulnerability | Random Forest 0.74 0.74 074 |0.74
Logistic Regression | 0.60 0.61 0.60 0.60
SVM 0.76 0.75 0.76 0.75
MLP 0.64 0.64 0.64 0.64
Debt Decision Tree 0.68 0.68 0.68 0.68
Crisis-Vulnerability

(continued)
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Table 1. (continued)

Crisis — Vulnerability | AI/ML Algorithm Accuracy | Precision |Recall |F-score
Dimension
Random Forest 0.79 0.79 0.79 0.78
Logistic Regression 0.64 0.63 0.64 0.62
SVM 0.77 0.79 0.77 0.76
MLP 0.64 0.64 0.64 0.62
Liquidity Decision Tree 0.70 0.71 0.70 0.70
Crisis-Vulnerability Random Forest 0.79 0.78 0.79 0.78
Logistic Regression | 0.63 0.64 0.63 0.63
SVM 0.75 0.76 0.75 0.76
MLP 0.56 0.54 0.56 0.55

investment, we had slightly lower prediction performance (prediction accuracy 77%,
76% and 74% respectively).

Overall, the results of this first application of the proposed methodology (prediction
performances) can be regarded as satisfactory, taking into account the small size of
the dataset we have used (data from 363 firms), and provide a first validation of this
methodology; we expect that using a larger dataset (as governments have such data for
quite large numbers of firms) will allow training crisis-vulnerability prediction models
with higher prediction performances.

4 Conclusion

In the previous sections of this paper has been described a methodology for predicting
the whole pattern of vulnerability to economic crisis of individual firms, which respect
to the main aspects of their financial situation (such as sales, liquidity, debt, investment,
employment, etc.); for this purpose are used AI/ML techniques, in combination with
SMOTE in order to increase their performance, which are trained using OGD from
Statistical Authorities. The proposed methodology aims to support and enhance/augment
(in order to increase its effectiveness) one of the most important and costly kinds of
interventions that governments have to make: the interventions they undertake in tough
times of economic crises in order to reduce their negative consequences, and especially
the large-scale economic stimulus programs.

The research presented in this paper has some interesting implications for research
and practice. With respect to research, it makes a significant contribution to two highly
important research streams. First, to the growing research stream investigating the use
of Al in government, by developing a novel approach for a highly beneficial use of
AI/ML for supporting and enhancing/augmenting a critical activity of government with
quite high economic/social importance and financial magnitude. Second, to the research
stream investigating OGD research stream, by providing an approach for increasing the



Predicting Patterns of Firms’ Vulnerability to Economic Crises 195

economic/social value generation form the OGD through advanced processing of them
using AI/ML techniques. With respect to practice, it provides a useful tool to government
agencies that are responsible for the design and implementation of economic stimulus
programs aiming to reduce the negative consequences of economic crises.

However, further research is required in the following directions: a) further appli-
cation of the proposed methodology, using larger datasets, and in various national and
sectoral contexts (experiencing different types and intensities of economic crises); b)
investigate the use of other pre-processing algorithms (e.g., oversampling and class-
balancing algorithms) as well as AI/ML algorithms (deep learning ones); c) investigate
the combination of such OGD with other sources of data about firms (e.g. from other gov-
ernment agencies, from private firms, such as private business information databases),
in order to obtain more information about firms that might improve the performance of
the prediction of their pattern of vulnerability to economic crises.
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