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Abstract. In market-based economies economic crises of different geographical 

scopes and durations are often appearing, and are resulting in economic reces-

sions, which have quite negative consequences for the economy and the society. 

Governments respond by undertaking large-scale economic stimulation pro-

grams, spending vast amounts of financial resources (with orders of magnitude 

between 3-6% of GDP), in order to mitigate these negative consequences. It is of 

critical importance to make effective use of these huge financial resources, in 

order to have high positive impact on the economy and the society in these tough 

crisis periods. This necessitates careful and rational design and implementation 

of these large and costly economic stimulation programs. Since one of the most 

important consequences of economic crises is the decrease of firms’ investments, 

the above economic stimulation programs include investment support actions, 

which aim to mitigate these crisis-induced firms’ investment decreases, and in-

clude a wide range of interventions for this reason, such as investment incentives, 

subsidies, low-interest loans as well as relevant tax rebates. In this paper is pre-

sented an integrated methodology for leveraging government data from economic 

crisis periods, using on one hand Unsupervised Machine Learning techniques, 

and on the other hand Supervised Machine Learning ones, in order to provide 

support for the rational design and implementation of firms’ investment support 

actions in economic crises. A first application of the proposed methodology is 

presented, based on existing data from the Greek Ministry of Finance and the 

Statistical Authority concerning 363 firms for the economic crisis period 2009-

2014, which gave interesting and encouraging results. 

Keywords: Economic Crisis, Recession, Stimulation Packages, Artificial Intel-

ligence, Machine Learning, Supervised Learning, Unsupervised Learning 

1 Introduction 

In market-based economies economic crises of different geographical scope and dura-

tions are often appearing, and are resulting in economic recessions, which have quite 

negative consequences for the economy and the society [1-6]. During the last century 
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numerous economic crises have appeared [2]. A decade ago, we experienced the severe 

2007 Global Financial Crisis, while recently we experienced an economic crisis caused 

by the COVID-19 pandemic [7], and currently the Ukraine war, and the big increases 

in the prices of oil, gas, wheat and other goods it gives rise to, is expected to spark 

another economic crisis. 

As the negative consequences of economic crises are often severe, governments un-

dertake large-scale economic stimulation programs, and spend vast amounts of finan-

cial resources, having orders of magnitude between 3-6% of GDP, in order to mitigate 

these consequences (such as the recent American Recovery and Reinvestment Act 

(ARRA) in the United States and the European Economic Recovery Plan (EERP) in the 

European Union) [8-12]. These increase considerably national debts and cause big 

macro-economic problems in the post-crisis periods. Therefore, it is of critical im-

portance to design and implement carefully and rationally these large and costly eco-

nomic stimulation programs, in order to use these huge financial resources effectively, 

and have high positive impact on the economy and the society in these tough crisis 

periods. For this purpose, considerable research has been conducted for the assessment 

of the effects of such economic stimulation programs, which have been designed and 

implemented for addressing previous economic crises, such as the 2007 Global Finan-

cial Crisis, in order to draw useful conclusions, insights and knowledge that can be used 

for addressing future crises [11-12]. However, there is a lack of research concerning 

the use and leveraging of the extensive firm-level data from crisis periods that govern-

ment agencies possess for this highly important purpose: for the support of the rational 

design and implementation of these large-scale economic stimulation programs, in or-

der to increase their effectiveness and positive economic and social impact. It is there-

fore a big challenge, of critical economic and social importance, to extract from these 

extensive government firm-level data from crisis periods as much as possible insight 

and knowledge, which can be useful in the future for optimizing these economic stim-

ulation programs and using more effectively their huge financial resources.    

As many crises have appeared in the last decades, while the economic stability peri-

ods have become shorter, governments gradually realize that they have to learn more 

about how to manage not only normal economic stability periods, but also tough eco-

nomic crisis periods as well. It is therefore imperative to increase their knowledge about 

the multiple types of consequences of these economic crises, as well as the possible 

interventions that can be undertaken in order to mitigate these consequences, and also 

ways to make these interventions more effective. For these purposes quite useful can 

be both the macro-economic, and also the micro-economic data as well, which are col-

lected by government agencies during economic crises periods. It is necessary to lever-

age these valuable data as much as possible, by making the most intensive possible 

exploitation of them, by using highly sophisticated techniques, especially from the Ar-

tificial Intelligence (AI) domain, such as Unsupervised and Supervised Machine Learn-

ing techniques, in order to maximize the extraction of useful insights and knowledge 

from these data, and also to make reliable predictions based on them. These are going 

to enable governments to design and implement better and more focused and effective 

programs as well as specific actions for mitigating the negative consequences of eco-

nomic crises for the economy and the society.  
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This paper contributes to filling the abovementioned research gap, focusing on one 

of the most critical components of these economic stimulation programs for addressing 

economic crises: the firms’ investment support actions (which are highly important for 

their post-crisis competitiveness). In particular, it presents an integrated methodology 

for leveraging firm-level government data from economic crisis periods, using AI tech-

niques, on one hand Unsupervised Machine Learning techniques, and on the other hand 

Supervised Machine Learning ones [13-17], in order to provide support for the rational 

design and implementation by government of firms’ investment support actions during 

economic crises. It includes initially the use of Clustering Analysis techniques (Unsu-

pervised Machine Learning), in order to investigate if we can distinguish some typolo-

gies of firms with respect to the impact of economic crisis on the main types of invest-

ments they make. If this happens, the proposed methodology includes the use of Anal-

ysis of Variance (ANOVA) next, in order to understand better the main characteristics 

of these typologies of firms (e.g. with respect to personnel, ICT use, processes, strategic 

directions, innovation, exports, etc.). Finally, it includes the use of Prediction tech-

niques (Supervised Machine Learning) in order to develop prediction models for firm’s 

investment resilience in economic crisis based on the abovementioned individual char-

acteristics of them. Also, a first application of the proposed methodology is presented, 

based on existing data from the Greek Ministry of Finance and the Statistical Authority 

concerning 363 firms for the economic crisis period 2009-2014, which gave encourag-

ing and interesting results. 

Our research contributes to the growing body of knowledge concerning the use of 

Artificial Intelligence (AI) in government (briefly reviewed in 2.2), by developing a 

composite integrated methodology of AI exploitation, which includes of combination 

of Unsupervised and Supervised Learning techniques, for the design and implementa-

tion of policies, programs and actions concerning one of the most severe and difficult 

problems that governments face: the economic crises.  

In the following section 2 the background of our methodology is outlined, while in 

section 3 the methodology is described, followed by the abovementioned application 

of it in section 4. The final section 5 summarizes conclusions and proposes directions 

for future research. 

2 Background 

2.1 Economic Stimulation Programs 

According to relevant literature [1-6] the economic crises usually result in contractions 

of economic activity, leading to economic recessions, which have two main categories 

of negative effects on firms: a) decrease of firms’ production, procurement, and per-

sonnel employment (which increases unemployment, poverty and social exclusion); 

and b) decrease of the different types of investments they make (e.g. in equipment, 

buildings, training of personnel, R&D, innovation, etc.). Though the former category 

of negative effects of the economic crises on firms is more widely and extensively de-

bated, due to their painful short-term consequences, such as the increase of unemploy-

ment, and therefore poverty and marginalization, the latter category has equally or even 
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more detrimental medium- or long-term consequences; the most important of them are 

firm’s technological backwardness and obsolescence, loss of important development 

opportunities, and finally lower competitiveness and growth. 

So, governments, in order to mitigate these negative consequences of economic cri-

ses, which can give rise to social unrest and political extremism, undertake large-scale 

economic stimulation programs, spending huge amounts of financial resources [8-12]. 

These programs vary in size (e.g. the stimulus program of the EU for addressing the 

recent 2007 Global Financial Crisis amounted to 5% of GDP in the EU [8], while the 

corresponding program of China was much bigger, reaching an estimated 12.5% of its 

GDP [10]) as well as in composition (i.e. in the specific actions they include). In gen-

eral, they include two main categories of actions: i) demand-side oriented ones (aiming 

to stimulate domestic consumption by citizens, e.g. unemployment assistance, nutri-

tional aid, health and welfare payments, tax cuts, etc.); and ii) supply-side oriented ones 

(public infrastructure investments, as well as private investment incentives, subsidies, 

low-interest loans, relevant tax rebates, etc., usually promoting ‘green growth’, adopt-

ing new technologies, innovation, etc.) [10]. The shares of these two categories of ac-

tions in the economic stimulation programs vary among countries, but all of them place 

great emphasis in the mitigating firms’ investment decrease during economic crises, 

through various kinds of actions, such as investment incentives, low-interest loans, sub-

sidies, relevant tax rebates, etc. However, it is widely recognized that these actions 

should be highly focused on the firms that really need support of their investments (in 

general, or for specific types of investment, such as the ‘soft investments’ (e.g. in per-

sonnel training, marketing/advertisement) or ‘innovation investment’ (e.g. in R&D, 

processes innovation, products/services innovation, etc.). 

Our research aims to leverage existing firm-level data from crisis periods possessed 

by government, by performing highly sophisticated processing of them, using AI tech-

niques, in order to support the design and implementation of this particular highly im-

portant supply-side oriented firms’ investment support actions in economic crises. 

 

2.2 Artificial Intelligence in Government 

Even though AI existed for several decades, its ‘real life’ exploitation was limited; 

however recently there has been a high interest in the ‘real life’ application of AI tech-

niques, initially by private sector firms, for a number of reasons: a) availability of large 

amounts of data, which enable a more effective training of AI algorithms (and finally 

the extraction of more reliable models and rules); b) advances in computing power and 

reduction of its cost; c) substantial improvements of AI algorithms [13-17]. The first 

AI use initiatives in the private sector have revealed the great potential of AI techniques 

to offer important benefits, such as improvements in productivity, increase of sale rev-

enue and growth, better decision-making as well as substantial innovations in internal 

processes, products and services [18]. 

These first success stories of high beneficial application of AI in the private sector 

have generated high levels of interest to use AI techniques in the public sector as well, 

in order to exploit better the huge amounts of data possessed by government agencies, 

on one hand for supporting decision-making and policy-making, and on the other hand 
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for automating or supporting substantially more sophisticated mental tasks than the 

simpler routine ones automated or supported by the traditional operational IS of gov-

ernment agencies [21-27]. According to the study described in [26] AI has great poten-

tial to support and improve the core government functions: 

i) Policy-Making (by enabling/supporting the detection of social issues more quickly, 

the improvement of public policy decisions, the estimation of potential effects of pol-

icy, the monitoring of the implementation of policy as well as the evaluation of existing 

policy, and the enhancement of citizens’ participation in policy making); 

ii) Public Services Delivery (by enabling/supporting the improvement of the infor-

mation services of the organization, as well as the delivery of public service to busi-

nesses and citizens, and also the development of new innovative public services); 

iii) Internal Management (by enabling/supporting the improvement of the allocation of 

human resources, the recruitment services of the public organizations, their financial 

management, the detection of fraud and/or corruption, the maintenance of equipment, 

the public procurement processes and also organizational (cyber)security). 

Using the above typology of AI exploitation in government as an analysis framework, 

a sample of 250 cases of government use of AI across the European Union were ana-

lyzed; it was concluded that AI is used mainly to support the improvement of public 

service delivery, followed by the enhancement of internal management, but only in a 

limited number of cases AI was used for the support (directly or indirectly) of policy 

and decision making.  

Some research has been conducted on the development of ways/methodologies of 

exploiting AI in different public sector thematic domains, for various kinds of problems 

and tasks, for instance in education, for the prediction of applicants for teacher positions 

who will be more effective and successful, in order to support making the optimal re-

cruitment decisions [28]; in social policy, for the prediction of higher risk youth con-

cerning criminal activity, in order to target prevention interventions [29]; in restaurant 

hygiene inspections, for harnessing the social media on-line reviews in order to identify 

restaurant likely to be severe offenders, for optimizing inspections [30]; in public secu-

rity, for predictive police patrolling, in order to use more effectively scarce human re-

sources [31], and for the automated analysis and classification of crime reports [32]; in 

public transportation management in order to predict high crime risk transportation ar-

eas [33]; in environmental management and planning for the prediction of ground water 

levels [34]; in healthcare, for supporting diseases’ diagnosis and treatment planning 

[35]. 

However, it is widely recognized that only a small part of the great potential of AI 

use in government has been discovered and exploited; so further research is required in 

order to exploit this potential to a larger extent: for the development of new innovative 

ways and methodologies (including combinations of AI techniques, and possibly ad-

vanced statistical techniques), for exploiting the potential of AI in different public sec-

tor thematic domains, for various kinds of problems and tasks, with main focus on the 

most severe problems of modern societies and economies. In this direction our research 

makes a useful contribution, by developing and making a first application of an inte-

grated methodology for leveraging government data from economic crisis periods, us-

ing a combination of Unsupervised and Supervised Machine Learning techniques, and 
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also Statistical techniques, in order to provide support for the rational design and im-

plementation of firms’ investment policies in economic crises. 

 

2.3 Firm Performance Determinants 

Previous economic and management science research has investigated the main ele-

ments of a firm that determine its performance. Economic research has concluded that 

the main production factors of a firm that determine its output and performance are: 

a) its capital (meant as the different kinds of production equipment it uses), discrimi-

nating between non-computer capital and computer capital, 

b) its labor (meant as numbers of personnel of various educational levels and speciali-

zations), discriminating between non-computer labor and computer labor, 

while recently there is an increasing recognition of the importance also of firm’s ‘or-

ganizational capital’ (meant as processes and structures adopted by the firm) as well as 

‘human capital’ (meant as the skills and knowledge of firm’s personnel) for its output 

and performance [36-39].  

At the same time management science research has developed several conceptuali-

zations of the main elements of a firm that determine its performance; the most widely 

recognized and used one is definitely the ‘Leavitt’s Diamond’ framework [40]. Accord-

ing to it the most important elements of a firm that determine its performance are: 

i) its task (= the strategies of the firm, as well as the administrative and production 

processes it follows for implementing these strategies), 

b) its people (= the skills of firm’s human resources of the firm), 

c) its technology (= the technologies used for implementing the above administrative 

and production processes), 

d) its structure (= the organization of the firm in departments, and the communication 

and coordination patterns them).  

An extension of it has been developed subsequently, which analyses the above ‘task’ 

element into the ‘strategy’ and ‘processes’ elements [41]. We remark that this ‘Leavitt’s 

Diamond’ framework includes a wider set of firm’s elements that determine its perfor-

mance in comparison with the abovementioned economic framework. Furthermore, 

there are similarities between these two frameworks: some of the above five main ele-

ments of a firm that determine its performance correspond at least to some extent to 

those determined by economic research. In particular, the ‘technology’ corresponds to 

‘capital’ (non-computer and computer one), the ‘people’ correspond to ‘labor’ and ‘hu-

man capital’, while the ‘structure and the ‘processes’ part of the ‘task’ correspond to 

‘organizational capital’. 

We can expect that firm’s characteristics concerning the above five main elements 

(strategy, processes, people, technology and structure) will determine to a considerable 

extent firm’s performance during not only normal economic stability periods, but also 

economic crisis periods as well; these characteristics are expected to determine firm’s 

ability to cope with the difficult economic crisis conditions, minimizing the decrease of 

sales revenue and profits due to the crisis, and therefore increasing the availability of 

financial resources for making investments, and also to identify, design and implement 

successfully highly valuable investments for handling the difficult crisis context. 
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3 The Proposed Methodology 

The proposed methodology uses firm-level data possessed by government from eco-

nomic crisis periods concerning: 

i) the extent of decrease during the economic crisis period of the main types of firm’s 

investments, such as ‘basic investments’ (e.g. in production equipment, buildings, etc.), 

‘soft investments’ (e.g. in personnel training, marketing/advertisement) and ‘innovation 

investment’ (e.g. in R&D, processes innovation, products/services innovation, etc.) 

(variables INVD1, INVD2, …, INVDN); 

ii) various firm characteristics concerning the abovementioned five main elements of a 

firm that determine its performance, such as personnel, ICT use, processes, strategic 

directions, innovation, exports, etc. (variables CH1, CH2, …, CHM). 

These data are usually collected annually by Ministry of Finance – Taxation Authorities 

and Statistical Authorities, as firms have legal obligation to provide them, and also there 

are sanctions in case of not providing these data, or providing inaccurate data; therefore 

these data possessed by government are of high quality: they are complete and highly 

reliable, so they are appropriate to be used for extracting insight and knowledge from 

them, and also for estimating prediction models.  

These data undergo advanced processing, which consists of three stages (Fig.1): 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

Fig. 1. Structure-stages of the proposed methodology 

 

a) In the first stage we are using Clustering Techniques (Unsupervised Learning) in 

order to investigate whether we can distinguish some discrete clusters/typologies of 

firms with respect to the impact of the economic crisis on the main types of investments. 

Clustering Analysis -  

Identification of Typologies 

ANOVA between Clusters 

with respect to firm characteristics 

ANOVA between Clusters 

with respect to firm characteristics 
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For this purpose, we are using the abovementioned investment decrease variables 

INVD1, INVD2, …, INVDN (which measure the extent of decrease of the main types 

of investments made by each particular firm) for performing Clustering Analysis [13-

17]: 

- initially we perform Hierarchical Clustering, in order to determine the number of clus-

ters (based on the ‘gaps’ of the dendrogram); 

- then using this number of clusters we perform K-means Clustering, in order to deter-

mine for each of the firms of our dataset to which if the clusters it belongs (cluster 

membership);  

- based on the cluster memberships of these firms we calculate the center of each cluster 

(= averages of the above investment decrease variables over all the firms of the cluster); 

- and finally perform Analysis of Variance (ANOVA) between the clusters with respect 

to these investment decrease variables, in order to identify the variables (i.e. types of 

investment) in which these clusters differ most. 

If more than one clusters are identified this indicates that an ‘one size fits all’ invest-

ment policy/set of actions for mitigating the crisis-induced decrease of firms’ invest-

ments is not the most appropriate approach; it is necessary for each firms’ cluster/ty-

pology to design and implement a different more focused and specialized investment 

policy/set of actions. The results of the above Cluster Analysis concerning the center 

of each cluster (which show the extent of decrease of the main types of investment type 

in the firms of the cluster) enable an understanding of the cluster (typology) and can 

provide a sound basis and direction for the design and implementation of a special-

ized/focused investment policy/set for these firms.     

b) In the second stage we are performing ANOVA among the clusters with respect 

to the firm characteristics’ variables CH1, CH2, …, CHM, in order to investigate 

whether there are differences among the above firms’ clusters/typologies with respect 

to various characteristics concerning the abovementioned five main elements of a firm 

that determine its performance, such as personnel, ICT use, processes, strategic direc-

tions, innovation, exports, etc. (used as independent variables). This enables a better 

understanding of each of the clusters/typologies identified in the previous stage, con-

cerning the main characteristics of the firms it includes, as well as the firm characteris-

tics in which these clusters/typologies differ most; so, it provides further basis and di-

rection for the design and implementation of a specialized/focused investment pol-

icy/set of interventions for each of the identified clusters/typologies of firms.  

c) In the third stage we are using Prediction Techniques (Supervised Learning) in 

order to construct prediction models for an overall index of investment decrease in eco-

nomic crisis INVD, which is equal to the average of the INVD1, INVD2, …, INVDN 

variables, using as predictors the abovementioned the firm characteristics’ variables 

CH1, CH2, …, CHM. For this purpose, we can use the existing Supervised Learning 

algorithms for predicting continuous dependent variables, such as Generalized Linear 

Modelling, Deep Learning, Decision Trees, Random Forests, Gradient Boosted Trees, 

Support Vector Machines, etc. [13-17], and select the one that exhibits the highest per-

formance (the lowest absolute error). It is necessary these predictions to be as ‘explain-

able’ as possible, so in this direction we have to exploit the research that has been con-

ducted on ‘Explainable Artificial Intelligence’ [42]. 
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This third stage enables predicting for an individual firm the extent of investment 

decrease in economic crisis, which can be viewed as its ‘investment resilience in eco-

nomic crisis’, based on its particular characteristics, such as personnel, ICT use, pro-

cesses, strategic directions, innovation, exports, etc. This capability can be very useful 

for the more effective implementation of investment policies, interventions and pro-

grams during economic crisis. In particular, this enables the prediction of this ‘invest-

ment resilience in economic crisis’ for all firms applying for various interventions/pro-

grams of investment incentives, subsidies, low-interest loans, tax rebated, etc. imple-

mented in the beginning of future economic crises; this prediction can be taken into 

account as an additional selection criterion, favoring firms that are predicted to exhibit 

lower investment resilience, and therefore larger decrease of investments, in economic 

crisis, so that these interventions/programs can be more focused on such firms, and 

therefore be more focused and effective. 

The first and the second stage of the proposed methodology provide support for 

gaining a better and deeper understanding of the impact of the particular economic cri-

sis on the main types of investments that firms make, so they provide a sound base for 

the ‘evidence-based’ design of appropriate effective firms’ investment support poli-

cies/actions (and possibly a set of different specialized/focused policies/actions for dif-

ferent groups/clusters of firms, instead of a single ‘one size fits all’ investment pol-

icy/actions that might be less effective). The third stage of our methodology supports 

relevant internal operations of the government agencies, which are responsible for the 

implementation of these firms’ investment support policies, enabling the effective im-

plementation of them, by focusing on the firms that are expected to have the largest 

decrease in the investments, so they will be most in need of investment support by 

government. Therefore, the proposed methodology supports and improves two out of 

the three core government functions that according to [26] (as mentioned in more detail 

in 2.2) AI has a great potential to support and improve: policy-making and internal 

operations/management (which according to this study are the least exploited types of 

AI use in the governments of the member states of the European Union).         

4 Application 

A first application of the proposed methodology has been made, using data for 363 

firms for the period 2009-2014 from the Ministry of Finance – Taxation Authorities 

and the Statistical Authority of Greece. These firms cover a wide range of sectors and 

sizes: 40.2% of them were from manufacturing sectors, 9.4% from constructions, and 

50.4% from services sectors; also, 52.6% of them were small, 36.1% medium and 

11.3% large ones. In particular, we used data concerning the following variables: 

- extent of decrease of firm’s investments in production equipment, buildings, per-

sonnel training, marketing/advertisement, R&D, processes innovation and prod-

ucts/services innovation (variables INVD1, INVD2, …, INVD7 – five levels ordinal 

variables: 1 = ‘negligible’; 2 = ‘small decrease’; 3 = ‘moderate decrease’; 4 = ‘large 

decrease’; 5 = ‘very large decrease’), 
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- strategic orientations: extent of adoption by the firm of the main strategies de-

scribed in relevant strategic management literature [43]: cost leadership, differentiation 

and innovation (variables STRAT_CL, STRAT_DIF, STRAT-INNOV -  five levels 

ordinal variables: 1 = ‘not at all’; 2 = ‘to a small extent’; 3 = ‘to a moderate extent’; 4 

= ‘to a large extent’; 5 = ‘to a very large extent’), introduction of process and product 

innovations by the firm in the last three years (INNOV_PROC, INNOV_PRS – binary 

variables), introduction of innovations by the firm in the production or service delivery 

processes, in the sales, shipment or warehouse management processes, and in the sup-

port processes (e.g. equipment maintenance processes) in the last three years 

(INN_PRSD, INN_SSWM, INN_SUPP – binary variables), percentage of 2014 firm’s 

sales revenue coming from new products/services introduced during the last three years 

(NEW_PS – continuous variable), percentage of 2014 firm’s sales revenue coming 

from products/services introduced before 2012 but significantly improved during the 

last three years (IMPR_PS – continuous variable), existence of Research & Develop-

ment in the firm (R&D – binary variable) and percentage of exports in firm’s sales 

revenue in 2014 (EXP_P - continuous variable), 

- processes: use of ‘organic’ structural forms of work organization in the firm, such 

as teamwork and job rotation [44-45] in the last three years (ORG – binary variable), 

- personnel: number of firm’s employees at the end of 2014 (EMPL – continuous 

variable), shares of firm’s employees having tertiary education, vocational/technical 

education, high school education, elementary school education (EMPL_TERT, EMPL 

– VOCT, EMPL_HIGH, EMPL_ELEM – continuous variables), shares of firm’s em-

ployees using for their work computers, firm’s intranet (internal network), Internet 

(EMPL_COM, EMPL – INTRA, EMPL_INTER – continuous variables) and share of 

specialized ICT personnel in firm’s workforce (EMPL_ICT – continuous variable),    

- technology: extent of use of ERP, CRM, SCM, Business Intelligence/Analytics, 

Collaboration Support systems in the firm (ERP, CRM, SCM, BIBA, CS - five levels 

ordinal variables: 1 = ‘not at all’; 2 = ‘to a small extent’; 3 = ‘to a moderate extent; 4 = 

‘to a large extent’; 5 = ‘to a very large extent’), conduct of e-sales of products/services 

(E-SAL – binary variable), extent of use of social media by the firm for sales promotion, 

collection of customers’ opinions, comments and complaints, collections of ideas for 

improvements and innovations in firm’s products/services, finding personnel, support-

ing the internal exchange of information and co-operation among firm’s employees, 

supporting the external exchange of information and co-operation with other firm (e.g. 

suppliers, partners, customers, etc.) (SM_SPRO, SM_OPCO, SM_IMINN, SM_PERS, 

SM_INTCO, SM_EXTCO – three levels ordinal variables: 1 = ‘not at all’, 2 = ‘to a 

small extent’, 3 = ‘to a large extent’), use of cloud computing by the firm (CLOUD – 

binary variable), extent of use of cloud IaaS, PaaS and SaaS services by the firm 

(CL_IAAS, CL_PAAS, CL_SAAS - five levels ordinal variables: 1 = ‘not at all’; 2 = 

‘to a small extent’; 3 = ‘to a moderate extent’; 4 = ‘to a large extent’; 5 = ‘to a very 

large extent’) 

- general firm information: sector (SECT – binary variable: 1 = ‘manufacturing or 

constructions’, 2 = ‘services’), level of firm’s comparative performance in comparison 

with the other competitor firms in terms of profitability, sales revenue, market share 

and return on investment (ROI) (COMP_PROF, COMP_SALR, COMP_MS, 
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COMP_ROI - five levels ordinal variables: 1 = ‘much lower than the average’; 2 = 

‘lower than the average’; 3 = ‘about at the average’; 4 = ‘higher than the average’; 5 = 

‘much higher than the average’). 

 

4.1 Cluster Analysis 

Initially, using the investment decrease variables INVD1, INVD2, …, INVD7 we per-

formed Hierarchical Clustering in order to determine the number of clusters – firms’ 

typologies with respect to investment decrease during the economic crisis. Based on 

the ‘gaps’ of the dendrogram we can distinguish three clusters of firms. Then we per-

formed K-means Clustering, setting the number of clusters equal to three, in order to 

determine for each of our dataset the cluster it belongs to (cluster membership), and 

then calculate the centers of the three clusters with respect to the abovementioned in-

vestment decrease variables, which are shown in the second, third and fourth column 

of Table 1.  

Table 1. Center of clusters – ANOVA results 

Variable Cluster 1 Cluster 2 Cluster 3 F-ANOVA Sig. 

INVD1 3.85 2.99 1.70 145.927 0.000 

INVD2 3.84 2.88 1.40 138.873 0.000 

INVD3 3.68 2.87 1.34 236.410 0.000 

INVD4 4.16 3.16 1.69 183.856 0.000 

INVD5 4.25 2.47 1.22 380.962 0.000 

INVD6 3.92 2.38 1.23 444.162 0.000 

INVD7 3.72 2.39 1.23 291.181 0.000 

 

We remark that the firms of the first cluster had medium to large decrease (being closer 

to the latter) in their basic investments in production equipment and buildings, in their 

soft investment in personnel training, as well as in their investment in products/services 

innovation and process innovation, and large to very large decrease in their soft invest-

ment in marketing/advertisement, as well as in R&D. Therefore in these firms  the eco-

nomic crisis haD severe negative impact on their investment, especially in their soft 

investment in marketing/advertisement and in R&D.  

The second cluster of firms had slightly lower than moderate decrease in their basic 

investments in production equipment and buldings, and in their soft investments in per-

sonnel training, but only small to moderate (closer to the former) decrease in their in-

novation-oriented investments in R&D, products/services innovation and process inno-

vation; also, they had slightly higher than moderate decrease in their marketing/adver-

tisement investment. The firms of this second cluster exhibited a quite different behav-

iour during the economic crisis with respect to their investment than the ones of the 

first cluster: they maintain the level of investment in innovation, in order to cope with 

the difficult economic conditions of the crisis (decrease in products/services demand, 

and therefore in sales revenue) through innovation (innovative products/services, and 
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also innovation in internal processes in order to reduce operating costs). At the same 

time they make less than moderate reductions in the remaining types of investment, 

with the only exception of the marketing/advertisement ones. 

Finally, the third cluster of firms had negligible to small decrease in all the examined 

types of investments, being closer to negligible decrease in their innovation-oriented 

investments in R&D, products/services innovation and process innovation, as well as 

in their investments in buildings and personnel training, and closer to small decrease in 

their production equipment and in their marketing/advertisement investments. These 

firms use innovation as a central strategy for coping with the difficult economic condi-

tions of the crisis, while at the same time they maintain to a good extent they levels of 

the other types of investment. The above results indicate that we are far from having a 

homogeneous effect of the economic crisis on the Greek firms, and we can distinguish 

some discrete typologies of firms with respect to the impact of the crisis on their in-

vestment; so in relevant firms’ investment policies, interventions and programs more 

emphasis should be placed on the first cluster/typology firms, in order to mitigate their 

technological backwardness and obsolescence, and even survival, risks. 

Furthermore, we performed ANOVA among these three clusters with respect to the 

above investment decrease variables, and the results are shown in the fifth and sixth 

columns of Table 1. We can see that there are statistically significant differences among 

the three clusters in all seven investment decrease variables. Therefore, the three clus-

ters differ in the decrease they had during the economic crisis in all the examined types 

of investment; the F-values shown in the sixth column of Table 1 indicate that the high-

est differences among the three clusters are in the extent of decrease they had in the 

innovation-oriented investments (in R&D, products/services innovation and process in-

novation), followed by the personnel training investments. 

 

4.2 Analysis of Variance of Clusters with Respect to Firms’ Characteristics 

We next performed ANOVA among the three clusters with respect to firms’ main char-

acteristics concerning strategic orientations, processes, personnel, technology and com-

parative performance, which are described in section 4. We found that the three clusters 

differ mostly (based on the value and the significance of the F) in comparative perfor-

mance (variables COMP_PROF, COMP_SALR, COMP_MS and COMP_ROI), exist-

ence of Research & Development (variable R&D), employment of personnel having 

tertiary education and vocational/technical education (variables EMPL_TERT, EMPL 

– VOCT), process innovation (variables INN_PROC, INN_PRSD, INN_SSWM, 

INN_SUPP), use of cloud (variable CLOUD) and also use of Business Intelligence/An-

alytics and Collaboration Support systems (variables BIBA and CS). These enable an 

even better understanding of these three firms’ clusters/typologies, and provides further 

support and direction for the design of investment policies, interventions and programs 

in economic crisis periods (including incentives, subsidies and support for the employ-

ment of tertiary education and vocational/technical education personnel, for making 

process innovations, as well as use cloud services, business intelligence/analytics and 

collaboration support systems).  
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4.3 Prediction of Investment Decrease in Economic Crisis 

Finally we construct prediction models for the overall index of investment decrease in 

economic crisis INVD, which is equal to the average of the INVD1, INVD2, …, INVD7 

investment decrease variables, using as predictors the abovementioned firms’ main 

characteristics described in section 4 (concerning strategic orientations, processes, per-

sonnel, technology and comparative performance), with six Supervised Learning algo-

rithms for predicting continuous dependent variables: Generalized Linear Modelling, 

Deep Learning, Decision Trees, Random Forests, Gradient Boosted Trees, Support 

Vector Machines [8-12]. In Fig. 2 we can see the prediction performance (mean abso-

lute prediction error) of these algorithms. We can see that the Random Forest algorithm 

exhibits the lowest mean absolute error (0.788). This is a satisfactory prediction perfor-

mance, given the small size of the dataset we have used (data from 363 firms), so using 

a larger dataset (this is feasible, as governments have such data for quite large numbers 

of firms) can result in a smaller mean absolute error, and therefore an even more accu-

rate firm-level prediction of investment decrease during economic crisis. 

 
Fig. 2. Mean absolute prediction errors of the six prediction algorithms 

 

In Table 2 we can see the top 10 predictors in terms of weight of the above best per-

forming Random Forest algorithm, which have the highest influence on the predictions 

it produces of the firm-level investment decrease during economic, providing some 

level of ‘explainability’ of the predictions. 

Table 2. Most influential predictors (having highest weights) 

Predictor Variable Weight 

EMPL_ICT 0.291 

EMPL_VOCT 0.116 

IMPR_PS_P 0.109 

SM_EXTCO 0.108 

SM_OPCO 0.100 

E_SAL 0.085 

EMPL_HIGH 0.075 
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CL_PAAS 0.071 

SM_PERS 0.069 

CL_IAAS 0.052 

5 Conclusions 

In the previous sections has been presented an integrated methodology for leveraging 

government data from economic crisis periods, using on one hand Unsupervised Ma-

chine Learning techniques (clustering analysis), and on the other hand Supervised Ma-

chine Learning ones (prediction algorithms), in order to provide support for the rational 

design and implementation of firms’ investment policies/actions for economic crisis 

periods. Also, a first application - validation of the proposed methodology has been 

presented, which gave interesting and encouraging results. 

The research described in this paper has interesting implications for both research 

and practice. With respect to research it contributes to the growing body of knowledge 

concerning the use of AI in government, by developing an integrated multi-stage meth-

odology of AI exploitation, which includes a combination of Unsupervised and Super-

vised Learning techniques, and also Statistical techniques as well, and providing a more 

comprehensive support both for the design and for the effective implementation of pol-

icies concerning one of the most severe and difficult problems that governments face: 

the economic crises. With respect to practice the proposed methodology can be useful 

to central, regional and local government agencies having competences and responsi-

bilities in the area of economic development policies design and implementation, for 

the tough periods of economic recessionary crises. It can be useful also to the numerous 

consulting firms undertaking studies and government support in the above areas.  

Future research is required towards: i) further application of the proposed method-

ology using larger datasets, in other national contexts experiencing economic crises of 

different intensities; ii) investigation of the prediction performance of other algorithms, 

and especially Deep Learning ones; iii) analysis of the legal aspects of the practical 

application of the proposed methodology, and especially with respect to the EU GDPR. 
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