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ABSTRACT10

This paper analyzes the correlation between energy poverty percentage and unemployment rate for

four European countries, Bulgaria, Hungary, Romania and Slovakia, comparing the results with the

European average. The time series extracted from the datasets were imported in a hybrid model, namely

ARIMA-ARNN, generating predictions for the two variables in order to analyze their interconnectivity. The

results obtained from the hybrid model suggest that unemployment rate and energy poverty percentage

have comparable tendencies, being strongly correlated. The forecasts suggest that this correlation will be

maintained in the future unless appropriate governmental policies are implemented in order to lower the

impact of other aspects on energy poverty.
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INTRODUCTION19

A country’s economic development is impacted by the energy sector, the stability in energy prices having20

an important role in expanding the economic growth. Wang et al. (2019) suggest that the instability in21

energy prices, particularly their increase, encourages the inflation leading to wage rates reduction and this22

generates unemployment.23

When considering general economic growth, energy usage is of outstanding importance due to various24

forms of energy conversion and the important role this has in the production process. Depending on25

the source of energy, it could have different impacts on various sectors of the economy and also on the26

surrounding environment. A lot of energy research has concentrated on the disponibility of renewable27

energy alternatives in order to alleviate the effects of climate change (Apergis and Payne (2010)). Results28

in this area show that there is a connection between economic growth and renewable energy expenditure29

that seem to be interdependent (Menyah and Wolde-Rufael (2010)).30

According to the World Bank (2022a), there are approximately 1 billion people, around 9% of the31

world population, that did not have access to electricity in 2020. Concerning this, all European households32

have access to the electric grid, however a challenge for governmental policies in the EU is to find efficient33

solutions to turn existing energetic systems into sustainable renewable energy systems.34

Millions of people around the world are affected by energy poverty, in developing countries the main35

issue is clean energy accessibility, while in developed countries the major challenge is high energy prices36

that prevent satisfying appropriate basic energy needs. Due to various implications that energy poverty37

has on the economic, social and political environment, European countries try to prioritize managing this38

issue.39

Reviewing the literature, we observe that researchers tried to define, as closely as possible, the notion40

of energy poverty. A first interpretation of this concept given by Lewis (1982) was referred to as being41

able to keep the household adequately warm, while now, as the European Commission (2022) considers,42

it comprises all basic energy needs of a household (maintaining the house cool during summertime is also43

included in the basic needs).44
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Several indices and methods have been used over time to address energy poverty measurement, each45

of them analyzing different aspects of this phenomenon, such as: energy poverty generated by low-income46

or unemployment, or the amount of money used for energy costs. For example, Papada and Kaliampakos47

(2020) say that the 10% index measures the percentage of income spent on household maintenance.48

A well known method to measure energy poverty is the FGT (Foster, Greer and Thorbecke) indices49

described by Foster et al. (1984), which presents an unifying framework based on a parameter whose50

value changes according to the analyzed situation. The first FGT measurement is just a headcount index51

of the households below the poverty line, providing the percentage of population that use energy below52

their basic needs.53

As described in Mashhoodi et al. (2019), although energy poverty is a predominant issue, many54

countries don’t separate it from general poverty, hence the limited policies dedicated to this specific matter.55

Most governmental policies don’t focus on reducing long-term energy poverty but tend to designate56

resources for assisting energy vulnerable households. In some of the considered countries the governments57

have implemented programs that offer energy poverty assistance. However these are insufficient unless58

governments take appropriate measures in order to reduce energy poverty in households.59

Aside from constant energy poverty issues, the countries could face other energy related challenges:60

energy production may contaminate the environment or energy supply may be at risk of disruptions.61

Renewable green energy may be a legitimate solution to solve the addressed challenges.62

Karpinska and Smiech (2020) found that around 23.57% of the Central and Eastern European63

population suffers from hidden energy poverty, many of them living in less urbanized areas or in one-64

person households. Hidden energy poverty refers to the situation where the amount of money left after65

total housing expenditures is below a minimum level established for each country, according to the66

standard relative poverty boundary from Eurostat (2022a).67

A part of individuals living in energy poverty households cannot afford to keep home adequately68

warm due to their low income and employment status. Economic growth is influenced by investments69

that are discouraged by a rise in the unemployment rate, consequently leading to poverty, particularly to70

energy poverty.71

There is a well defined relationship between energy consumption and the energy price, the energy72

market suffers insignificant adjustments when the price goes through substantial changes. Considering the73

situation when the energy input decreases and all the other economic aspects remain constant (Bretschger74

(2015)), we observed that energy prices will increase leading to energy poverty of households.75

In 2021, 6.9% of the European population is considered to be in energy poverty, unable to keep their76

home adequately warm according to Eurostat (2022b). We observed that in the considered developing77

countries this percentage is greater than the European average value, Romania with 10.1% and Bulgaria78

at the bottom of the European Union (EU27) list, with 23.7%, while the developed countries have a lower79

ratio Hungary with 5.4% and Slovakia with 5.8%.80

High energy prices lead to labor productivity reduction, unemployment increase and put pressure on81

country policies to develop alternative energy saving solutions for industrial production. An alternative82

policy that could aid lowering the unemployment rate could be labor or capital redistribution among83

productivity sectors. A decrease in energy prices also decreases the country’s currency. The natural84

conclusion, presented by Arshad et al. (2016), is that energy price is directly proportional to economic85

growth and indirectly proportional to exchange rate and unemployment.86

Reviewing the field literature, we can select the main energy-related aspects analyzed over time:87

• Energy consumption and energy prices are mutually dependent;88

• Unemployment impacts households income;89

• Low income due to unemployment leads to energy poverty;90

• Energy poverty is strongly influenced by income;91

• Energy consumption and energy prices impact the energy poverty percentage of population;92

• Hidden energy poverty is one of the main topic in energy poverty studies;93

• Constant energy price growth determines the transition towards renewable energy.94

Zeren and Akkus (2020) explained that there is a cyclic relationship between energy consumption,95

energy price and income which is highly dependent on the employment status. Considering this, the high96

energy prices lead to energy substitution usage such as renewable solutions.97

2/13PeerJ Comput. Sci. reviewing PDF | (CS-2023:02:82994:1:0:NEW 25 Apr 2023)

Manuscript to be reviewedComputer Science



Energy prices constitute a large percentage of the total housing expenditures, and besides that,98

individuals exposed to hidden energy poverty tend to cut down expenses with lightning, heating or cooling99

depending on the season, washing and cooking, because all of these are energy-dependent.100

The situation when an employable person (excluding people with disabilities, retired persons or101

students) is unable to find a job, but is actively searching for one, is referred to as unemployment. The102

unemployment rate is one of the main indicators of the economy. A large number of unemployed103

individuals leads to a low economic productivity and, during the unemployment period, people should not104

diminish their basic consumption needs (Soylu et al. (2018)).105

A consistent high unemployment rate means the economy is in difficulty and that could generate106

revisions in the socio-political environment. On the other hand, a low unemployment rate means that the107

economy is production-based, gradually leading to improved living standards and increased income.108

Unemployment can be voluntary, caused by leaving the current job and trying to find another, and109

involuntary, caused by recession, technological advancement, job outsourcing (Petrosky-Nadeau and110

Valletta (2020)).111

Latest economic research (Schmidpeter and Winter-Ebmer (2021)) suggests three types of unem-112

ployment: frictional (refers to voluntary passage from one job to a better one), structural (refers to113

unemployment caused by technological advancement, insufficient working skills or companies moving114

their business to another location) and cyclical (refers to unemployment caused by changes in business115

periodicity).116

The unemployment rate in the EU27 at the end of September 2022 was at 6%, while the four countries117

selected for this study are all below the European average as follows: Bulgaria 4.6%, Hungary 3.7%,118

Romania 5.2% and Slovakia 5.9% according to Destatis (2022).119

Over time, various hybrid models have been developed and used for different prediction problems120

in studies for the financial and socio-economic environment, medical field (de Araujo Morais and121

da Silva Gomes (2022)) and other areas.122

ARIMA model is suitable for linear forecasting while ARNNs are more convenient for nonlinear123

predictions, but considering the fact that real-world problems are complex, using both models into a124

combined hybrid model seems to be the optimal approach and thus we considered this solution for making125

predictions in our study.126

In a previous research, we predicted the unemployment rate for several European countries obtaining127

results that were mostly validated in the last year, driving us to continue investigating the unemployment128

rate prediction in correlation with other aspects for the above-mentioned countries (Popirlan et al. (2021)).129

In this paper we study the correlation between the percentage of population in energy poverty and the130

unemployment rate, using available European datasets. We selected two developing countries, Romania131

and Bulgaria, and two developed countries, Hungary and Slovakia, and we analyzed the connection132

between energy consumption, energy poverty and unemployment rate for each of them, in comparison133

with each other and with the average values of the European Union.134

Then, for the selected European countries we explored the forecasting potential of the ARIMA -135

ARNN hybrid model, generating one year ahead predictions for the unemployment rate and energy poverty136

percentages. In order to obtain the above-mentioned predictions, we analyzed the monthly available data137

for unemployment rate from 2000 to 2022. For predicting the percentage of energy poor population the138

available statistics start from 2005 till 2021.139

1 METHODS AND RESULTS140

1.1 Data analysis141

For this study we used the available data on Eurostat (2022b) extracting all the information for Sustainable142

Development Goal 7 - Affordable and clean energy from United Nations. Department of Economic and143

Social Affairs. Sustainable Development (2022). Besides an empirical data analysis we also generated a144

graphical representation (figure 1) of the extracted values in order to better understand the trend energy145

poverty had over time in the considered countries and in comparison with the European average. As we146

can observe in the graphical image, the percentage of energy poverty population is below the European147

average in the developed countries (Hungary and Slovakia), while in the developing countries (Romania148

and Bulgaria) this percentage varies above the average value. It’s easy to see that for Bulgaria the energy149

poverty percentage is much higher than in EU27 and the other countries, even if in the recent years it150

had a continuous descending trend. For Hungary, Romania and Slovakia we notice that the percentage of151
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population in energy poverty had a slightly ascending tendency in 2020 and 2021, most likely due to the152

COVID19 pandemic.153

Figure 1. Trends of the energy poverty percentages.

We estimate these percentages will continue to increase in the next period due to the actual political154

and economic situation in Europe.155

Governments try to decrease the percentage of population that cannot afford to keep their home156

warm by introducing policies that facilitate renewable energy access and diminish the ascending trend of157

energy prices. Individuals and institutions started reducing their energy consumption in order to avoid the158

situation when they cannot afford the energy costs so as not to become energy poor (Residential Energy159

Efficiency (REE) Observatory in Central and Eastern Europe (CEE) (2022)).160

Figure 2. Graphical representation of the unemployment rate.

In our analysis we used the unemployment rate datasets for the last 23 years acquired from the World161

Bank (2022b). For a better visualisation of the data, we plotted the unemployment rate for the selected162

countries only for the last 17 years as shown in figure 2. We notice that the unemployment rate in the163

middle of 2022 in EU27 and in the considered countries as well, has nearly reached the same values as164
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before the COVID19 pandemic presented by Ahmad et al. (2021) which produced a massive increase of165

unemployment in the summer of 2020 worldwide.166

Further, for a better data analysis, we computed the Pearson correlation between the unemployment167

rate and the population unable to keep their home adequately warm by poverty status datasets, and for168

every country we compared each variable with the EU27 value. We can conclude that there is a positive169

correlation between these two variables. The results are summarized in table 1 and all the values have170

correlationssignificant at the 0.01 level (2-tailed).171

Country EP & UR EP & EU27 EP UR & EU27 UR

Bulgaria 0.616 0.822 0.957

Hungary 0.887 0.735 0.716

Romania 0.748 0.958 0.908

Slovakia 0.790 0.691 0.807

Table 1. Pearson correlation for unemployment rate (UR) and energy poverty (EP).

In the European Union the direction for the unemployment rate is given by the developing countries,172

their values having the most influence on the European unemployment average. The same goes for the173

percentages of the energy poverty population. The developed countries have values close to the European174

average in both cases, for unemployment rate and for energy poverty. The best correlation coefficient175

between the two variables is observed for Hungary dataset, mainly because the government policies176

manage to set a balance on the labor market, significantly reducing the untaxed work.177

The unemployment rate serves as a key economic indicator, spanning various areas of interest, applied178

in investment policies because it is strongly correlated with the business rhythm and it’s dominant179

in monetary management. Forecasting the unemployment rate influences the decisions made in the180

socio-economic environment and we consider energy poverty as being one of the variables impacted by181

unemployment.182

1.2 ARIMA-ARNN model183

Over time, ARIMA (AutoRegressive Integrated Moving Average) model has been extensively used184

for predicting stochastic time series with applications in economy, unemployment rate, inflation, stock185

market, electricity price, daily wind speed, traffic congestion, crime prediction, water treatment, energy186

consumption, air pollutants, daily solar energy production or COVID-19 pandemic (Parreno (2022),187

Arun Kumar et al. (2022), Jinnah et al. (2022)).188

Analyzing different forecast examples in various fields it can be observed that ARIMA obtains189

promising results and over time the predicted values proved to be comparable to the actual measured190

values. The ARIMA model relies on the linearity of time series and in many research studies the values191

are assumed to be linearly correlated which works fine for simple scenarios. However, the real world192

is more complex and there are many situations where time series also have a nonlinear component that193

needs to be addressed as well. In order to obtain satisfactory results, complex problems are more likely194

to be simulated using both the linear and nonlinear components of the time series values leading to a195

hybridisation of the considered model.196

To capture the complex real world situations, a flexible tool has been used, namely ANN (Artificial197

Neural Networks) described by Tealab (2018), which, in comparison with ARIMA, proved to be more198

effective only in some particular cases. An important feature of ANN models is their capability to design199

the time series nonlinear component by using multiple layers for interactions between the nonlinear200

neurons.201

When modeling a time series with ARIMA it’s been noticed that the model cannot seize the nonlinear202

side of these values, thus it’s necessary to use a different modeling technique that deals with the nonlinear-203

ity, such as the multilayer ANN model. Due to the heterogeneity of the time series components and their204

underlying patterns, a hybrid approach is suitable for obtaining accurate forecasting, reducing disparities205

of forecast errors of the involved models as proved by Buyuksahin and Ertekin (2019).206

Since the ANN model is complex and it’s hard to find an optimal network architecture, a less complex207

and easier to describe model is recently preferred by researchers, being easily fitted to time series that208

uses its lagged values as inputs. This ARNN (AutoRegressive Neural Network) model described by Farhi209

and Yasir (2022) represents a feed-forward neural network with a single hidden layer.210
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Chakraborty et al. (2021) proposed an ARIMA-ARNN hybrid model and theoretically proved its211

asymptotic stationarity leading to accurate forecasting of wide time span series without increasing variance212

over time. They also show an example of applying the hybrid model on unemployment rate forecasting213

for several countries.214

The residual errors generated by applying ARIMA model on the time series after transforming it into215

a stationary one are then modeled using the nonlinear ARNN model.216

ARIMA is a linear model with three parameters ARIMA(p,d,q), where p is the order of the autore-217

gression model, q is the order of the moving average model and d is the level of differencing for converting218

the nonstationary time series into stationary. Based on the time series complexity the differencing process219

may need to be repeated.220

The ARIMA model is composed of two submodels, the AR model and the MA model, described221

mathematically as follows:222

Y (AR)t = α +β1Y (AR)t−1 +β2Y (AR)t−2 + · · ·+βpY (AR)t−p (1)

where Y (AR)t are the lags of the series, β are the lags coefficients estimated by the model and α is223

the model’s intercept term.224

Y (MA)t = εt +θ1εt−1 +θ2εt−2 + · · ·+θqεt−q (2)

where Y (MA)t depends only on the lagged forecast errors, θ are the parameters of the model and ε225

are unrelated error terms.226

The mathematical expression of ARIMA model, as a combination of AR and MA models, is:227

Yt = α +
p

∑
i=1

βiYt−i + εt −
q

∑
j=1

θ jεt− j (3)

where Yt and εt represent the time series and the random error at time t, β and θ are the coefficients of228

the model.229

For estimating the p and q parameters of the AR and MA models we used plots for ACF (AutoCorre-230

lation Function) and PACF (Partial AutoCorrelation Function). Bayesian Information Criterion (BIC) and231

Akaike Information Criterion (AIC) presented by Vrieze (2012) were used to determine the best ARIMA232

model.233

ARNN is a nonlinear modified neural network with two parameters ARNN(p,k), where p is the234

number of lagged inputs (from the AR part of the model) and k is the number of neurons from the hidden235

layer of the model. If the time series values are non-seasonal then the value of k is [ p+1
2
]. BIC is also used236

as the main test for choosing the best ARNN model. The mathematical expression of the ARNN model is:237

Xt = φ0{wc0
+∑

k

wk0
φk(wck

+
p

∑
i=1

wik Xt− ji)} (4)

where Xt is the time series at the moment t computed using the previous observations, wc are the238

associated weights and φ represents the activation function.239

The hybrid model considered for this study is ARIMA+ARNN (as shown in figure 3):240

Zt = Yt +Xt (5)

where Yt is the linear component obtained using the ARIMA model and Xt is the nonlinear component241

computed with the ARNN model.242

The residuals autocorrelations that could not be modeled by ARIMA are introduced in ARNN that243

models them leading to improvement of the original forecasts. The method used for forecasting using this244

hybrid model can be summarized in the following steps:245
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ARNN

Nonlinear model

Linear model

ARIMA

INPUT OUTPUT

Hybrid model

ARIMA + ARNN

Figure 3. AARIMA+ARNN hybrid model architecture..

1. Determine the most appropriate parameters p, d, q for ARIMA, using the ACF and PACF plots and246

AIC and BIC coefficients;247

2. Apply previously determined ARIMA(p,d,q) model for the training data set;248

3. Determine the forecast values and residual errors from the ARIMA implementation;249

4. Import residuals in the ARNN(p,k) model;250

5. Compute the forecast values of ARNN model;251

6. Obtain the final forecast by combining the forecasts of ARIMA and ARNN.252

1.3 Results253

The ARIMA-ARNN hybrid model is used in our study for predicting the unemployment rate and energy254

poverty percentage thus analyzing the connection between the two variables.255

Time series associated with the unemployment rate of a country is nonlinear and nonstationary,256

therefore a hybrid prediction model would be the most appropriate for dealing with these variations in257

the data. The hybrid model has been theoretically demonstrated and it seems to be asymptotic stationary258

when forecasting over large periods of time.259

We tested the stationarity of every dataset using the Augmented Dickey-Fuller (ADF) test (Dickey and260

Fuller (1979), Cheung and Lai (1995)). Almost all of the series were nonstationary when first applying261

the ADF test, but, after applying first order differencing, all the series failed to reject the null hypothesis262

of stationarity, thus giving the value 1 for the differencing parameter of the ARIMA models.263

The unemployment rate datasets, distributed over almost 23 years, between 2000 and 2022, are divided264

into training sets and test sets (12 months).265

First, we applied the model on the unemployment rate for the considered datasets and obtained the266

following results:267

• For EU27, ARIMA(5, 1, 5) was the best obtained option having AIC -167.075. We extracted the268

residuals from ARIMA and trained them further, obtaining the ARNN(24,12) model. Then we269

extracted the predictions from the ARIMA+ARNN model, comparing them with the test dataset270

and obtaining the following accuracy: RMSE=0.144, MAE=0.128.271

• For Bulgaria, ARIMA(5,1,4) was the best option having AIC 53.277. The residuals extracted272

from ARIMA were trained further, obtaining the ARNN(12,6) model. The ARIMA+ARNN273

model was applied, predictions were computed and then they were compared with the test dataset:274

RMSE=0.118, MAE=0.094.275

• For Hungary, we obtained AIC 230.241 for ARIMA(5,1,5) and ARNN(15,8) with an average of276

20 networks. Forecasts were extracted from the ARIMA+ARNN model, obtaining an accuracy of277

RMSE=0.310, MAE = 0,275.278

• For the Romanian dataset we obtained ARIMA(4,1,3) with an AIC = 228.33. Its residuals were279

trained with the ARNN(12,6) model and then we applied the hybrid ARIMA+ARNN model, with280

the following accuracy: RMSE=0.257, MAE=0.214.281
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• For Slovakia, the best ARIMA was for p=2, d=1, q=3 with AIC = 40.112 and the best ARNN model282

for residuals training was ARNN(24,12). Then accuracy of RMSE=0.082 and MAE=0.074 was283

obtained computing the predictions with the ARIMA+ARNN model.284

For every residual series collected from the ARIMA models we used the Ljung-Box portmanteau285

test (Ljung (1986)) with five lags, in order to examine if the residuals are independently distributed. The286

p-values we obtained are greater than 0.05, therefore confirming the null hypothesis: EU27 p-value =287

0.890, Bulgaria p-value = 0.409, Hungary p-value = 0.942, Romania p-value = 0.876, Slovakia p-value =288

0.758.289

Figure 4. ARIMA+ARNN forecasts for the unemployment rate.

Based on the results described above and considering the accuracy of the hybrid model we can use290

the model to obtain forecasts for the following 12 months. In figure 4, for every country and also for291

EU27, we represented with blue 24 months of actual unemployment rate values, the next 12 months are292

illustrated with blue for the actual values (test dataset) and with red for the predicted values obtained from293

the hybrid model, while the forecast values for unemployment rate are displayed in red for the final 12294

months in the graphical representation.295

The energy poverty datasets were split into training sets (2005-2020) and testing sets for 2021 (12296

months).297

Secondly, we applied the model on the energy poverty percentages for the collected datasets and298

obtained the following results:299

• For EU27, ARIMA(4, 1, 4) was the best option having AIC 277.494. We extracted the residuals300

from ARIMA and trained them further, obtaining the ARNN(12,6) model with an average of 20301

networks. Then we extracted the predictions from the ARIMA+ARNN model, comparing them302

with the test dataset and obtaining the following accuracy: RMSE=0.267, MAE=0.194.303

• For Bulgaria, an AIC of 694.454 was obtained for ARIMA(2, 1, 1) and, further, ARNN(5,3) was304

applied on the ARIMA residuals. An accuracy of RMSE=0.216, MAE=0.316 was retrieved for the305

hybrid ARIMA+ARNN model’s predictions.306
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• For Hungary, ARIMA(3, 1, 2) was fitted on the training dataset with an AIC= 264.814. The derived307

residuals were then processed with the ARNN(12,6) model with an average of 20 networks, each of308

which is a 12-6-1 network with 85 weights. The final predictions from the hybrid ARIMA+ARNN309

model were compared with the test dataset obtaining: RMSE=0.299, MAE=0.254.310

• For Romania, we obtained ARIMA(1,1,2) having AIC=401.665 and ARNN(3,2) models. The311

predictions derived from both ARIMA and ARNN models are combined in order to determine the312

final test forecasts that led to the following accuracy values: RMSE=0.216, MAE=0.171.313

• For Slovakia, forecasts were extracted from the hybrid ARIMA+ARNN model, based on ARIMA(1,1,1)314

with AIC 290.410 and ARNN(1,1) models, for which RMSE=0.171 and MAE=0.162 were com-315

puted.316

The Ljung-Box test was again applied for the residual data obtained from ARIMA models, demon-317

strating the model performance: EU27 p-value = 0.642, Bulgaria p-value = 0.999, Hungary p-value =318

0.907, Romania p-value = 0.706, Slovakia p-value = 0.892.319

Figure 5. ARIMA+ARNN predictions for the energy poverty percentage of the population.

In Figure 5 we plotted with blue lines the actual values of percentage of population in energy poverty320

for the last 24 months of the training dataset plus 12 months of the testing set compared to the testing321

prediction, followed by future 12 months forecasts. All the predictions were represented in our graphical322

interpretation using red lines.323

1.4 Discussion324

Analyzing the forecasts we obtained from the hybrid model, we observe that, for unemployment, Bulgaria325

and Hungary are below the EU average, Romania is slightly below the average, while Slovakia has a326

similar trend compared to the European average.327

Energy poverty forecasts present obvious differences between the developed and the developing328

countries. The two developed countries, Slovakia and Hungary, have lower energy poverty percentages329
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than in EU27, while the developing countries, Romania and Bulgaria, have much higher percentages of330

energy poverty.331

Bulgaria has a low unemployment rate, but has the highest energy poverty percentage among the four332

analyzed countries, because they have a low income, their houses have poor energetic efficiency although333

energy prices are lower than other countries in EU. The Bulgarian policies concerning energy poverty334

were applied mostly on dwellings rehabilitation and financial aid for the vulnerable population.335

Romania is above the European average both on the income percentage spent on energy bills and also336

on the percentage of households that self-impose restrictions in order to decrease their energy expenditure.337

Energy prices in this country are slightly below the European mean, but the average income is much338

lower compared to the developed countries. Governmental policies are mainly focused on providing339

financial aid for households with low income. These regulations are disadvantageous for hidden energy340

poverty individuals, pushing them to restrict their consumption thus reducing their living confort. Houses341

rehabilitation and renovation policies are developed for the general population and don’t apply specifically342

to energy poverty.343

Compared to the developing countries, the developed ones tend to have a lower level of energy poverty.344

One of the main reasons is that they have a higher average income and so the hidden poverty has a reduced345

rate.346

In Hungary, both energy poverty percentage and unemployment rate are below the European average,347

as well as the households energy costs. Governmental policies created procedures for protecting different348

categories of vulnerable consumers. In order to inhibit the increased price issues, the government took349

measures to cap the prices for all population. Policies were also provided for all household renovations.350

All of these measures led to keeping the energy poverty percentage at a low level.351

In Slovakia we notice that the unemployment rate forecasts are similar to the European average,352

while the energy poverty percentage is much lower than the same median, mainly due to the fact that353

household energy costs were somewhat constant over time. The main policies regarding energy poverty354

involve financial assistance for low income individuals. The general population doesn’t benefit from many355

facilities that allow it to improve household energy efficiency.356

Analyzing the collected data for the selected countries, we observed that unemployment rate and357

energy poverty percentage are interconnected, having comparable tendencies. Using the hybrid model358

we obtained predictions for unemployment and energy poverty. We conclude that both forecasts are still359

connected, having similar directions. Unemployment and energy poverty will continue to be strongly360

correlated, unless governments take measures to diminish the impact that the other aspects have on energy361

poverty.362

2 CONCLUSIONS363

The countries we considered for this study, Bulgaria, Hungary, Romania and Slovakia, are included in364

Central and Eastern Europe (Bouzarovski and Herrero (2017)) and so they have similar energy-related365

problems like income inequality, infrastructure issues, buildings that are energetically inefficient, air366

pollution due to solid fuels usage in households and industry, etc.367

There is a strong connection between energy price and energy consumption both for industrial368

energy consumers and households. We observe a significant difference between the household energy369

consumption in developing countries and developed ones. Multiple developing countries households370

don’t have access to electricity to meet their elemental energy needs and use alternative energy resources371

like batteries, candles or lamps, that overall are more expensive than electricity. The households not yet372

coupled to the electricity network could significantly economize if they had a public electricity connection.373

Energy poverty implies that individuals cannot keep their house adequately warm or they cannot374

sustain their basic energy requirements. Based on the many ramifications of energy poverty in the375

socio-economic climate, minimizing its effects is a priority for European governments.376

Unemployment rate has been widely studied by researchers due to its impact on the economic and377

financial environment both in developing and developed countries, therefore by accurately predicting the378

unemployment rate, governmental policies could diminish its negative economic influence.379

Time series values for unemployment and energy poverty are usually split into two components, a380

linear and a nonlinear one, due to the complexity of the data and the arbitrary influence of some external381

factors. Thus, a hybrid model that improves the accuracy of predictions was an appropriate choice, leading382

us to select the ARIMA + ARNN model for this work.383
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Country EP & UR EP & EU27 EP UR & EU27 UR

Bulgaria 0.683 0.872 0.961

Hungary 0.856 0.791 0.768

Romania 0.773 0.946 0.912

Slovakia 0.805 0.702 0.796

Table 2. Pearson correlation for UR and EP predicted values significant at the 0.01 level (2-tailed).

Based on the generated results and computing the Pearson correlation between the predicted values384

for unemployment rate and energy poverty levels summarized in table 2, we can conclude that these385

two variables have similar trends, both increasing or decreasing at the same rate. In order to lower the386

energy poverty percentage, the income must be correlated with household energy costs. A low income387

also generates hidden poverty that could finally lead to energy poverty. Even if we don’t take into account388

the income, the two developing countries are at a higher risk of energy poverty than the EU average.389

Figure 6. Main aspects leading to energy poverty.

As shown in figure 6, we identified three main issues that influence energy poverty growth: low390

income, energy efficiency and households energy costs (European Commission (2022)). Reviewing the391

literature, we observed that, in the countries we considered for this study, the connection between these392

issues is variable at different levels.393

Low income is mainly generated by unemployment, low salary, job insecurity or low social protection.394

Since we estimate that unemployment is the most important factor generating household low income, in395

this work we computed unemployment predictions in order to analyze its further influence on energy396

poverty. The income level has repercussions on household energy cost, influenced by energy prices, and397

on energy efficiency, determined by poor quality of dwellings and appliances, which in turn also generate398

energy poverty.399

We can conclude that households’ vulnerability leading to energy poverty is determined by these three400

causes in different percentages for every country we analyzed. Each of these countries makes great efforts401

to limit energy poverty effects on households taking into account the specific interconnectivity of these402

issues.403

For some time, the developed countries have adopted measures that facilitate renewable energy404

installation and usage in households. In the recent period the developing countries have also started to405

implement programs that provide financial assistance for renewable energy progress.406

Limitations of this study include various hidden factors not included in this research but that might407

also impact the energy poverty levels, factors that could also be considered in a future research, such as408

the income level, low salaries, job insecurity, or energy prices and household energetic efficiency, in order409

to provide a better understanding of these findings and their potential relevance in various circumstances.410

The way other categories of individuals experience energy poverty, like those currently not in the labor411

market or the retirees could also be included in further research for a more comprehensive analysis of the412

topic.413
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