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Abstract:  

The Covid-19 pandemic has caused many economic problem on the Marine industry. 

More precisely, the lockdown measures, the total suspension of the Marine activity and 

the disruption of the Marine field have led to the severe impact on the Marine 

corporations globally. In this paper, we examine some of the biggest Marine companies’ 

stocks, namely the Dynangas (DLNG), Euronav (EURN), Euroseas (ESEA), Frontline 

(FRO), Nordic American Tanker (NAT), Scorpio Bulkers (SALT), Sino-Global Shipping 

(SINO), Teekay Tankers (TNK), Tsakos Energy Navigation (TNP), Torm (TRMD) 

during the Covid-19 spread and the lockdown measures. Using relevant time series 

specifications, we establish a Bayesian framework to unveil the effect of the Covid-19 

pandemic on these stocks. Based on our findings, the stocks were affected by the Covid-

19 spread and more precisely, the Covid-19 spread provides useful information for the 

predicting and forecasting of these stocks. Our findings are robust, since the out-of-

sample forecasting accuracy of the alternative model employed, that explicitly 

incorporate the pandemic induced by the SARS-COV-2 virus, is superior to the baseline 

model. 
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1. Introduction 

The recent Covid-19 pandemic has spread from one country to another, having its origin 

in Wuhan-Hubei, China (Liu et al., 2020). The total cases globally amount to over 2 

million people, showing the cruel face of this pandemic (WHO, 2020). The case of 

COVID-19 is unique, differing in many ways from previous disease spreads, such as the 

severe acute respiratory syndrome (SARS) spread in 2003 (Wilder-Smith et al., 2020). 

The exponential spread of the SARS-COV-2 virus in a worldwide context has spread fear 

globally.  
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In an attempt to minimize the spread of the virus, most economies and policy 

makers have taken extreme lockdown measures that adversely affect the overall 

microeconomic, macroeconomic and financial conditions in a global scale. Increased 

globalization and integration, of trade and financial relations, among the various 

economies and institutions, makes clear that the global cost of the pandemic will not be 

limited to the directly affected economies, since the indirect spillover effects are of great 

importance, as well (Lee and McKibbin, 2004). 

Such cases are the marine companies that were affected both by the lockdown 

measures, due to the suspension of their proper function and by the  economic recession 

followed by the Covid-19 spread. The lockdown measures had a very important and 

negative effect on the marine industry. More analytically, Depellegrina et al. (2020) 

argue that vessel activity were reduced by 69% during the lockdown measures of the 

Covid-19, fishing activities reduced by 84% and passenger traffic by 78%. 

In this paper, using Bayesian techniques with a novel approach, we capture the 

impact of the COVID-19 spread on the biggest marine companies and more precisely on 

the Dynangas (DLNG), Euronav (EURN), Euroseas (ESEA), Frontline (FRO), Nordic 

American Tanker (NAT), Scorpio Bulkers (SALT), Sino-Global Shipping (SINO), 

Teekay Tankers (TNK), Tsakos Energy Navigation (TNP), Torm (TRMD)  stocks.  

The present paper contributes to the literature in the following ways: (a) It is the 

first, to the best of our knowledge, that investigates the effect of the Covid-19 spread and 

the lockdown measures on the major marine companies through the financial system; (b) 

It is among the first, to the best of our knowledge, that accounts for the Covid-19 

pandemic in a financial framework, using global data on the spread of the pandemic; (c) 

it proposes an alternative approach to the examination of the economic effect of disasters 

on the marine companies, based on a financial framework; (d) it provides a novel 

Bayesian framework and (e) it provides a robustness analysis of the findings based on 

out-of-sample forecasting accuracy measures.  

The paper is structured as follows: Section 2 sets out the the methodology used, 

Section 3 presents the empirical results and finally, Section 4 concludes the paper.  

 

2. Methodology 

Following standard time series literature (Wooldridge 2013), we examine the level of 

integration of the time series that enter our analysis using the Phillips-Perron (1988) unit 

root test. More specifically, the hypothesis tested for the Phillips - Perron test is that the 

time series does not have a unit root. In addition, in case of integrated of degree one time 

series, i.e. I(1), we also investigate the potential existence of long-run relationships 

among the variables, using the popular Johansen (1990) cointegration test, and the 
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hypothesis tested is that the time series are not cointegrated. Finally, the optimal lag 

length of the time series variables was investigated using the Schwartz-Bayes information 

criterion (SBIC).  

In order to cross validate the fact that the Covid-19 confirmed cases have 

predictive ability on the major marine companies’ stocks, we will make use of forecasting 

strategies. In detail, using a vector autoregressive model in case of no-cointegration, or a 

vector error correction model in case of integration, as a baseline model, we will 

investigate whether alternative specification of the Bayesian model outperforms the 

forecasting accuracy of the baseline model. We should note that in the models is 

incorporate the information provided by Covid-19 confirmed cases as an exogenous 

variable. To compare the models, three distinct measure of forecasting accuracy are used, 

namely the mean absolute error (MAE), the mean absolute percentage error (MAPE) and 

the root mean square forecasting error (RMSFE), to investigate the magnitude of the 

predictive power of Covid-19 spread on the biggest marine companies’ stocks.  

 In what follows, we offer a brief outline of the techniques and procedures used in 

this work. 

 

2.1 Econometric models 

A basic and classical econometric approach is the vector autoregressive model - VAR, or 

the vector error correction model – VECM in presence of co-integration relationship 

among the variables.  

VEC Model: 

In presence of co-integration relationship among the variables, a physical extension of the 

VAR model is the VEC model. In this case, we incorporate the error correction term. The 

model is structured as follows: 

Again, each variable in the model, has an equation explaining its evolution based 

on its own lagged values, the lagged values of the other model variables, the error 

correction, and an error term. A VECM model of order p, with exogenous variables is 

structured as follows: 

{
 
 

 
 𝛥𝑦1,𝑡 = 𝑐1 + ∑ ∑ (𝑎𝑗,𝑖𝛥𝑦𝑗,𝑡−𝑖) + ∑ ∑ (𝑏𝑗,𝑖𝛥𝑥𝑗,𝑡−𝑖) + 𝑣1,𝑡 + 𝑒1,𝑡

𝑞
𝑖

𝑘
𝑗

𝑝
𝑖

𝑛
𝑗

𝛥𝑦2,𝑡 = 𝑐2 +∑ ∑ (𝑎𝑗,𝑖𝛥𝑦𝑗,𝑡−𝑖) + ∑ ∑ (𝑏𝑗,𝑖𝛥𝑥𝑗,𝑡−𝑖) + 𝑣2,𝑡 + 𝑒2,𝑡
𝑞
𝑖

𝑘
𝑗

𝑝
𝑖

𝑛
𝑗

…
𝛥𝑦𝑛,𝑡 = 𝑐𝑛 + ∑ ∑ (𝑎𝑗,𝑖𝛥𝑦𝑗,𝑡−𝑖) + ∑ ∑ (𝑏𝑗,𝑖𝛥𝑥𝑗,𝑡−𝑖) + 𝑣𝑛,𝑡 + 𝑒𝑛,𝑡

𝑞
𝑖

𝑘
𝑗

𝑝
𝑖

𝑛
𝑗 }

 
 

 
 

 (4.7) 

Again, n is the number of the dependent variables (𝑦𝑖,𝑡) of the model, 𝑐𝑖  is the 

fixed term, p is the lag order of the dependent variables, 𝑒𝑖,𝑡 is the error term of each 

equation of the model, and 𝑣𝑖,𝑡 is the error correction term, as before. In the case of 
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exogenous variables, k is the number of the independent or exogenous variables (𝑥𝑖,𝑡) of 

the model and q is the lag order of the exogenous variables. 

 

2.2 Bayesian model 

The idea of our model is that we use in the first step simple linear regression in order to 

get some initial estimations for the maritime stocks. Next, we use a Bayesian dynamics 

model to improve the estimations of the previous step and eventually calibrate the data 

curve, so that we are able to make satisfactory forecasts. 

To begin with, we regress the exogenous variable to itself with lag 1 and each of the 

maritime stock to itself again with lag 1. 

𝑥𝑖̂ = 𝜆0
(𝑗)
+ 𝜆1

(𝑗)
𝑥𝑖̂ + 𝑤𝑖𝑗, 𝑤𝑖𝑗 ∼ 𝑁(0, 𝜎1

2)  

𝑦𝑖̂
(𝑗) = 𝜃0

(𝑗)
+ 𝜃1

(𝑗)
𝑦𝑖−1̂

(𝑗) + 𝑢𝑖𝑗 , 𝑢𝑖𝑗 ∼ 𝑁(0, 𝜎2
2)  

Then we use these estimations within the new model 

𝑦𝑖
(𝑗)
= 𝜇𝑗 +∑𝑎𝑗𝑘𝑦𝑖−1

(𝑘)

𝑚

𝑘=1

+ 𝑏𝑗𝑥𝑖−1 + 𝑐𝑗𝑥𝑖̂ + 𝑝𝑗𝑦𝑖
(𝑗)̂
+ 𝑞𝑗 (𝑦𝑖

(𝑗)̂
− 𝑦𝑖−1

(𝑗)̂
) + 𝜖𝑖

(𝑗)
, 

 𝑗 = 1,2,⋯ ,𝑚,  for each 1 ≤ 𝑖 ≤ 𝑁. 

We suppose that for each 𝑗 = 1,⋯𝑚, 𝜖𝑖 = (𝜖𝑖
(1), ⋯ , 𝜖𝑖

(𝑚)) ∼ 𝑁𝑚(0, Σ) 

The parameters (𝜇1,⋯ , 𝜇𝑚), (𝑏1,⋯ , 𝑏𝑚), (𝑐1,⋯ , 𝑐𝑚), (𝑝1,⋯ , 𝑝𝑚), (𝑞1, ⋯ , 𝑞𝑚), 𝐴 ∈

ℝ𝑚×𝑚, Σ ∈ ℝ𝑚×𝑚 are estimated through Bayesian framework using Gibbs algorithm by 

working the multivariate normal and inverse Wishart distribution as the conjugate of the 

prior distribution selections. 

 

3.Result Analysis 

3.1Data and variables 

The data used in the present paper are the global Confirmed cases of the Covid-19 in 

daily format and were downloaded by the John Hopkins University database and span the 

period 22 January 2020 until 29 July 2020. Moreover, in the present paper we used 

financial stocks of some of the biggest Cruise companies, namely the Dynangas (DLNG), 
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Euronav (EURN), Euroseas (ESEA), Frontline (FRO), Nordic American Tanker (NAT), 

Scorpio Bulkers (SALT), Sino-Global Shipping (SINO), Teekay Tankers (TNK), Tsakos 

Energy Navigation (TNP), Torm (TRMD)  as derived from finance.yahoo, and span also 

the period 22 January 2020 until 29 July 2020. The timeseries were transformed into 

logarithmic scale. The descriptive statistics of the timeseries are depicted in Table 1. 

Furthermore, the plots of the  logarithmic timeseries are depicted on Figure 1. 

Table 1: Descriptive statistics of the logarithmic timeseries. 

Timeseries Mean Sd Min Max 

DLNG 0.280 0.166 0.004 0.589 

ESEA 0.403 0.068 0.238 0.576 

EURN 0.942 0.033 0.857 1.025 

FRO 0.888 0.051 0.770 1.025 

NAT 0.596 0.100 0.378 0.853 

SALT 1.338 0.143 1.127 1.687 

SINO 0.326 0.075 0.190 0.591 

TNK 1.218 0.075 1.090 1.401 

TNP 1.104 0.090 0.932 1.316 

TRMD 0.885 0.039 0.815 1.097 

Confirmed 6.021 1.082 2.744 7.231 

 

Figure 1: Logarithmic timeseries plots. 
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5.2Results 

In the present paper, we set out a hypothesis tested, that the Covid-19 spread, and more 

analytically, the current economic crisis and the aftermath of the lockdown measures 

following the Covid-19, affect the trading of the major marine companies’ stocks. 

In the present work, we test the contribution of the information derived by the 

Covid-19 confirmed cases on the forecasting of the aforementioned stocks. To do so, we 

make use of two econometric models in the form of vector autoregressive model (since 

there is connection among the three stocks). The first model, declared as the baseline, 
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will be a vector autoregressive model and an alternative model being the Bayesian model. 

Both models have one exogenous variable, the Covid-19 global confirmed cases.  

A first step in every econometric modeling is the unit root test. In the present 

paper, we make use of the Phillips – Perron unit root test. The results are depicted in 

Table 2. 

Table 2: Phillips – Perron unit root test results. 

Timeseries P-val of PP-test Order of Integration 

DLNG 0.736 I(1) 

ESEA 0.095 I(0) 

EURN 0.015 I(0) 

FRO 0.01913 I(0) 

NAT 0.321 I(1) 

SALT 0.09718 I(0) 

SINO 0.2146 I(1) 

TNK 0.3635 I(1) 

TNP 0.3305 I(1) 

TRMD 0.01 I(0) 

Confirmed 0.01 I(0) 

 

Since the results in Table 2 show that some timeseries have no unit root, meaning 

that the timeseries are stationary, while others have unit root, meaning that they are not 

stationary, a cointegration test is the next step of analysis.  

Table 3: Johansen Cointegration test results. 

Rank of co-integration Co-integration test 10pct 5pct 1pct 

r<=10 0.430 6.500 8.180 11.650 

r<=9 5.260 12.910 14.900 19.190 

r<=8 8.900 18.900 21.070 25.750 

r<=7 11.070 24.780 27.140 32.140 

r<=6 23.130 30.840 33.320 38.780 

r<=5 27.540 36.250 39.430 44.590 

r<=4 32.340 42.060 44.910 51.300 

r<=3 42.810 48.430 51.070 57.070 

r<=2 52.200 54.010 57.000 63.370 

r<=1 71.820 59.000 62.420 68.610 

r=0 91.060 65.070 68.270 74.360 
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The results of the co-integration test are depicted in Table 3, indicate that there 

are 2 cointegration relationships among the timeseries. In such case, an error correction 

term must be included in the econometric models. 

 We will next test if the Bayesian model, proposed in the present paper, is better in 

terms of forecasting ability than the baseline econometric model. To do so, we first 

decide for the lag order of the econometric model, based on the SBIC criterion. The 

results are depicted in Table 4. 

Table 4: Results of the SBIC criterion for the case of the Baseline and Alternative 

models. 

Lag Order AIC(n) HQ(n) SC(n) FPE(n) 

1 -66.265 -65.033 -63.232 1.676E-29 

2 -65.636 -63.274 -59.821 3.285E-29 

3 -65.391 -61.899 -56.795 4.716E-29 

4 -65.038 -60.417 -53.661 8.489E-29 

5 -65.471 -59.721 -51.313 8.323E-29 

6 -66.432 -59.551 -49.493 6.296E-29 

7 -67.453 -59.443 -47.733 6.766E-29 

8 -69.653 -60.514 -47.152 4.4E-29 

9 -74.428 -64.160 -49.146 7.724E-30 

10 -94.406 -83.007 -66.342 7.812E-36 

Based on Table 4, all the criterions indicate the lag order 10 as the most 

appropriate for both models. In this case, the order of the baseline econometric order will 

be selected to be equal to 10. 

Next, using out of sample forecast with fixed window, for horizon H=1,2,…,20, 

we forecast for approximately two months. Then, we compare the two models in terms of 

forecasting ability, based on the MAE, MAPE, RMSFE. The results are depicted in 

Tables 5-14. 

Table 5: MAE, MAPE and RSMFE forecasting accuracy of the Bayesian and VECX 

models for the case of DLNG. 

Bayes_MAE Bayes_MAPE Bayes_RMSFE VECX_MAE VECX_MAPE VECX_RMSFE 

0.014 0.011 0.014 0.120 0.093 0.120 

0.018 0.015 0.019 0.178 0.141 0.188 

0.034 0.028 0.041 0.189 0.152 0.196 

0.068 0.058 0.092 0.152 0.123 0.171 

0.081 0.071 0.102 0.128 0.104 0.153 

0.084 0.073 0.101 0.123 0.101 0.146 
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0.075 0.065 0.094 0.124 0.102 0.143 

0.080 0.070 0.097 0.138 0.115 0.158 

0.131 0.115 0.201 0.148 0.126 0.168 

0.130 0.114 0.195 0.168 0.141 0.193 

 

Table 6: MAE, MAPE and RSMFE forecasting accuracy of the Bayesian and VECX 

models for the case of ESEA. 

Bayes_MAE Bayes_MAPE Bayes_RMSFE VECX_MAE VECX_MAPE VECX_RMSFE 

0.189 0.166 0.189 0.284 0.251 0.284 

0.130 0.118 0.142 0.260 0.242 0.262 

0.099 0.092 0.118 0.213 0.201 0.224 

0.104 0.097 0.119 0.254 0.240 0.271 

0.102 0.095 0.114 0.324 0.311 0.363 

0.104 0.098 0.114 0.379 0.366 0.426 

0.100 0.096 0.110 0.436 0.424 0.491 

0.120 0.116 0.136 0.486 0.477 0.547 

0.145 0.143 0.174 0.568 0.564 0.657 

0.232 0.230 0.360 0.676 0.671 0.813 

 

Table 7: MAE, MAPE and RSMFE forecasting accuracy of the Bayesian and VECX 

models for the case of EURN. 

Bayes_MAE Bayes_MAPE Bayes_RMSFE VECX_MAE VECX_MAPE VECX_RMSFE 

0.023 0.010 0.023 0.249 0.112 0.249 

0.017 0.007 0.018 0.356 0.161 0.372 

0.012 0.006 0.015 0.409 0.184 0.424 

0.010 0.004 0.013 0.480 0.216 0.506 

0.011 0.005 0.013 0.588 0.264 0.642 

0.019 0.009 0.028 0.698 0.313 0.776 

0.039 0.017 0.065 0.824 0.368 0.934 

0.068 0.030 0.113 0.958 0.428 1.102 

0.071 0.031 0.111 1.111 0.495 1.299 

0.143 0.063 0.272 1.293 0.573 1.542 

 

Table 8: MAE, MAPE and RSMFE forecasting accuracy of the Bayesian and VECX 

models for the case of FRO. 
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Bayes_MAE Bayes_MAPE Bayes_RMSFE VECX_MAE VECX_MAPE VECX_RMSFE 

0.086 0.042 0.086 0.280 0.138 0.280 

0.082 0.040 0.082 0.413 0.203 0.434 

0.080 0.039 0.080 0.517 0.254 0.548 

0.081 0.040 0.081 0.640 0.316 0.693 

0.082 0.041 0.082 0.776 0.383 0.856 

0.079 0.039 0.079 0.914 0.450 1.019 

0.076 0.037 0.076 1.069 0.526 1.210 

0.083 0.041 0.086 1.233 0.605 1.409 

0.085 0.042 0.088 1.422 0.696 1.651 

0.150 0.072 0.247 1.638 0.795 1.933 

 

Table 9: MAE, MAPE and RSMFE forecasting accuracy of the Bayesian and VECX 

models for the case of NAT. 

Bayes_MAE Bayes_MAPE Bayes_RMSFE VECX_MAE VECX_MAPE VECX_RMSFE 

0.069 0.047 0.069 0.184 0.126 0.184 

0.052 0.035 0.055 0.377 0.253 0.423 

0.049 0.033 0.051 0.471 0.318 0.514 

0.063 0.043 0.069 0.573 0.392 0.625 

0.068 0.047 0.073 0.711 0.488 0.795 

0.067 0.046 0.072 0.854 0.586 0.969 

0.058 0.040 0.066 1.027 0.706 1.189 

0.078 0.053 0.098 1.228 0.840 1.451 

0.070 0.048 0.093 1.462 0.997 1.761 

0.090 0.061 0.123 1.738 1.176 2.140 

 

Table 10: MAE, MAPE and RSMFE forecasting accuracy of the Bayesian and 

VECX models for the case of SALT. 

Bayes_MAE Bayes_MAPE Bayes_RMSFE VECX_MAE VECX_MAPE VECX_RMSFE 

0.003 0.001 0.003 0.109 0.040 0.109 

0.004 0.002 0.004 0.062 0.023 0.078 

0.013 0.005 0.018 0.046 0.017 0.064 

0.016 0.006 0.020 0.059 0.022 0.074 

0.024 0.009 0.030 0.058 0.022 0.071 

0.026 0.010 0.031 0.056 0.021 0.067 

0.028 0.011 0.033 0.054 0.020 0.064 
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0.031 0.012 0.035 0.049 0.019 0.060 

0.109 0.041 0.247 0.045 0.017 0.057 

0.160 0.060 0.306 0.044 0.017 0.055 

 

Table 11: MAE, MAPE and RSMFE forecasting accuracy of the Bayesian and 

VECX models for the case of SINO. 

Bayes_MAE Bayes_MAPE Bayes_RMSFE VECX_MAE VECX_MAPE VECX_RMSFE 

0.012 0.016 0.012 0.239 0.312 0.239 

0.015 0.020 0.015 0.333 0.448 0.347 

0.016 0.021 0.016 0.409 0.551 0.430 

0.034 0.043 0.047 0.530 0.678 0.581 

0.045 0.056 0.058 0.694 0.871 0.796 

0.056 0.069 0.069 0.894 1.112 1.062 

0.065 0.081 0.078 1.128 1.423 1.373 

0.068 0.085 0.079 1.361 1.745 1.663 

0.098 0.125 0.135 1.618 2.082 1.990 

0.161 0.205 0.265 1.935 2.481 2.420 

 

Table 12: MAE, MAPE and RSMFE forecasting accuracy of the Bayesian and 

VECX models for the case of TNK. 

Bayes_MAE Bayes_MAPE Bayes_RMSFE VECX_MAE VECX_MAPE VECX_RMSFE 

0.089 0.034 0.089 0.290 0.112 0.290 

0.088 0.034 0.088 0.470 0.182 0.503 

0.083 0.032 0.083 0.591 0.228 0.632 

0.079 0.031 0.079 0.709 0.274 0.763 

0.075 0.029 0.076 0.863 0.333 0.951 

0.064 0.025 0.069 1.027 0.395 1.150 

0.063 0.024 0.068 1.211 0.463 1.378 

0.089 0.034 0.116 1.422 0.539 1.646 

0.081 0.031 0.109 1.662 0.628 1.959 

0.075 0.028 0.104 1.939 0.726 2.328 

 

Table 13: MAE, MAPE and RSMFE forecasting accuracy of the Bayesian and 

VECX models for the case of TNP. 

Bayes_MAE Bayes_MAPE Bayes_RMSFE VECX_MAE VECX_MAPE VECX_RMSFE 
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0.061 0.029 0.061 0.139 0.065 0.139 

0.052 0.024 0.053 0.257 0.119 0.282 

0.043 0.020 0.046 0.303 0.140 0.324 

0.034 0.016 0.040 0.353 0.163 0.378 

0.036 0.017 0.040 0.405 0.187 0.435 

0.036 0.017 0.040 0.458 0.211 0.495 

0.042 0.019 0.047 0.520 0.239 0.568 

0.081 0.038 0.134 0.586 0.270 0.649 

0.086 0.040 0.132 0.669 0.308 0.756 

0.095 0.044 0.138 0.764 0.350 0.881 

 

Table 14: MAE, MAPE and RSMFE forecasting accuracy of the Bayesian and 

VECX models for the case of TRMD. 

Bayes_MAE Bayes_MAPE Bayes_RMSFE VECX_MAE VECX_MAPE VECX_RMSFE 

0.087 0.044 0.087 0.005 0.003 0.005 

0.087 0.044 0.087 0.160 0.081 0.222 

0.102 0.052 0.105 0.227 0.116 0.276 

0.100 0.051 0.102 0.300 0.153 0.353 

0.103 0.052 0.105 0.388 0.197 0.458 

0.106 0.054 0.108 0.484 0.245 0.573 

0.127 0.065 0.138 0.586 0.297 0.697 

0.129 0.065 0.139 0.740 0.374 0.916 

0.126 0.064 0.135 0.901 0.456 1.131 

0.157 0.079 0.189 1.061 0.534 1.333 

The results in Tables 5-14 show that the alternative model, namely the Bayesian 

model is better in terms of forecasting ability than the baseline VECX model, for all the 

stocks and for almost every forecasting horizon. This implies that the Bayesian model is 

robust and unveils the effect of the Covid-19 on the marine companies’ stocks. 

4. Conclusion 

In the present paper, we examine the major marine companies’ stocks, namely the we 

examine some of the biggest Marine companies’ stocks, namely the Dynangas (DLNG), 

Euronav (EURN), Euroseas (ESEA), Frontline (FRO), Nordic American Tanker (NAT), 

Scorpio Bulkers (SALT), Sino-Global Shipping (SINO), Teekay Tankers (TNK), Tsakos 

Energy Navigation (TNP), Torm (TRMD) during the Covid-19 spread and the lockdown 

measures. In this context, we constructed and employed a Bayesian framework in order 

to unveil the effect of the Covid-19 pandemic on these stocks.  
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Based on our findings, the stocks were affected by the Covid-19 spread and more 

precisely, the Covid-19 spread provides useful information for the forecasting of these 

stocks, as shown by the forecasting comparison of the baseline and alternative models, 

indicated by the forecasting criteria MAE, MAPE and RMSFE in the 22/10 – 29/07 time 

period of the year 2020. Our findings are robust, since the out-of-sample forecasting 

accuracy of the alternative model employed, that explicitly incorporate the pandemic 

induced by the SARS-COV-2 virus, is superior to the baseline model.  

The results give credit to the impact of the Covid-19 spread on the Marine 

Companies, decreasing their revenues and impacting their stocks. This fact unveils the 

great impact of the Covid-19 on the marine industries worldwide. In an attempt to 

minimize the spread of the novel coronavirus, most economies and policy makers have 

taken extreme lockdown measures that adversely affect the overall microeconomic, 

macroeconomic and financial conditions in a global scale. As a result, the Covid-19 has 

shifted the investors’ preferences away from the marine companies’ stocks as the 

lockdown measures totally suspended the services of these companies. The economic 

damage was not only limited on the revenues, but also on the stocks of these companies, 

causing serious problems in the marine industries.  

We anticipate our work to be a starting point for more sophisticated models, 

testing for other factors that could play a significant role in forecasting the various 

industries. Clearly, future and more extended research on the subject would be of great 

interest. 
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