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Abstract

:

Within the context of Greece promising a success story in the fight against the disease, this paper proposes a novel method for studying the evolution of the Greek COVID-19 infection curve in relation to the anti-COVID-19 policies applied to control the pandemic. Based on the ongoing spread of COVID-19 and the insufficient data for applying classic time-series approaches, the analysis builds on the visibility graph algorithm to study the Greek COVID-19 infection curve as a complex network. By using the modularity optimization algorithm, the generated visibility graph is divided into communities defining periods of different connectivity in the time-series body. These periods reveal a sequence of different typologies in the evolution of the disease, starting with a power pattern, where a second order polynomial (U-shaped) pattern intermediates, being followed by a couple of exponential patterns, and ending up with a current logarithmic pattern revealing that the evolution of the Greek COVID-19 infection curve tends towards saturation. In terms of Gaussian modeling, this successive compression of the COVID-19 infection curve into five parts implies that the pandemic in Greece is about to reach the second (decline) half of the bell-shaped distribution. The network analysis also illustrates stability of hubs and instability of medium and low-degree nodes, implying a low probability of meeting maximum (infection) values in the future and high uncertainty in the variability of other values below the average. The overall approach contributes to the scientific research by proposing a novel method for the structural decomposition of a time-series into periods, which allows removing from the series the disconnected past-data facilitating better forecasting, and provides insights of good policy and decision-making practices and management that may help other countries improve their performance in the war against COVID-19.
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1. Introduction


Starting in December 2019, in Wuhan city (China), the COVID-19 coronavirus disease is a new epidemic spreading virally across the world, causing cascading deaths and uncertainty for the future of the global and national economies [1,2,3,4]. Prime epidemiological studies on the COVID-19 infection and death curves [5,6,7] reveal the existence of strong scaling dynamics in the spreading of the disease, which appears to initiate under an exponential growth. On the other hand, other recent studies [8,9] observe that this exponential growth is the first (incline) step of the Gaussian temporal spread describing epidemic phenomena. While the major concern of the research community and academia is obviously to find a cure for defeating this lethal pandemic [10,11], it is a consensus that (even when a laboratory formula will be soon available) the process of moving a cure from the laboratory to the production phase cannot be done at once. Therefore, beyond the global expectations that the day of a cure to this pandemic is forthcoming, governments worldwide are currently facing the challenge of managing their medical and human resources against the scaling (exponential-alike) trends of the disease-spreading [1,2,12]. The case of Italy was among the first countries dealing with COVID-19 outside the country of its origin, China. The uncontrolled spreading of the disease and the number of casualties [13] in Italy imply, on the one hand, the inertia of social life and structures to abrupt changes [14] and, on the other hand, the small-world [15,16,17] configuration of modern societies developing network structures. Although current scientific knowledge have led to the development of standardized protocols, best practices, and policies for controlling the pandemic [18,19], countries worldwide show diverse patterns of conformance to these instructions, determining thus the evolution of the disease in their population in different ways. For instance, USA, UK, and Sweden, which appear to build up (at least initially) to the “herd immunity” strategy [20] are currently included in the top-ten countries in COVID-19 mortality rates [13], whereas others showing early emergence seem to succeed suspending their casualties.



Greece is an insightful case of good performance for its anti-COVID-19 policies, which appears to manage keeping the infected cases and deaths at relatively low levels [13,21], based on data up to the 54th day of the disease spreading. Specifically, Greece faced the first case of infection on February 26th, 2020, and just three days later it started applying several policies for controlling the disease. This timely alert and response have led Greece to be currently in the last places among European Countries in terms of infection and mortality rates of COVID-19 [13,21], setting the conditions to consider its case a success story in the war against the pandemic. Within the context of promising a success story, this paper studies the evolution of the COVID-19 infection curve in Greece in relation to the anti-COVID-19 policies applied by the state to control the disease, aiming to detect whether and how these policies affected the dynamics of the disease spreading. Given that the spread of COVID-19 in Greece corresponds to a period of less than two months, the classic time-series analysis approaches are inevitably subjected to high level of uncertainty for forecasting the future of the epidemic [22]. Additionally, prime quantitative approaches have already sufficed to reveal the exponential dynamics in the spreading of the disease [5,6,7]. Therefore, this paper advances current quantitative approaches by building on complex network analysis of time-series to transform the COVID-19 infection curve to a complex network. To do so, the visibility graph algorithm is applied [23], which is a non-parametric approach able to provide structural insights of the time-series and to transform it to a complex network that is a tensor of higher dimension in comparison to the series [22,24]. The association with the time-series visibility graph is detected for communities based on the modularity optimization algorithm [25], aiming to develop a partition of the time-series and therefore to interpret their significance in accordance with the anti-COVID-19 policies applied by the Greek state.



The overall approach first aims to provide insights of good policy and decision-making practices and management that may help other countries improve their performance against the pandemic. Secondly, it contributes to the scientific research by proposing a novel method for the structural decomposition of a time-series into periods that allow removing from the series the disconnected past data and thus it facilitates better forecasting. Both the proposed methodological framework and the case study of the success story of Greece (up to the 54th day of the disease spreading) can be proven effective in the war against COVID-19.




2. Methodology and Data


The methodological framework builds on complex network-based analysis of time-series to transform the time-series of the Greek COVID-19 infection curve into a complex network and then to examine the associated complex network instead of the time-series. The proposed methodological approach consists of four steps, as shown in Figure 1.



At the first step (Figure 1), an associated visibility graph is generated based on data of the daily Greek COVID-19 infection curve. The available data were collected from daily announcements of the National Public Health Organization of Greece [26] and the Ministry of Health of Greece [27]. The database used in the analysis is not fully compatible with the GitHub repository (https://pomber.github.io/covid19/timeseries.json), which is obviously due to our own elaborations on these sources. The natural visibility algorithm (NVG) was proposed by the authors of [23] to transform a time-series into a graph (complex network) GV(V,E), where V is the node-set and E is the edge-set. The NVG builds on the intuition of considering the time-series as a path of successive mountains of different height (each representing the value of the time-series at the certain time). In this time-series-based landscape, an “observer” standing on a mountain can see (either forward or backwards) as far as no other mountain obstructs its visibility. In mathematical terms, each node (tk, x(tk)) of the time-series corresponds to a graph node nk ≡ (tk, x(tk))  ∈  V (where the time-series order is preserved) and two nodes ni, nj  ∈  V are connected (ni,nj)  ∈  E when the following inequality (NVG connectivity criterion) is satisfied [23]:


  x (  t k  ) < x (  t i  ) + ( x (  t j  ) − x (  t i  ) )    t k  −  t i     t j  −  t i     



(1)




where x(ti) and x(tj) express the numerical values of the time-series nodes ni ≡ (ti, x(ti)) and nj ≡ (tj, x(tj)) and ti, tj express their time-reference points.



In geometric terms, a visibility line can be drawn between two time-series’ nodes ni, nj  ∈  V whether no other intermediating node nk ≡ (tk, x(tk)) obstructs their visibility [23,24], namely, no other intermediary node is so high as to intersect the visibility line created by this pair of nodes (Figure 2). Therefore, two time-series’ nodes can enjoy a connection in the associated visibility graph if they are visible through a visibility line [23]. The visibility algorithm conceptualizes the time-series as a landscape and produces a visibility graph associated with this landscape [24]. The associated (to the time-series) visibility graph is a complex network where complex network analysis can be further applied [23,24].



In a network generated according to the visibility algorithm, each node is visible at least by its nearest (left and right) neighbors [24,28]. Studying the topology of the visibility graph instead of the time-series’ structure benefits time-series analysis [23,24,28] because it enlarges the space of the time-series embedding (a graph is a second-order tensor, whereas a time-series is a first-order tensor). In this broader space of embedding, complex network analysis can reveal latent information of the time-series structure that cannot be captured by classic time-series analysis. An effective complex network approach is the study of the degree distribution, which can provide useful insights about the hierarchical structure and the growth dynamics of the network topology [15,17,29,30].



At the second step of the methodology (Figure 1), the associated visibility graph is first divided into communities, according to the modularity optimization algorithm of [25]. This algorithm produces several communities submitted to the criterion of maximizing the intra-community (i.e., within the communities) connectivity and therefore of minimizing the inter-community (between the communities) connectivity, as denoted by the mathematical expression Fortunato (2010):


  maximize   [ Q   ∝   (  m  w i t h i n   c o m m u n i t i e s   −  m  b e t w e e n   c o m m u n i t i e s   ) ]  



(2)




where Q is the modularity function [31] and m the number of links.



The modularity optimization algorithm [25] is a greedy approach applied at two stages [31]. At the first, all graph nodes are assigned to different communities. Next, the nodes are sequentially swept and placed into collective communities if the assignment of a node into a neighbor community increases the gain in the weighted modularity function (Qw) of the initial graph. At the second stage, the collective communities are replaced by super-nodes and the procedure is repeated until the modularity function cannot increase any more [17,31]. In general, greedy algorithms are sensitive to local optima (e.g., the algorithm can be “trapped” within the region of a local optimum), and therefore they will not definitely lead to global optimum results [31]. Within this context, the resulting communities do not surely define the optimum partition of the network but a “very good” one, to the extent that nodes are densely connected within the communities and sparsely connected between them. Due to its greedy configuration, the algorithm is run several times and the final communities are resulted by the set theoretical intersection of all runs.



For a thorough review regarding modularity optimization and community detection in graphs, see the review article of [31].



At the third step of the methodology (Figure 1), the communities generated by the modularity optimization algorithm are projected to the time-series of the Greek COVID-19 total (cumulative) infections curve. This allows the time-series body to be divided into corresponding periods (communities), which represent strongly (or, more accurately, highly) connected sub-networks in the visibility graph. This allows fitting techniques to be applied to the time-series of each community and to examine their structure in terms of determination and forecasting. According to this approach [32], a parametric curve is fitted to the data of a variable y = f(t) that bests describes its variability. The available types of fitting curves examined in the regression analysis are the linear (1st-order polynomial), quadratic (2nd-order polynomial), cubic (3rd-order polynomial), power, exponential, and logarithmic. All available types of fitting curves can be generally described by the general multivariate linear regression model defined by the mathematical expression [32]:


     y ^  =  b 1   f 1  ( x ) +  b 2   f 2  ( x ) + … +  b n   f n  ( x ) + c =     =  ∑   b i   f i  ( x ) + c    



(3)







The f(x) function can be either logarithmic f(x) = (log(x))m, or polynomial f(x) = xm, or exponential f(x) = (exp{x})m, or any other. Within this context, the purpose of the curve fitting analysis is to estimate the bi parameters (in relation 3) that best fit to the observed data y, so that to minimize the square differences    y i  −    y i   ^    [32], according to the relation:


    min  {  e =    ∑   i = 1  n      [   y i  −   y ^  i   ]   2   }  =     = min  {     ∑   i = 1  n      [   y i  −  (   ∑   b i   f i  ( x ) + c  )   ]   2   }     



(4)







The beta coefficients (bi) are estimated using the Least-Squares Linear Regression (LSLR) method [32], based on the assumption that the differences e in Relation (3) follow the normal distribution N(0,    σ e 2     ).



At the final step of the methodological framework (Figure 1), the Greek anti-COVID-19 policies included in each community are discussed. This step attempts to develop a policy profile for each community, in accordance with the anti-COVID-19 policies included in each period (community). Given that the time from exposition to the appearance of the symptoms of the disease ranges from 2 to 14 days, with a 5-day average [33,34,35], each policy applied within each period obviously affects the evolution of the infection curve with a respective time-lag. Therefore, the policies included in each period cannot be related to the shape of the infection curve of the corresponding period but probably to the next one (depending on the periods’ lengths). However, the amount of policies included in each period can reveal in real-time the degree of the government’s alert for the spreading dynamics of the disease and thus it can be considered as an indicator of the effectiveness of the public health management and policy in Greece. Therefore, this step of the methodology studies the amount of the Greek anti-COVID-19 policies within each period in the context that these policies describe the degree to which the state is alert to the spreading dynamics of COVID-19 in Greece and discusses these policies in accordance to the evolution of the curve observed at the next periods.



The dataset considered in the analysis begins with the starting day of the disease spreading in Greece (February 26th, 2020) and continues up to the 43rd day (April 4th, 2020). Each subsequent day, up to the 54th day of the disease spreading, is used to verify the forecasting in each community. In terms of testing, up to April 19th, Greece had conducted 53,290 tests and was ranked the 56th place worldwide and the 23rd place in Europe [33]. In the work of [33], the authors observed that testing in Greece was disproportional to the infection and the death curves of the disease, illustrating an aspect of ineffectiveness in the national health system. Therefore, the overall analysis is subject to the inevitable constraints of the country’s testing policies. However, in the same work [33], the authors detect an almost perfect, positive, and significant (at the 0.01 level) correlation (r = 0.979) between the infection and deaths curves of the COVID-19 temporal spread in Greece. In the context in which the deaths curve is suggested to be a reliable indicator, because all deaths are absolutely recorded at all countries [33], the high and significant correlation r = 0.979 captured by the authors of [33] between the Greek COVID-19 death and infection curves indicates that the analysis applied in this paper (based on the Greek COVID-19 infection curve) can be claimed to be based on trusted data.



Overall, the configuration of the proposed methodological framework advances time-series analysis because, firstly, it employs a double data consideration computed on daily (density or additive) and total (cumulative) infection data. This is because the associated visibility graph is generated on data of the daily COVID-19 infection curve (which are of higher variability), while parametric fitting is applied to the periods (communities) referring to the cumulative COVID-19 infection data (in which variability is smoother). This double consideration incorporates more information than (the one-variable approach) of analyzing a single time-series. Secondly, the proposed methodological framework builds on complex network analysis of time-series, which makes it possible to apply the modularity optimization algorithm to detect connected communities in the time series body. This approach incorporates information of network connectivity in the time-series structure that cannot be detected otherwise. Finally, the proposed methodological framework is indifferent to the case study of the Greek COVID-19 temporal spread; it can operate under insufficient data (here 43 cases) and can enjoy further applications.




3. Results and Discussion


3.1. Network Analysis


The degree distribution p(k) of the associated with the Greek COVID-19 infection curve visibility graph (GV) is shown at Figure 3a. Among a set of available fittings (exponential, Fourier, Gaussian, linear, up to 4th-order polynomial, power, and logarithmic) that were tested [36] with the data, the normal (Gaussian) curve was found to have both the highest coefficient of determination [32] (R2 = 0.761) and the simplest expression (least number of estimated terms).



In comparison to a power-law curve, which is a particularly important fitting in network science for the detection of the scale-free property [17], and thus of hierarchical structures, the normal (Gaussian) curve with an estimated average   μ ^   =      〈 k 〉   ∧    = 4.491 (number of connections per node) and an standard deviation   σ ^   = 2.518 better fits to the p(k) data. The normal-shaped pattern of the degree distribution may have a double interpretation. On the one hand, it implies that the network is ruled by randomness because a normal curve asymptotically approximates the binomial distribution that theoretically describes the degree distribution of random networks [29]. On the other hand, the bell-shaped degree distribution implies that the majority of nodes have degrees close to the network’s average, a fact that can also be related to the existence of spatial constraints. In particular, networks submitted to spatial constraints tend to develop neighborhood connections instead of distant ones, which are by default more costly and they are usually developed between the hubs [30,37]. Moreover, intense spatial constraints usually refer to planar network configurations [30], in which shortcuts or distant connections do not intersect the existing network links.



In the literature [30,37], the most common network models with spatial constraints are the lattice or mesh graphs, which usually develop a regular tiling repeated throughout their structure. This regular structure causes the majority of nodes to have a degree near the average, leading to a bell-shaped degree distribution. Within this context, the degree distribution of the associated visibility graph implies that the network topology is more a mesh-like rather than a hierarchical one. To get more insights about the topology of the GV, we examine the sparsity (spy) plot of this visibility graph (Figure 3b), which is a plot of the adjacency matrix displaying nonzero elements with dots [17]. The major concentration of the nonzero elements towards the main diagonal of the matrix implies that connections are mainly developed between neighbor nodes (the state of neighborhood is denoted in the adjacency by the successive labeling) and therefore that the visibility network is submitted to spatial constraints [17]. This observation verifies the previous finding based on the degree distribution consideration. However, the vertical spreading of dots in the spy plot may also indicate random trends [17], which is also in line with the previous observations.



According to the degree distribution and sparsity pattern analysis, the Greek COVID-19 visibility graph appears to be configured by random forces and spatial constraints. The emergence of randomness illustrates that future connections (which are created based on the daily infection values) may randomly attach to the network and therefore future maximum values of daily infection are possible. On the other hand, indications of spatial constraints (related to difficulty in developing distant connections) imply that future connections of the network are more dependent on their neighborhood values (i.e., the previous states of the time-series) and thus the phenomenon of the disease can resemble to a Markovian chain. However, regardless the insignificant level of determination (R2 = 0.171) of the power-law fitting (see [32,36]), a long-tail behavior of the degree distribution can be observed for degree values higher than 10 (k > 10), which expresses that the network structure of the GV is steadier for the hubs (i.e., nodes of high degree) than for medium- and low-degree nodes. This observation implies that the probability of meeting maximum (infection) values (and therefore the appearance of new hubs in the visibility network) in the future is considerably low, in contrast to the medium and low-degree nodes, where their future behavior is more uncertain.




3.2. Community Detection


3.2.1. Structural Analysis


In the second step, the infection curve visibility graph (GV) associated with the Greek COVID-19 is divided into communities, on which connectivity within each community is dense and between communities is sparse. The community discrimination of GV is shown in Figure 4, where labels of network nodes express the day since the first infection case. As can be observed, the community detection analysis of GV results to five communities (Figure 4). Running the community detection algorithm several times concludes with the same result, perhaps due to the relatively small amount of available time-series data (43 cases). These communities appear as a sequential ordering in the time-series body (Q1, Q2, Q1, Q3, Q4, Q5), except the second one (Q2), which is injected into the first community (i.e., it is intermediate within the first community, according to the ordering Q1, Q2, Q1,…). Although this result is counterintuitive under a consecutive rationale, it supports the novelty of the proposed methodological approach, which is based on the connectivity assessment of the visibility graph generated on the additive (daily) time-series data. In particular, community Q2 includes the elements (numbers of daily infections) x(t5) = 2 (day 5), x(t6) = 0 (day 6), x(t7) = 0 (day 7), and x(t8) = 2 (day 8), which appear in a symmetric arrangement (2,0,0,2). This symmetry is captured by the modularity optimization of the visibility graph and resulted in the configuration of community Q2.



Next, Figure 5 is constructed by the projection of the modularity-communities onto the cumulative Greek COVID-19 infection curve. According to this figure, the evolution of the Greek COVID-19 infection curve is vertebral and consists of five time-periods corresponding to the modular communities shown in Figure 4. Parametric fittings were applied to all periods in accordance with the mathematical expressions shown in relations (3) and (4). The first (Q1) starts from the 1st day and ends up to the 19th day (Figure 5b) of the infection spreading in Greece and is described by a scaling (power) pattern (R2 = 0.9799 ≈ 0.98) with an exponent ≈ 2.21. The second one (Q2) is injected into the first one and is extended to the time-interval Q2 = {5,6,7,8} = {5,…,8}  ⊂  ℕ (Figure 5c), described by a (2nd-order) polynomial (U-shaped) pattern (R2 = 0.9333 ≈ 0.93) with a positive coefficient (≈0.5) of the highest order term. The third period (Q3) follows the first one, is extended to the time-interval Q3 = {20,…,26}  ⊂  ℕ (Figure 5d), and is described by an exponential pattern (R2 = 0.9864 ≈ 0.99) with an exponent ≈0.09. Next, the fourth period (Q4) is extended to the time-interval Q4 = {27,…,32}  ⊂  ℕ (Figure 5e) and it is also described by an exponential pattern (R2 = 0.9982 ≈ 1), but with a smaller exponent than the previous period (0.085 < 0.09). Finally, the fifth period (Q5) is extended to the time-interval Q5 = {33,…,43}  ⊂  ℕ (Figure 5f) and is described by a logarithmic pattern (R2 = 0.9829 ≈ 0.98).



Overall, according to the sequence of the modularity communities in the time-series body, the Greek COVID-19 infection curve initiated the first three days (Q1) with scaling (power) dynamics. Next, it showed an abrupt (U-shaped) tendency at the next four days (Q2), which was returned to the previous scaling (power) status (Q1), where it remained for the next 11 days {9,…,19}  ⊂  ℕ. The next 13 days {20,…,32}  ⊂  ℕ, the Greek COVID-19 infection curve showed an exponential growth, but in the mid-time of the period, the exponent decreased, and finally, in the last 11 days ({33,…,43}  ⊂  ℕ) the infection curve showed a logarithmic trend, implying that the evolution of the infection curve was leading to saturation.




3.2.2. Forecasting


In this paper, the analysis is based on the Greek COVID-19 infection curve, starting from the 1st day and ending at the 43rd day after the first infection (namely on the set {1,…,43}  ⊂  ℕ). Cases after the 43rd day (up to the 54th day of COVID-19 temporal spread) are registered in Table 1 to test the estimations (as a verification set). Within this context, based on the fittings applied to each community (Q1:Q5), future infections of the COVID-19 infection curve for the next 11 days were estimated and are shown in Table 1. As can be observed, the logarithmic curve of the last modularity community (Q5) provides the most accurate estimations in comparison with the five available communities and the total infection curve consisting of all communities (Q1:Q5). Moreover, differences of most of communities seem to be of a certain magnitude (~600 for Q1, ~1200 for Q2, ~−1200 for Q3, ~−1100 for Q4, and ~−30 for Q5), which may be related to the effectiveness of the overall community detection approach. On the other hand, predictions based on the Gaussian model (GM) appear more accurate in the long term (i.e., in the total of the 11-day available future projections). This observation verifies relevant approaches, such as those of the authors of [8] and [9], which describe temporal spread in epidemic phenomena in terms of the Gaussian, bell-shaped, evolution. However, predictions of the last community’s (Q5) model appear more accurate in the short-term (in particular for the first four days) and produce smaller mean square error (MSE). Overall, the joint (modularity-based and Gaussian) consideration implies that that the evolution of the pandemics in Greece is about to reach the peak-time and move to second (decline) half of the bell-shaped distribution.



In a further study, the authors of [33] developed a spline regression model defined in the complex-network-based context proposed in this paper. In particular, the authors used the modularity communities configured in this paper to define the spline knot vector and to apply the spline regression algorithm to the cumulative Greek COVID-19 infection curve. The results are shown in Table 2, and they are compared with the cubic fitting of high determination and with regression splines of randomly selected (3, 4 and 5) knots.



As can be observed, the complex-network spline model built on modularity communities configured in this paper showed better determination ability and lower error terms than the cubic and the randomly calibrated splines models. These improvements in fitting ability were considerable even in the cases of R and R2, given the already good fitting performance of the cubic and the randomly calibrated spline models. These results verify the added value of the proposed in this paper methodological framework, which builds on conceptualizing a time-series as complex-network and separating it into densely intra-connected parts. In conceptual terms, these better results may be related with the immanent property of complex network analysis to model and manage problems of complexity and thus to provide better insights in the study complex systems, as in the case of the COVID-19 temporal spread.





3.3. Policy Assessment


At the final step, the communities resulting from the modularity optimization algorithm are examined in accordance with the anti-COVID-19 policies applied by the Greek state in the meantime. Table A1 (shown in the Appendix A) summarizes the evolution of the major policies of the state in the fight against the disease, which are grouped according to the communities resulting from the analysis. As can be observed, in the first three days (Q1) of evolution of the Greek COVID-19 infection curve, the state applied optional policy measures for the control of the disease. The first compulsory measure was taken at the end of the (intermediated) Q2 period, applied at local scale, showing perhaps an alerted of the state for the changing dynamics of the disease. During the second half of the first (Q1) period, which is placed between the 9th to 19th days since the first infection, a set of compulsory measures was taken for the first time at the national scale, concerning suspension of educational, cultural, justice, and recreation functions and activities. At the next two periods (Q3 and Q4) of exponential growth, more severe measures were applied. Measures of Q3 period concern national suspension of gathering, religious, and tourism activities and of maritime transport. On the other hand, the defining measure of the Q4 period was started at its beginning and concerns the national restriction of road transport. The defining measure of the final period (Q5) regards the control of transportation and particularly the national suspension of private air transport. Provided that the anti-COVID-19 policies are effective to the evolution of the pandemic with a 5-day (on average) up to the 14-day (maximum) time-lag, we construct Figure 6 to illustrate the ranges where policies included in each period (Q1, Q2, Q3, Q4, and Q5) can be effective to the evolution of the infection curve.



As can be observed in Figure 6, all periods are effective within a range covering up to two successive periods. This implies that the visible (in this analysis) effect of the Greek anti-COVID-19 policies on the shape of the infection curve is due to the policies applied up to the fourth period (which include all of the anti-COVID-19 policies except the national suspension of private air transport, which was applied to the fifth period). Overall, the time evolution of the major Greek anti-COVID-19 policies signifies a timely alert of the Greek state to the cascading dynamics of the pandemic, in accordance with the structure of the time-periods of the Greek COVID-19 infection curve. The evolution in the change of type of the fitting curve, from power to polynomial, to power, to exponential, to a smoother exponential, and finally (up to the 43rd day of the disease spreading) to logarithmic reveals that anti-COVID-19 policies applied by the Greek state are currently succeeding in controlling the cascading spread of the disease. In terms of the Gaussian modeling of epidemics [8,9], this timely alert of the Greek state led to a faster decline of the infection curve, which is about to reach its peak and move into the second half of the bell-shaped distribution. Despite the modeling perspective, the complex-network analysis of the Greek COVID-19 infection curve suffices to provide insights for the structure of the pandemic, which cannot be detected macroscopically by fitting a single curve.





4. Conclusions


The Greek anti-COVID-19 policies were applied just three days after the emergence of the first infected case in the country appear determinative to the evolution of the COVID-19 infection curve. The study built on complex network analysis of time-series (based on the visibility graph algorithm) to detect dynamics in the structure of the infection curve that are not visible by using classic time-series analysis methods, due to data limitation. Network analysis applied to the time series showed the existence of spatial constraints (expressed by development mainly of neighbor links) mixed with random trends, illustrating that (in the long-term) the evolution of the Greek COVID-19 infection curve resembles to a Markovian chain with slightly random transitions. In terms of forecasting, the structural analysis of the visibility graph detected stability of the hubs and instability of the medium and low-degree nodes, implying a low probability to meet maximum (infection) values at the future and high uncertainty in the variability of medium and lower values. Based on the modularity optimization algorithm, the Greek COVID-19 associated visibility graph is divided to five stages (periods) of different connectivity ruling the evolution of the pandemic in Greece. The first stage is described by a power pattern, the second (which intermediates the first one) is described by a second order polynomial (U-shaped) pattern, the third and fourth by exponential patterns, and a final one by a logarithmic pattern implying that the Greek COVID-19 infection curve tends to saturate. The resulting shape of the Greek COVID-19 infection curve to a logarithmic pattern can illustrate the effectiveness of the anti-COVID-19 policies applied in Greece, during the 43 days since the emergence of the first infected case. In terms of Gaussian modeling, this successive compression of the COVID-19 infection curve in five parts implies that the pandemic in Greece is about to reach the peak-time and move to the second (decline) half of the bell-shaped distribution. This measurable evolution of the COVID-19 infection curve makes it possible to consider Greece, at this early stage, a success story in the war against the pandemic. However, this good performance is temporary, and there is still a long way to go along the path of success. This is because, according to epidemiology, the case of pandemics only closes when the society develops either the appropriate herd immunity, which takes place through exposure to the disease, or clinical immunity, which takes place with the development of a vaccination. Within this context, there is still a long way to success, and in conjunction with the global expectations that the day of a cure to this pandemic is forthcoming, this paper provides insights into the current success story of Greece to inspire other countries towards more effective anti-COVID-19 policies and management.
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Table A1. The evolution of major Greek anti-COVID-19 policies.
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Date

	
Community

	
n

	
Daily Infections

	
Total Infections

	
Policy Measure






	
2/27/20

	
Q1

	
2

	
2

	
2

	




	
2/28/20

	
3

	
1

	
3

	
Optional local suspension of schools operation at regions with infected cases; Prohibition of school excursions abroad, school decontaminations.




	
2/29/20

	
4

	
3

	
6

	




	
3/1/20

	
Q2

	
5

	
2

	
8

	




	
3/2/20

	
6

	
0

	
8

	




	
3/3/20

	
7

	
0

	
8

	




	
3/4/20

	
8

	
2

	
10

	
Local suspension of schools, theaters, cinemas, and cultural spaces at regions with infected cases.




	
3/5/20

	
Q1

	
9

	
20

	
30

	




	
3/6/20

	
10

	
15

	
45

	




	
3/7/20

	
11

	
20

	
65

	




	
3/8/20

	
12

	
7

	
72

	
National suspension of nursing houses, conferences, and school excursions and indoors operation of sport activities.




	
3/9/20

	
13

	
11

	
83

	
National suspension of cultural and art activities.




	
3/10/20

	
14

	
5

	
88

	
National suspension of schools and educational units.




	
3/11/20

	
15

	
10

	
98

	




	
3/12/20

	
16

	
18

	
116

	
National suspension of playgrounds, theaters, cinemas, art and entertainment places.




	
3/13/20

	
17

	
73

	
189

	
National suspension of courts, malls, café, bars, restaurants, museums, sport centers and organized beaches.




	
3/14/20

	
18

	
38

	
227

	




	
3/15/20

	
19

	
103

	
330

	




	
3/16/20

	
Q3

	
20

	
21

	
351

	
National establishment of money penalty for disobedience to the measures and of compulsory 14-day quarantine to those entering the country.




	
3/17/20

	
21

	
35

	
386

	
National suspension of religion activities, closing of national borders for tourism-related purposes.




	
3/18/20

	
22

	
31

	
417

	
National prohibition of public gathering (>10 persons), regulations to supermarket’s entrance.




	
3/19/20

	
23

	
46

	
463

	
National suspension of hotels.




	
3/20/20

	
24

	
31

	
494

	
National restriction to maritime transport.




	
3/21/20

	
25

	
35

	
529

	




	
3/22/20

	
26

	
94

	
623

	




	
3/23/20

	
Q4

	
27

	
71

	
694

	
National restriction of road transport.




	
3/24/20

	
28

	
48

	
742

	




	
3/25/20

	
29

	
78

	
820

	




	
3/26/20

	
30

	
71

	
891

	




	
3/27/20

	
31

	
74

	
965

	




	
3/28/20

	
32

	
95

	
1060

	




	
3/29/20

	
Q5

	
33

	
95

	
1155

	




	
3/30/20

	
34

	
56

	
1211

	




	
3/31/20

	
35

	
102

	
1313

	




	
4/1/20

	
36

	
101

	
1414

	
National suspension of private air transport.




	
4/2/20

	
37

	
129

	
1543

	




	
4/3/20

	
38

	
69

	
1612

	




	
4/4/20

	
39

	
60

	
1672

	




	
4/5/20

	
40

	
62

	
1734

	




	
4/6/20

	
41

	
20

	
1754

	




	
4/7/20

	
42

	
77

	
1831

	




	
4/8/20

	
43

	
52

	
1883

	








Source: Own elaboration based on government discourses and newspapers.
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Figure 1. The methodological framework of the study. 
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Figure 2. (left) Example visible and not visible pairs of nodes according to the natural visibility algorithm (NVG); (right) the visibility graph generated from the time-series shown at the left side. 
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Figure 3. (a) The degree distribution p(k) of the associated with the Greek COVID-19 infection curve visibility graph GV (n(k) denotes the frequency of degree k); (b) the sparsity (spy) plot of GV. 
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Figure 4. Division of the infection curve visibility graph (GV) associated with the Greek COVID-19 into five communities (Q1:Q5) based on the modularity optimization algorithm of [25]. 
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Figure 5. (a) The community structure of the Greek COVID-19 infection curve, where (b–f) show the best (of the highest R2) fittings within each community. 
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Figure 6. Lengths of the 5-day (on average) up to the 14-day (maximum) time time-lag expressing the time from exposition to the appearance of the symptoms of the disease. These lengths illustrate the ranges where policies included in each period (Q1, Q2, Q3, Q4, and Q5) can be effective to the evolution of the infection curve. 
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Table 1. Future cases of the COVID-19 cumulative infection curve (from 43rd to 54th day) based on the parametric fittings applied to each community (Q1:Q5).
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Date

	
Observed

	

	

	

	

	
Estimations

	




	
Q1

	
Diff

	
Q2

	
Diff

	
Q3

	
Diff

	
Q4

	
Diff

	
Q5

	
Diff

	
Q1:5 (a)

	
Diff

	
GM (b)

	
Diff






	
4/9/20

	
1955

	
1311

	
644

	
734

	
1222

	
3032

	
−1077

	
2942

	
−987

	
1982

	
−27 *

	
2194

	
−239

	
2047

	
−92




	
4/10/20

	
2011

	
1377

	
634

	
772

	
1239

	
3318

	
−1307

	
3204

	
−1193

	
2046

	
−35

	
2325

	
−314

	
2101

	
−90




	
4/11/20

	
2081

	
1446

	
635

	
812

	
1269

	
3630

	
−1549

	
3490

	
−1409

	
2108

	
−27

	
2461

	
−380

	
2149

	
−68




	
4/12/20

	
2114

	
1516

	
598

	
852

	
1262

	
3972

	
−1858

	
3801

	
−1687

	
2169

	
−55

	
2601

	
−487

	
2189

	
−75




	
4/13/20

	
2145

	
1588

	
557

	
894

	
1251

	
4346

	
−2201

	
4140

	
−1995

	
2229

	
−84

	
2747

	
−602

	
2221

	
−76




	
4/14/20

	
2170

	
1662

	
508

	
937

	
1234

	
4756

	
−2586

	
4509

	
−2339

	
2287

	
−117

	
2897

	
−727

	
2245

	
−75




	
4/15/20

	
2192

	
1738

	
454

	
980

	
1212

	
5203

	
−3011

	
4911

	
−2719

	
2345

	
−153

	
3052

	
−860

	
2261

	
−69




	
4/16/20

	
2207

	
1816

	
391

	
1025

	
1182

	
5693

	
−3486

	
5349

	
−3142

	
2401

	
−194

	
3212

	
−1005

	
2268

	
−61




	
4/17/20

	
2224

	
1896

	
328

	
1070

	
1154

	
6230

	
−4006

	
5825

	
−3601

	
2456

	
−232

	
3377

	
−1153

	
2266

	
−42




	
4/18/20

	
2235

	
1977

	
258

	
1117

	
1118

	
6816

	
−4581

	
6345

	
−4110

	
2510

	
−275

	
3547

	
−1312

	
2255

	
−20




	
4/19/20

	
2235

	
2061

	
174

	
1165

	
1071

	
7458

	
−5223

	
6910

	
−4675

	
2563

	
−328

	
3722

	
−1487

	
2236

	
−1




	

	

	
Q1

	
Q2

	
Q3

	
Q4

	
Q5

	
Q1:5

	
GM




	
ME (c)

	
471

	
1201.3

	
−2807.7

	
−2532.5

	
−138.82

	
−778.73

	
−60.8182




	
MAE (d)

	
471

	
1201.3

	
2807.7

	
2532.5

	
138.82

	
778.73

	
60.8182




	
MAPE (e)

	
0.2229

	
0.5624

	
1.2894

	
1.1632

	
0.0632

	
0.3569

	
0.0289




	
MSE (f)

	
2.4630 × 105

	
1.4467 × 106

	
9,616,653

	
7.7872 × 106

	
29,503

	
7.6725 × 105

	
4441.9








a. Estimations based on the best fitting (y = 0.126·x2.5809, R2 = 0.977), which is applied to the total time-series (Q1:5) dataset. b. Gaussian model (GM: y = 2268·exp{−(x − 51.28)/22.72)2}, R2 = 0.997), which is applied to the total time-series (Q1:5) dataset. c. Mean error, d. Mean absolute error, e. Mean absolute percentage error, f. Mean square error. *. Cases shown in bold indicate better predictions of model Q5 in comparison with the GM.
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Table 2. Comparison between polynomial cubic and regression splines fitting curves with a complex network defined spline regression model-based the community detection proposed in this paper.
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	Model
	R
	R2
	RMSE (a)
	RAE (b)





	Cubic
	0.998
	0.996
	2.229
	4.182%



	Regression Splines with 3 random knots
	0.999
	0.998
	1.805
	3.798%



	Regression Splines with 4 random knots
	0.999
	0.998
	1.621
	3.277%



	Regression Splines with 5 random knots
	0.999
	0.998
	1.420
	2.986%



	Complex-Network Regression Splines (c)
	1.000
	1.000
	1.308
	2.752%







a. Relative mean square error, b. Relative absolute error, c. Splines defined according to the community detection proposed in this paper. (source: [33]).
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