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Motivation and scope 
•  Are the (predicted) future evolution of virtual water (VW) 

compatible with future water availability?  
à  future evolution of the network of virtual water (VW) flows on 

the basis of available projections regarding their main 
determinants and compare them with future availability of water 

•  Novelty with respect to existing works (e.g. Dalin et al. 2012) 
1.  use alternative network models to describe the topological structure 

of the network: who is linked to whom 
2.  use a gravity model to describe/predict intensity of VW flows: how 

“heavy” is the link 



The network of virtual water 
•  VW content: volume of water used to produce a good 
•  VW flows: VW content of a good is multiplied by the registered 

volume of trade  
•  VW trade: cross-border flows of VW exchanged by international 

trade 
•  VW trade network: countries are nodes, VW flows are links, 

row (column) countries are exporters (importers) 

à The international VW trade gives rise to a weighted and 
directed network 

•  From it one can derive a binary unweigthed version accounting for 
the presence/absence of a trade connection 



Future scenarios of virtual water trade 
Two-step procedure: 
1.  The future evolution VW network’s topological structure 

is predicted by applying both the stochastic and the 
fitness model 

2.  The intensity of VW flows is estimated through the 
gravity model 
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Figure 2. Complementary cumulative probability distribution of in-strength (panel a), out-strength (panel b) and bilateral 
VW flows (panel c). Comparison of empirical and simulated data at the year 2010; a textbox reports the results of the K-S 
test (statistic and P-value) for the two simulation models.  
 

4. Future scenarios of virtual water trade  
Taking stock of our results, we now present a set of predictions about the future evolution of the VW 
network, along the lines of Suweis et al. (2011) and Dalin et al. (2012). We employ both a short-term 
scenario that uses predictions for 2020 and a long-term one calibrated on 2050. The topological 
structure of the network is predicted using two different procedures for each family of network models 
(stochastic and fitness, see Sections 4.1 and 4.2 below for more details). Hence, we end up with a total 
of eight scenarios of future VW flows (Table 4).   
 

Table 4. The eight scenarios for future VW flows 

Model Family Network model specification Year 
2020 2050 

Stochastic 1. start from empty network 
2. start from 2010 values 

I 
II 

V 
VI 

Fitness 1. GDP 
2. Per capita precipitation 

III 
IV 

VII 
VIII 

 
To predict the topological features of future scenarios of VW trade, we need information on the 
number of total links as well as on future projections of GDP, population and precipitations. To 
determine the number of future links present in the network (𝐿 ), we follow Dalin et al. (2012), who 
estimate it on the basis of the average growth rate of the total links over the whole period considered in 
this analysis (1995-2010), which equals 1.95% in our context. The number of total links at the years 
2020 (L2020) and 2050 (L2050) turn out to be 16,635 and 29,657 respectively. Future projections of GDP 
are generated by the ENV-Growth model (Duval and de la Maisonneuve 2010; Dellink et al. 2015), 
forecasts on population growth are made available by KC and Lutz (2014), while those for precipitation 
are available in the GAEZ database.8 
 
                                                        
8  The ENV-growth model is based on the “conditional convergence growth” methodology elaborated by the OECD Economics 
Department. GDP projections are based on different perspectives on future socio-economic scenarios -the Shared Socioeconomic 
Pathways- developed by the climate change research community (Van Vuuren et al. 2014). The GAEZ database 
(http://www.fao.org/nr/gaez/about-data-portal/agro-climatic-resources/en/) collects projections on several climate variables, including 
precipitation levels, obtained from a number of General Circulation Models (e.g., Hadley CM3, MPI ECHAM4, CSIRO Mk2, etc.) on the 
base of some SRES climate scenarios (A1F, A1, A2, B1 and B2), developed for the IPCC Fourth Assessment Report. As the mean value 
of the models projections are very similar across SRES scenarios, results of this study are produced by using precipitation projections 
generated by the Hadley CM3 model, B2 SRES scenario, for the years 2020 and 2050. 



Step 1. Simulating the binary structure – 
topology of VW network  
•  Two models – two simulations: 

•  1. stochastic model of network growth based on preferential 
attachment (the rich get richer) – Riccaboni and Schiavo (2010) 
•  Preferential attachment mechanism: nodes accumulate new links in proportion 

to the number of links they already have (Riccaboni and Schiavo 2010) 
•  We use the parameters of the model that best replicate the past networks 

 
•  2. fitness-dependent model (the good get richer) - Garlaschelli and 

Loffredo (2004)  
•  fitness variable: nodes are characterized by an intrinsic feature of non-

topological nature that determine their potential to establish new links 
(Garlaschelli and Loffredo 2004) 

•  We test the predicting ability of different potential “fitness”, only GDP and 
Precipitation per capita are a good “fitness” 



Simulated network: degree distribution 
•  Real vs simulated VW trade network degree distribution, year 2010 
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evaluation of the ability of network models to replicate the data: in fact, we not only look at 
connectivity, but also explore higher-order topological features such as assortativity and clustering, 
which may play an important role in terms of network stability or resilience to shocks (Sartori and 
Schiavo 2015). 
Table 3 collects and compares these indexes, computed for the empirical and the simulated networks 
obtained using both the stochastic and the fitness model.  
 

Table 3. Empirical versus simulated networks: topology descriptive indexes and statistics. Year 2010. 
VW Network Nodes Max degree N° of links Density Assortat. Centraliz. Clustering 

Empirical 190 181 13,719 38.2% -0.27 0.58 0.71 
Simulated: stochastic 

model 190 178 13,712 38.2% -0.10 0.57 0.31 

Simulated: fitness 
model (GDP) 190 181 13,719 38.2% -0.56 0.58 0.82 

Simulated: fitness 
model (PrecPC) 190 177 13,719 38.2% -0.58 0.56 0.82 

 
The simulations for both the stochastic and the fitness model are designed in such a way that the 
number of nodes, links and density are mechanically replicated and therefore should not be used to 
evaluate the performance of the different models. A quick look at Table 3 suggests that the simulations 
do an excellent job in replicating average and maximum degree, as well as centralization. On the other 
hand, the actual values of assortativity are not very well replicated, whereas clustering lies somewhat in 
between. The stochastic model predicts lower levels of both assortativity and clustering, whereas the 
fitness model yields values that are higher than what is observed in the data. Hence, an additional 
benefit of using both approaches is to derive some sort of upper and lower bounds to the actual 
behaviour of the network that make results more robust. Last, we notice that the fitness model based 
on per capita precipitations appears to provide us with a better fit relative to that using GDP. These 
results hold over the time period we consider (1995-2010), irrespectively of the specific year considered 
in the simulations. The complementary cumulative probability distributions of the observed and 
simulated data at the year 2010 are shown in Figure 1. 
 

 
Figure 1. Complementary cumulative probability distributions of empirical and simulated node degree, by applying both 
simulation models. A textbox reports the results of the K-S test (statistic and P-value). Year 2010.  
 
 
 



Step 2. Simulating the intensity of the flows - 
The gravity model 
•  Empirical model relating international trade flows to the mass, 

the geographical distance and other factors characterising the 
trading countries  

•  We adopt the version developed by Fracasso (2014): 

VWij: virtual water export from country i to country j 
β0: constant  
β1-7: elasticity parameters of GDP per capita, Population, Available 
endowment of arable land and the geographical Distance between the 
trading countries  
Dij: dummy variables for other country-specific features with the associate 
parameter βij 
uij: error term 

!"#!"!" =  !! + !!!"#!"#$%! + !!!"#!"#$%! + !!!"#!"#! + !!!"#!"#! 	
                          + !!!"#!"#$!" + !!!"#!"#$#%&! +  !!!"#!"#$#%&! + !!"!!"+!!" 	



Future scenarios of virtual water flows: 
further data needed 
•  number of future total links Lt: computed as the average growth 

rate of the total links over the historical period available 
(1995-2010), which equals equal 1.95%  
•  L2020 and L2050 turn out to be 16,635 and 29,657 

•  future projections on GDP and Population are obtained from 
the World Bank 

•  future projections on precipitation are retrieved from the GAEZ 
database 

 



1. Topological features: future scenarios 

•  (Complementary cumulative probability distribution of node degree) 
Poorly connected and peripheral countries will increase their relative 
importance in terms of VW trade 



2. Flows intensity: future scenarios 
•  VW flows will increase over the years, due to the increased density (the 

number of links rises) and stronger links between countries 
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Figure 4. Complementary cumulative probability distributions of node strength (total VW export by country) in future 
scenarios (years 2020 and 2050). Left panel: stochastic and gravity models; right panel: fitness and gravity models. X-axis in 
log-scale. 
 

5. Policy implication and concluding remarks 
An important question stemming from the analysis is whether the projected VW flows are compatible 
with future water availability. Elaborating on the rainfall projections provided by the GAEZ database, 
we get an estimate of the future water availability by country. In short, we assume that future water 
availability will change in the same way as precipitations. Hence we apply the projected change in 
precipitations predicted by the GAEZ database to 2010 data on water availability by country. Then, we 
subtract from the estimated amount of future water availability the fraction of water resources that 
should be set aside for preserving environmental ecosystems, defined by the literature as 
Environmental Flow Requirement (EFR). A reasonable value for the EFR is about 30% of the total 
(blue) water availability (see for instance Smakhtin et al. 2004; Hirji and Davis 2009).11 To account for 
all the remaining water-consuming activities of the economy, such as manufacturing, services and 
municipal water uses, an additional 30% of water resources is subtracted from the total water available 
for agriculture.12  
The country’s predicted net VW exports (i.e., exports minus imports of VW) in the eight scenarios are 
compared with the projected water availability. We classify each country according to the Water Stress 
Indicator (WSI), elaborated by Smakhtin et al. (2004). This indicator is computed as the share of the 
country’s net VW exports over the total water availability, net of the fraction to set aside for preserving 
the environment and for non-agricultural water consumption. In this context, a value of the WSI larger 
than 1 indicates that the predicted amount of net VW exports is not sustainable as water resources 
would be not enough to support the production of the associated agricultural goods, which would need 
to use the water preserved for EFR and for other non-agricultural activities; a value lower than 1 but 
larger than 0.6 denotes that, under the future scenario of VW trade, water resources will be heavily 
exploited; a value that lies in the range 0.3-0.6 suggests that the predicted net VW exports will 
moderately exploit water resources; finally, a value of the WSI lower than 0.3 indicates that the 
production of agricultural goods for export purposes will not generate a significant water stress in the 
country. At this stage of the analysis it is important to point out that, despite the future available water 
is computed by setting aside the water needed for EFR and for non-agricultural water uses, the water 

                                                        
11 We are aware of the limits of the procedure followed to approximate the future change in the total water availability. Indeed, variations 
in the level of future precipitations do not correspond to variations in the water endowment (or mean annual run-off) of the same 
amount, as this latter depends also on other factors, like the average annual temperature and the evapotranspiration (Gardner 2009).  
12 It is estimated that, worldwide, agriculture accounts for about 70% of all water consumption, compared to 20% for industry and the 
10% that is consumed for domestic use. At country level, however, differences in water allocation across sectors can be substantial (see 
Hoekstra and Mekonnen 2012).  
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Future VW flows and Water stress 
•  Our research question:  

Are the future evolution of virtual water (VW) compatible with 
future water availability?  

•  We compare the predicted net VW exports with projected water 
availability according to different SRES scenarios (from GAEZ dataset) 

•  Countries are classified according to a Water Stress Indicator (WSI) = 
share of the country’s net VW exports over the total water availability, 
net of EFR and non agricultural uses 

•  WSI> 1 à future VW not sustainable 
•  0.6<WSI<1 à water resources heavily exploited 
•  0.3<WSI<0.6 à water resources moderately exploited 
•  WSI<0.3 à no water stress 
•  Stressed importers if if they source more than 50% of their VW 

inflows from exporters with a predicted WSI > 0.6  



2050 scenario 
Net flows of VW: Stochastic model from 2010 network + gravity 



2050 scenario 
Net flows of VW: Stochastic model from empty network + gravity 



2050 scenario 
Net flows of VW: Fitness model with GDP + gravity 



2050 scenario 
Net flows of VW: Fitness model with Precipitation per capita + 

gravity 



Key results 
•  No substantial differences across models and scenarios of water 

availability 

•  Among the net VW exports that are predicted to exceed future water 
availability for agricultural purposes we find some European countries 
(France, Denmark and the Netherlands) 

•  Other heavily stressed countries are likely to be some Eastern Europe 
countries (Bulgaria, Moldova and Ukraine) and central Asia countries 
(Kazakhstan and Tajikistan) 

•  The majority of the water-scarce countries are net VW importers à 
this does not mean that they are not at risk 

•  Depending on the scenario used, a group of 11-17 net importing 
countries may come under “imported water risk”, because they source 
a large fraction (more than 50%) of their VW inflows from exporters 
with a predicted WSI>0.6 (e.g., Burundi, Rwanda, Guinea-Bissau, 
Mozambique, Afghanistan, Romania and Turkey)  



Conclusion 
•  The predicted trend of VW imports and exports, consistent 

with future water availbility, is not sustainable for all 
countries 

• Critical water conditions in certain countries are not just a 
matter of domestic interest 

• Dietary and demographic change may put additional 
pressure on water resources 

•  Technical change and trade agreements may help 
reducing the water requirements of several products 

 



THANK YOU 
martina.sartori@unive.it 



Appendix 



Topology 1: stochastic model 
• Riccaboni and Schiavo (2010) develop a generalization of 

the Barabasi-Albert (1999) model capable to describe the 
dynamics and growth of weighted networks 

• modeling strategy flexible enough to reproduce different 
degree distributions 

•  here we only use the model to describe the binary 
structure of the network, disregarding link weights 

•  new links assigned according to a combination of random 
and preferential attachment 

 



Key assumptions 
Preferential Attachment 
•  each node i has Ki(t) links; 
•  at time t = 0 there are N0 nodes linked by n0 links 
•  at each step t, a new link among two nodes arises 
•  the new link is assigned to a new country with probability a, to an 

existing node i with probability 1 − a 
•  existing nodes capture links via a combination of random and 

preferential attachment:  
•  with probability b the new link is randomly assigned  
•  with probability (1-b) it is assigned according to the number of relationships 

already held by each node  
    

•  by opportunely tuning the parameters a, b, and N0, we can obtain 
networks with different topological structures 
•  eg:  a=0 & b=1 yield an Erdos-Rényi random graph 

 



Topology 2: fitness model 
• Garlaschelli and Loffredo (2004) develop a model where 

nodes are assumed to be characterized by a physical 
information of non-topological nature, the “fitness” variable 
•  the fitness variable determines the topological importance of a 

node by driving the number of its connections   

•  Fitness is defined as: 

•  Where xi is the fitness quantity determining the structure of the network 
and N the number of nodes 

• Model adopted by Dalin et al. (2012) in their study of the 
VW network  
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0.5 0.0472 0.093 0.1434 0.1972 0.2693 0.3391 0.3906 0.4271 

0.6 0.0545 0.0981 0.1479 0.2106 0.2751 0.332 0.3645 0.3883 

0.7 0.0759 0.107 0.1596 0.2108 0.2594 0.2933 0.3252 0.3547 

0.8 0.0966 0.1304 0.1626 0.1964 0.2301 0.2855 0.3355 0.4168 

0.9 0.1215 0.1593 0.1907 0.2397 0.2883 0.3439 0.4299 0.5589 

1 0.1551 0.1907 0.2458 0.3009 0.3547 0.4463 0.579 0.8037 

 
The random network that better replicates the actual VW trade patterns is obtained with a combination 
of a high entry rate a, mimicked by the initial number of nodes N0 (N0=25, about 10% of the final 
number of nodes), and a mixed preferential attachment hypothesis, where a randomly component 
coexists with the preferential attachment hypothesis (the probability that a new link is assigned 
randomly lies between 0.5 and 0.6). Figure 1 shows probability distribution functions of the logarithms 
of the simulated degrees fitted to the empirical degrees: the two distributions are very similar The 
topological characteristics of the simulated network are very similar to the actual network: the total 
number of connections is, on average, equal to 13,921; the percentage of zeros is on average 69.4%; the 
maximum number of degree is on average 195 (see Figure A1 in the Appendix).2  
 

  
Figure 1. Complementary cumulative probability distribution of empirical and simulated node degree; a textbox reports the 
results of the K-S test (statistic and P-value). Year 2001.  

 
 

4. The hidden variable hypothesis: a fitness-dependent model  
Fitness models belong to a general class of network models in which the nodes are assumed to be 
characterized by a physical information of non-topological nature, called hidden or “fitness” variable. 
The latter is a measure of the relative importance of the nodes of the network and determines the 
nodes connection probability or potential ability of developing (virtual water) trade relationships with 
other nodes. In this study, we apply both the definition of fitness variable and fitness model proposed 
and developed by Garlaschelli and Loffedro (2004). 
The “fitness” variable is defined as: 
 
!! =  !! !!!

!!!            (2) 

 

																																																								
2 By fine-tuning the value of the parameter b, we find that b=0.53 is the value that minimizes the K-S test.  
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The fitness model 

 
- p(xi,xj) is the connection probability of every pair of nodes  
- σ is the only parameter of the model, determined by the 
following condition: 

 
 where L ànumber of total links in the real network 
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where f is the definition of the fitness, x is the fitness quantity determining the structure of the network, 
and N the number of nodes. The fitness model is: 
 

!(!! , !!) =
!!!!!

!!!!!!!
           (3) 

 
where !(!! , !!) is the connection probability of every pair of nodes (!! , !!) of the simulated network, 
with i≠j, and σ is a positive parameter of the model. The form of the connection probability !(!! , !!) 
completely specifies the topological characteristics of the network. Once the fitness variable of the 
model is specified, the probability of having a particular realization of the VW trade network depends 
only on the degree sequence.  

The parameter σ is determined by the following constraint: 
 
! =  1/2 ! !! , !!!!!!           (4) 
 
where L is the observed values of the network’s total number of links. Condition (4) guarantees that the 
value of the expected total links in the simulated VW trade network equals the actual number of links. 
While the topology of the network is fully explained by its degree sequence, the degree of a country is 
determined by the fitness variable.3 
The fitness variable determines the topological importance of a node by driving the number of its 
connections. Recent contributions by Suweis et al. (2011) and Dalin et al. (2012) find that Gross 
Domestic Product -GDP- is among the country characteristics which best identifies the (undirected) 
VW network properties. Beyond GDP, this study examines the ability of other country’s intrinsic 
characteristics to specify the topological properties of the VW, which are: Population -Pop-, Water 
Endowment -WE-, Precipitation per capita -PrecPc- and Agricultural Land Endowment -LE-.4  

The similarity of the probability distributions of both the real and simulated node degree is confirmed 
or rejected by the K-S test (Table 2). The hypothesis that the empirical and the simulated networks 
originate from the same distribution is always accepted at the 5% significance level when the fitness 
variables are national income (GDP) and precipitation per capita (PrecPC), while it is never accepted in 
the case of land endowment. When the fitness model uses water endowment (WE) and population 
(Pop) as fitness variables, the null hypothesis that the simulated and actual degree distributions are 
equal is rejected for 3 and 10 years respectively (over a total of 16).  
 

Table 2: Results of the K-S test on different fitness variables. 
 Fitness Variables 

Year GDP Pop LE WE PrecPC 

1995 Accepted Rejected Rejected Rejected Accepted 
1996 Accepted Rejected Rejected Rejected Accepted 

1997 Accepted Rejected Rejected Accepted Accepted 

1998 Accepted Rejected Rejected Accepted Accepted 
1999 Accepted Rejected Rejected Rejected Accepted 

2000 Accepted Rejected Rejected Accepted Accepted 

																																																								
3 In order to obtain the simulated binary network of virtual water trade, the elements of the matrix !(!! , !!), which are the probabilities of 
connection between each node obtained by applying equation (4), have been sorted in descending order. The first L elements, have been 
replaced with value 1, meaning the presence of a link, while the remaining elements has been set equal to 0. In this way, the probability 
matrix !(!! , !!) is transformed into the simulated binary matrix, whose total number of links equals the total number of links of the 
observed network. 
4 Data on GDP and population levels are obtained from the World Bank database (http://data.worldbank.org); data on precipitation, 
water and agricultural land endowment are retrieved from Aquastat (http://www.fao.org/nr/water/aquastat/main/index.stm). 
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3 In order to obtain the simulated binary network of virtual water trade, the elements of the matrix !(!! , !!), which are the probabilities of 
connection between each node obtained by applying equation (4), have been sorted in descending order. The first L elements, have been 
replaced with value 1, meaning the presence of a link, while the remaining elements has been set equal to 0. In this way, the probability 
matrix !(!! , !!) is transformed into the simulated binary matrix, whose total number of links equals the total number of links of the 
observed network. 
4 Data on GDP and population levels are obtained from the World Bank database (http://data.worldbank.org); data on precipitation, 
water and agricultural land endowment are retrieved from Aquastat (http://www.fao.org/nr/water/aquastat/main/index.stm). 



Fitness variables tested 
•  Many fitness variables tested, only GDP and Precipitation per capita 

are a good “fitness” 
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The fitness variable determines the topological importance of a node by driving the number of its 
connections. Recent contributions by Suweis et al. (2011) and Dalin et al. (2012) use GDP to replicate 
the binary undirected VW network. Here, instead, we test the performance of other variables associated 
with a country’s endowments, namely population (Pop), water endowment (WE), precipitation per 
capita (PrecPC) and agricultural land (LE).4  
The similarity of the probability distributions of both the real and simulated node degree is confirmed 
or rejected by the K-S test (Table 2). The hypothesis that the empirical and the simulated networks 
originate from the same distribution is always accepted at the 5% significance level when the fitness 
variables are GDP and precipitation per capita, while it is never accepted in the case of land 
endowment. When the fitness model uses water endowment and population as fitness variables, the 
null hypothesis that the simulated and actual degree distributions are equal is rejected for 3 and 10 years 
respectively (over a total of 16).  
 
Table 2: Results of the K-S test on different fitness variables. The table reports for each year the result of a K-S test on the 

equality between the simulated and empirical degree distribution. 
 Fitness Variables 

Year GDP Pop LE WE PrecPC 
1995 Accepted Rejected Rejected Rejected Accepted 
1996 Accepted Rejected Rejected Rejected Accepted 
1997 Accepted Rejected Rejected Accepted Accepted 
1998 Accepted Rejected Rejected Accepted Accepted 
1999 Accepted Rejected Rejected Rejected Accepted 
2000 Accepted Rejected Rejected Accepted Accepted 
2001 Accepted Rejected Rejected Accepted Accepted 
2002 Accepted Rejected Rejected Accepted Accepted 
2003 Accepted Accepted Rejected Accepted Accepted 
2004 Accepted Accepted Rejected Accepted Accepted 
2005 Accepted Accepted Rejected Accepted Accepted 
2006 Accepted Accepted Rejected Accepted Accepted 
2007 Accepted Rejected Rejected Accepted Accepted 
2008 Accepted Rejected Rejected Accepted Accepted 
2009 Accepted Accepted Rejected Accepted Accepted 
2010 Accepted Accepted Rejected Accepted Accepted 

 
3.3 Empirical versus simulated data: a comparison of the network topologies under 

different model frameworks 
To assess the similarity between the empirical and simulated networks we refer to a set of popular 
network measures. We look both at network-wide indexes, such as density and assortativity, and node-
specific features such as node degree, centrality and clustering, for which we take the average value 
across all nodes.5 By looking at this diversified set of network indexes we provide a more complete 
                                                                                                                                                                                        
replaced with value 1, meaning the presence of a link, while the remaining elements has been set equal to 0. In this way, the probability 
matrix 𝑝(𝑥 , 𝑥 ) is transformed into the simulated binary matrix, whose total number of links equals the total number of links of the 
observed network.  
4 Data on GDP and population levels are obtained from the World Bank database (http://data.worldbank.org); data on precipitations, 
water and agricultural land endowment are retrieved from AQUASTAT (http://www.fao.org/nr/water/aquastat/main/index.stm). 
5 Node degree 𝑘 = ∑ 𝑎  measures the number of contacts maintained by each node i, where 𝑎  is the element of the binary undirected 
adjacency matrix 𝐴 . Density is the number of active links over their total possible number of links (which would occur if all nodes were 
connected with every other node). Assortativity is the tendency of highly connected nodes to be linked to other high-degree nodes. The 
assortativity index r for network G, computed following Newman (2003), is 𝑟 =  ∑ (𝑘 − 𝑘)(𝑘 − 𝑘)∈ ∑ (𝑘 − 𝑘)∈ , where 𝑘  is the 
degree of node i and 𝑘 is the average degree in the network. Centrality is meant to capture the position of each node within the network 
and its relative importance. Many centrality measures exist, here we compute the Freeman’s network centrality: 
 ∑ [𝐷(𝑛 ∗) − 𝐷(𝑖)] [(𝑁 − 1)(𝑁 − 2)]⁄ , where D(n*) is the maximum degree of the degree distribution while D(i) is the degree of each 
single node, and N is the number of nodes. The clustering coefficient 𝑐  represents the tendency of nodes to form tightly connected groups. 
Formally, 𝑐 = 2𝑒 𝑘 (𝑘 − 1)⁄ , where 𝑒  is the number of links between the neighbors of node i and 𝑘 (𝑘 )/2 is the maximum possible 
number of links existing between the 𝑘  neighbors of i (Boguna and Pastor-Satorras 2003). The clustering coefficient for the whole 
network is then given by the average of each node i’s coefficient. 



Simulated network: topology indexes 
•  excellent job in replicating average and maximum degree, as well as 

centralization  
•  the stochastic model predicts lower levels of both assortativity and 

clustering, whereas the fitness model yields values that are higher than 
what is observed in the data  

•  these results hold over the time period we are considering (1995-2010)  
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evaluation of the ability of network models to replicate the data: in fact, we not only look at 
connectivity, but also explore higher-order topological features such as assortativity and clustering, 
which may play an important role in terms of network stability or resilience to shocks (Sartori and 
Schiavo 2015). 
Table 3 collects and compares these indexes, computed for the empirical and the simulated networks 
obtained using both the stochastic and the fitness model.  
 

Table 3. Empirical versus simulated networks: topology descriptive indexes and statistics. Year 2010. 
VW Network Nodes Max degree N° of links Density Assortat. Centraliz. Clustering 

Empirical 190 181 13,719 38.2% -0.27 0.58 0.71 
Simulated: stochastic 

model 190 178 13,712 38.2% -0.10 0.57 0.31 

Simulated: fitness 
model (GDP) 190 181 13,719 38.2% -0.56 0.58 0.82 

Simulated: fitness 
model (PrecPC) 190 177 13,719 38.2% -0.58 0.56 0.82 

 
The simulations for both the stochastic and the fitness model are designed in such a way that the 
number of nodes, links and density are mechanically replicated and therefore should not be used to 
evaluate the performance of the different models. A quick look at Table 3 suggests that the simulations 
do an excellent job in replicating average and maximum degree, as well as centralization. On the other 
hand, the actual values of assortativity are not very well replicated, whereas clustering lies somewhat in 
between. The stochastic model predicts lower levels of both assortativity and clustering, whereas the 
fitness model yields values that are higher than what is observed in the data. Hence, an additional 
benefit of using both approaches is to derive some sort of upper and lower bounds to the actual 
behaviour of the network that make results more robust. Last, we notice that the fitness model based 
on per capita precipitations appears to provide us with a better fit relative to that using GDP. These 
results hold over the time period we consider (1995-2010), irrespectively of the specific year considered 
in the simulations. The complementary cumulative probability distributions of the observed and 
simulated data at the year 2010 are shown in Figure 1. 
 

 
Figure 1. Complementary cumulative probability distributions of empirical and simulated node degree, by applying both 
simulation models. A textbox reports the results of the K-S test (statistic and P-value). Year 2010.  
 
 
 



2. Fitness vs. Gravity 
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Compare gravity vs. fitness model à la 
Dalin et al. (2012) 
 

fitness model performs better in terms of 
in-strength 
gravity model performs better in terms of 
out-strength and bilateral trade flows  

These results hold over the time period we are 
considering (1995-2010)  
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