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ABSTRACT

M obiles are acommunication facility connecting people from around theworld. Asthe
use of mobiles has increased and the technology advanced, analyzing mobile phone
communication networks is very interesting. The data collected from the mobile
companies and the technol ogical development madein the areahel p understand human
interactions pattern and the society. In the present paper, we used datarecords of calls
and SM S from amobile phone company in Albaniato construct and analyze these two
communication networks: i) the directed network (DN), by linking callersor SM S senders
and call or SMSreceivers with directed edges and, ii) the undirected mutual network
(MN) considering only the pairs of users with reciprocal communication events. In
both cases, we assigned aweight on each edge, based on the number of communications
occurred for the corresponding pair of users during the observed time period. Based
on a carefully chosen set of topological and weighted measures, we present adetailed
analysis of the networks under consideration, by exploring the component size, degree,
strength, and weight distributions, topological and weighted degree assortativity and
clustering coefficient. The correlations between these quantities were inspected,
providing a better insight into the local structure and interactions, and the overall
topology of the networks. Thisisthefirst study that attempts to analyze and discover
the topological and weighted properties of mobile phone communication networks
with Albanian users.

Keywords: mobile phone communication, network analysis, weighted networks

1. INTRODUCTION

Onlinesocia networks (Facebook, Twitter), E-mail, and mobile phones have
transformed the way people communicate and interact with each other, providing
connectionswith everyoneall thetime. Thedigital traces of social interactions,
their frequencies and volume of communi cations generated by millions of people
viaall these communication channels offer acomprehensive picture of human
habits. The management of such huge databases, network theory and statistical
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toolshaveradically changed the scientific approach towardsthe understanding
of our lives, the dynamic and performance of individuals, groups, organizations
and societies (Watts, 2007; Lazer et al., 2009; Giles, 2012).

An anonymized dataset of calls and text messages records generated by the
users of a cellular operator in Albania is here used to explore the Albanian
mobile phone communication networks. We performed a detailed analysis of
the networks under consideration, based on a broad set of measurements that
researchers have proposed to express and characterize the topological and
dynamical features of the real-world networks (Newman, 2003; Barrat et al.,
2004; Onnela et al., 2005; Boccaletti et al., 2006; Saraméaki et al., 2007).

2. MATERIALS AND METHODS

Data set The dataconsists of al call and text message (SM S) records among
the subscribers of a cellular company which operates in Albania, during two
nonconsecutive monthsor 61 days. Thisisatriplerecord ((i, j), t), i.e., the user
i (anonymized) calling or sending a SMS to the user j (anonymized) at date/
timet. Thereare 4,323,433 records, where 3,910,079 arevoice callsand 413,354
are SMS.

Construction of networks We constructed the original directed network
denoted as the DN. The nodes represent the active mobile phone users, and
thereisadirected edge fromanodei toanodej if the user i hascalled or sent
aSMStothe user j at least once during the observed period. We excluded the
loops from the network. There are 102,872 nodes and 243,197 edgesin DN.

An undirected mutual network (MN) is obtained from the DN network as
follows: each pair of edges (i, j) and (j, i) is substituted with an edgeij in the
network MN, and all other edges are eliminated. The nodes with degree zero
areremoved. By thisrestriction, we only retain reciprocated ties and disregard
the pairs of hodes connected by unidirectional edges, which mostly correspond
to single communication events, suggesting that these pairs of users might not
know personally each-other or the callers or SM S senders are more likely to
be telemarketers or costumer servicelines etc. Therefore, the mutual network
MN should reflect amore realistic network of social interactions between the
involved individuals. Thisfiltering leads to the removal of about 44% of the
total edgesand 48% of thetotal nodesin the DN, remaining 53,453 nodesand
68,055 edgesinthe MN.

We assign aweight on each edge of both networks DN and MN to quantify
the strength of a connection. In the DN, the weight W, of adirected edge (i, j)
is the total number of calls and text messages initiated from the user i to the
destination, the user j over the observed time period, whereas in the MN the
weight W, of the edgeij isthetotal number of communication events (calls or
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SMS) occurred between the usersi and j.

Fitting distributions All the plots are in log-log scales unless otherwise
specified. The scaling exponent of the power law distribution that best fit the
component sizesisfound using the Maximum Likelihood Estimation (MLE) as
given in (Clauset et al., 2009). The best fitting parameters of the DPLN
distribution are found with the ML E method, using thefitdistrplus packagein R
referring to the definitions and the estimation method proposed by Reed and
Jorgensen (2004) and further information is provided in Noka (2014).

The exponent of the power law If there is a power law dependence of

some datay on x of the form: ¥ = cx®, the plot of the function y against x in

doubly-logarithmic scalesis astraight linewith slope . Inthe cases we treat
here, we do asfollows: We bucketi ze thex axesin logarithmic binning (Newman,
2006). For each bin we calculate the mean of y values, and plot them versus
the midpointsof thebinsinlog-log scales. Using alinear fit, wefind the exponent
of the power law, if there is such dependence. All of the exponents are fitted
with R > 0.95.

3. RESULTS

Connected components

Both constructed networks are fragmented in a large number of connected
components where the largest one contains the most of nodes as a giant
component. In the directed network DN, 91,586 or 89% of the total nodes
belong to its giant component, denoted as the gcDN. The giant component
gcMN of the mutual network MN has 39,639 nodes or 74.2% of the total
nodes. The mutual network MN is more fragmented than the DN, due to the
removal of unidirectional edges. Table 1 summarizes the af ormentioned
information giving also the number of connected components and the number
of nodesin the second largest component N . for both networks.

Table 1. Sizes of the networks and their giant components

The giant
Connected component Nec
Network | Nodes | Edges components Nodes | Edges

DN 102872 | 243197 4307 91586 | 233970 | 21
MN 53453 | 68055 5002 39639 | 58718 | 26

Thecomponent sizedistribution P(S) isthe probability that arandomly chosen
component in anetwork has Snodes. Figure 1A depictsthe empirical component
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size distributions plot for the networks DN and MN excluding their giant
components. Both distributions exhibit power law distributions of the form

P(S)~5~=, with exponents =352, , =3.298.

D

N0

10° 10’ 1 3 5 3
Component size S Distance 1 Distance |

Fig. 1. Component size distributions (A). Number of nodes N(I) for several samples and
their average versusthe distance |l in the gcDN (B) and gcMN (C).

Snowball sampling isamethod for obtaining samplesof thelarge networks(Lee
et. al., 2009). It starts from arandomly chosen nodev, and includes dl the nodes
within a distance | (Iength of the shortest path) from the source node v. For a
randomly selected set of source nodes, we obtain some sampl es using this method
ineach of thegiant componentsgcDN and gcMN. By denoting asN(1) the number
of nodesin asample, we plot each of them (solid lines) and their average (dashed
red line) asafunction of thedistancel=1,2,3,[inlog-linear scales. Theillustrated
results are shown in the panels B and C of Figure 1 for the gcDN and gcMN,
respectively. The dashed red lines show an exponential growth up to the distance
I=6, followed by ad ower increaserateto thetotal number of nodesof therespective
networks (dashed black lines), indicating the presence of the small-world effect
(Watts and Strogatz, 1998) in both giant components gcDN and gcMN.

Fig. 2. A sample of the network gcMN, for | = 6.
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A sample of the giant component gcMN, for I=6 isin figure 2 depicted. The
color of nodes (yellow-green-blue-magenta-orange-lavender) corresponds to
their distance from the source node colored inred. Thelavender nodesdominate
over al other nodes, whereas the neighbors of the red node are only 3 (yellow
nodes). The width and the color (from yellow-green-cyan-blue to red) of the
edges are drawn based on their weights.

Basic properties of the nodes and edges. The basic characteristic of the
nodesin anetwork isthe degree distribution denoted as P(k), which givesthe
probability that arandomly chosen node has degree k. PanelsA and B in figure
3 show the degree distributions of the networks DN, MN and those of their
giant components gcDN, gcMN, respectively. The degree distributions of
directed networks DN, gcDN have afatter tail than those of themutual networks
MN and gcMN. The maximum degree of the gcDN isk _ = 1010, and the
gcMN hask = 77, which is a more [reasonableChumber of contacts for a
single individual. The average degree of the gcDN and gcMN are k = 5.1
and k =2.96 respectively, meaning that auser averagely communicateswith
about 5 persons, while he communicates reciprocally with about 3 of them.

All these distributions can be well fitted by the Double Pareto Lognormal

Distribution DPLN (e, £, v, T) with probability density function:

_ aB - ’ a?r? Inx— v — ar?
f(x:,—ar+ﬁ [x 1exp(m+ 5 )cp( = )+

z2 j O
g (_,5.1, 58 - ) (pc(u)]ﬁ

T

x>0, 5v, T =0

d» isthe cdf of a standard normal distribution and ©° =1 — 4 itsccdf.

The estimated best fitting parameters are as follows:

DNa =828, = 0.1,v = 2.1,7 = 0.76 andfor its giant component gcDN
=83 8=01v=221T=075

MNa = 94,5 = 0.1,v = 1.4, 7 = 0.65, and for the giant component gcMN
=917, =0.2,v =15, = D.65,

Each network and its corresponding giant component present approximately
identical degree distributions. From now on, we will focus on the analysis of
the giant components gcDN and gcMN.
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Fig. 3: Degree, strength, weight distributions fitted with DPLN distribution.

The panel C of figure 3 shows the in-degree and out-degree distributions of
the gcDN fitted by DPLN distributions with the corresponding parameters:

e =8eh BT =Sy =13 v =075 ,

a4 = 7.9, 84 = 0.2,v°* = 1.6, T°** = 0.79. It isobserved that the nodes
with very high degrees in the gcDN are mostly the contribution of their out-
degree indicating that these hubs might be telemarketers or customer service
numbers.

The communication intensity of any pair of users reflects the strength of
their relationship, and numerically is characterized by the weight of the
corresponding edge in the networks under consideration. Not only the node
degrees, but also the tie weights show aheavy-tailed distribution in both networks
gcDN and gcMN, as seen in Figure 3D. Thisindicates a strong heterogeneity
inthe way people chooseto distribute their communicationsacrosstheir social
contacts. Most of edges have small weights (weak ties) and only a few of
them have high weights (strong ties) (Granovetter, 1983; Onnelaet. al ., 2007a).
Two connected users have reciprocally exchanged averagely 44 callsor SMS
and maximally 5572 calls or SMS. The DPLN distribution fits well aso the
weight distributions in both networks gcDN and gcMN with the best fitting

parameters as follows: for the gcDN & = 4.1, = 0.001,v = 2.7, 7 = 1.42
and for thegcMN @ = 4.1, = 0.3,v = 3.28,7 = 147,
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The strength of anodei, 5i = Xsenti) Wiz is an extended definition of the
node degree. In the networks under consideration, the strength of anodeisthe
total number of calls or text messages made or received by a certain user
during the observed time period. This quantity measures the volume of
communicationsthat auser performs and hisimportance (Barrat et. al., 2004).
Strength distributionsfor the networks gcDN and gcMN are plotted in Figure
3E. For the directed network gcDN, we di stinguish the incoming and outgoing
strength of nodes by summing up the weights of incoming and outgoing edges
respectively, and their distributions are plotted in Figure 3F. Obvioudly, thereis
alargevariahility of the volume of communicationsthat peopl e performthrough
their mobile phones in each direction too. Although the node strength is
averagely 81.3 (1.3 events per day) in the gcDN and 130.6 (2.1 events per
day) in the gcMN, the maximum value is 12402 (203.3 events per day) and
6651 (109 events per day) respectively. All the strength distributions can be
fitted very well with DPLN distribution with the following parameters: for the

gcMN o= 756, =03,v=531=105, for the gcDN,
a= 7.2,p = 0.05v=5.51 = 0.9905, for theincoming strengthin thegcDN,
a= 732, =001,v=497,t =09 and for the outgoing strength
a=71=035v=41t=145

Similar pictures of the degree, strength and weight distributions observed in
both networks gcDN and gcMN suggest the existence of mutual dependences
between these quantities, leading usto amore detailed analysis bel ow.

Degree, strength and edge weight correlations Degree correlation is an
important parameter to better understand the topology of the networks. We
want to investigate if there is arelation between the number of incoming and
outgoing neighborsfor asingle nodein the directed network gcDN. The scatter
plotsof in-degreesk-" and out-degrees k- per node arein Figure 4A depicted.
The blue dots are the medians by logarithmic binning (see Materials and

Methods). It is observed the power law dependence k°*f~(k™)= with

=1.045. This meansthat the more popul ar individual s (those receiving many
calls or text messages) tend to contact more people.
A measure of degree-degree correlation is the average nearest neighbors

degree of anodei:
k = : E k
T ki Lajent

where N(i) isthe neighborhood of nodei. By calculating the average of the
k nn values over the nodes with degree k, one can get the average degree of
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Fig. 4. In-Out degree correlation in the gcDN (A). Degree and weighted degree correl ation
for the gcMN (B) and the gcMN (C).

the nearest neighbors denoted as (k. | k). This quantity can be al so expressed

as (kpn| kY = X k'P(K' |k), where P(KIK) isthe conditional probability that
a node with degree k(s connected to a node with degree k. In absence of
degree correlations, P(k[JK) does not depend on k, and neither does , hence
(Pastor-Satorras et al. 2001). On the contrary, if increases as afunction of k,
hi gh-degree nodes have alager probability to be connected to other high-degree
nodes. In this case, the network is said to show degree assortative mixing
(Newman, 2002). Barrat et al. (2004) has introduced the weighted average
nearest neighbor s degree of anodei intheweighted networks: . By averaging
the values over the nodes with degree k, the behavior of the function marks
thewel ghted assortative or disassortative properties, considering theinteractions
among system(s elements. In Figure 4B and C, we plot and as functions of
degree k for the networks gcMN and gcDN respectively. For the gcDN, we
do not consider the direction of edges. In the mutual network gcMN, both
functions and have an increasing trend with kuptothek 27 and k 34,
respectively. The nodes with degree larger than k = 27 constitute only 0.08%
of the total nodes. Therefore, the mutual network gcMN shows the degree
(weighted) assortative properties, indicating that the userspreferentially establish
their relationshipswith individual ssimilar to themselves. This human tendency,
known also as affinity or homophily emerges also with respect to a variety of
attributes such as health or habits (Christakis and Fowler, 2007), tastes and
interests (Lewiset al., 2008), age or race (Mollicaet al., 2003). In the directed
network gcDN, the function shows anincreasing trend along awider range of
the k values than the , but the nodes with degree within this range constitute
only 18.3% of the total nodes of the network. Thus, gcDN exhibits mostly
disassortative mixing pattern.

We can aso study the correlations between nodes strength. The average
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nearest neighbors strength of anodei isdefined as. By averaging valuesover
the nodeswith strength s, the average strength of nearest neighbors is obtained.
We plot as afunction of the strength sin Figure 5A for the networks gcDN
and gcMN. Both curves present qualitatively similar pictures. The function
shows an independencefor small svalues, followed by adlightly increasewith
the growth of s and a more obvious growth from s 800 onwards. The nodes
with strength greater than 800 establish only 2.5% of the total nodes in the
gcMN, and 1.1% in the gcDN. Furthermore, the strength of such nodes is
dominated by the weight of a single edge ij, thus, s, W, S These results
suggest that in both networks, the strengths of two adjacent nodes are mostly
uncorrelated.

The similarity of the strength distribution P(s) with the degree distribution
P(K) in both networks, as seen above, leads usto analyze the rel ations between
the node strength and the node degree in the networks gcDN and gcMN. If
the wei ghts of the edgesincident to anode would not correlate with itsdegree,
then with =1, because , where is the average weight of the network. By
plotting the average node strength asafunction of degree shownin Figure 5B,
we find that the node strength follow a power law growth upto k 45 in the
gcMN, with, and for larger k values the strength saturates. In the gcDN, the
power law dependence exists with , upto k 25, and for larger k values we
observe a clear deviation from the linear approximation. These observations
indicate the existence of strength-degree correlations and suggest that the
individua swith many contacts averagely dedicatelesscallsor SM S per contact
than those with few connections. The node strength conditional onin/out degree
for the gcDN presents similar results (Figure 5C; the green dots are shifted
vertically by afactor of 10for better visibility). For small k values, both curves
exhibit power laws, where ™ = 1.15 and ©°t = 0.94, and deviations are
observed for greater values of k.

In addition to the strength-degree correlations, we plot the average strength
product conditional on degree product , shown in Figure 5D for both networks
gcDN, gcMN. In the case of absence of correlations, we would expect . Then
with b = 1. Onthe contrary, it isfound that and .

Similarly, we analyze the average weight conditional on degree and strength
product, and respectively. The corresponding results are presented in Figure
5E and F. In the mutual network gcMN, the exponent of the power law of the
form, is, which means that the strength of atie (edge weight) between two
individuals does not depend on the absolute number of friends that each of
them has. Despitethe dight increase of observed for small values, practically
the network gcDN also shows an independence of the edge weight versusthe
degree product. In contrast, therapidly increasing curvesin Figure 5F indicate
the presence of correl ations between the edge wei ght and the strength product
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Fig. 5: Average nearest neighbor strength (A). Average strength conditional on degree (B).
Average out/in strength conditional on degreeinthegcDN (C). Strength product conditional on
degree product (D). Edge weight conditional on degree product (E) and on strength product (F).

of its end nodes in both networks gcDN, gcMN with roughly power law
dependences of the form . The scaling exponents are .

Clustering coefficient. A local property of the network structure is the
tendency of the neighborsof anodei to beinterconnected, whichischaracterized
by the (topological) clustering coefficient , where isthe number of triangles
around thenodei. (Wattsand Strogatz, 1998). The average clustering coefficient
as afunction of degreeis presented in Figure 6A for the networks gcMN and
gcDN. For the gcDN we do not consider the edge directions. Both curves
show power law decay of the form for the degree values up to 40, which
cover almost all the nodes. The power law dependence of the clustering
coefficient around anode on its degreeis observed in many empirical networks
with different scaling exponents (Newman, 2003).

In Figure 6B, we present the average weighted clustering coefficient as a
function of the strength (Saraméki, 2007) for both networksgcDN, gcMN. We
observe anincrease of thetrianglesCintensity around the nodeswith theincrease
of their strength. But, it seemsthat the behavior of the high-strength nodes, as
seen above for the, is different from that of the others.
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4. CONCLUSIONS

We have constructed two networks from mobile phone callsand SM Srecords
of an operator in Albania. The weights of edges used to measure the strength
of tiesasthetotal number of communications during the observed time period
have offered agood opportunity in expl oring the mobil e phone userslinteractions
and their relations with the topol ogical properties of the networks.

Both networks present alarge heterogeneity in the node degree and strength,
andintheweight of tieswhichisimplied by their distributions. The hubs (nodes
with very high degree) in the directed network are more than those in the
mutual network. This suggeststhat the reciprocal communication criterion for
the construction of the mutual network eliminates such abnormal nodes, most
likely associated with costumer service numbers or telemarketers, providing a
better representation of thereal social interactions.

We have found that people have the tendency to form groups with others
that are similar to themsel ves by the number of contacts, while most of them
disregard the volume of communications performed by their connections. By
investigating the rel ati onshi p between the communi cations that people perform
and the number of their social contacts, we have found that people with large
social circles need to perform more communications. However, the very large
number of connections does not mean a proportional increase of the volume of
communications. Theindividuals with many contacts dedicate averagely less
communicationsto each of them than those with few connections. In addition,
there exists a strong diversity in the way people schedule and manage the
atentiontotheir socia relationships. Thestrength of atie betweentwoindividuals
does not depend on the absol ute number of their social contacts, but it ispositively
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correl ated with the number of communications they perform.

Albani an mobile phone communi cati on networks share many common features
with other similar networks studied before. Specifically, our results for the
mutual network arein line with those reported by Onnela et. al, (2007b), who
analyzed a large mutual network based on the data from an operator of an
undisclosed European country with all mobile phone calls between 7 million
people during a period of 18 weeks.

Li, et. al.( 2014) studied both directed and mutual networks, similar with
those we analyzed in this paper, using a dataset with detailed call records of
morethan ninemillion different mobil e phone numbersfrom one mobile operator
in Shanghai. The observationsfor directed networks are qualitatively similar.
They compared their results of the mutual network with the af oresaid network
of the European dataset and observed that both networks share many common
topological features, but also several discrepancies. The mutual network of
Shanghai dataset has a different broadness of degree distribution and it is not
observed a dependence of the topological clustering coefficient on the node
degree as observed in the European and Albanian network.

Our presented study isthefirst attempt in exploring and analyzing the topol ogy
and interactionsfeatures of mobile phone communication networks with
Albanian users.
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BIFURCATIONANALYSISASAUSEFUL TOOL TO FISHERY
MANAGEMENT

ValentinaSHEHU
Department of Mathematics, Faculty of Natural Sciences,
University of Tirana, Albania
AlmaSPAHO
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Univergty of Tirana Albania

ABSTRACT

Bifurcation analysis is a key tool for the analysis of dynamic systemsin general and
nonlinear systemsin particular. If aparameter of adynamic system changes, qualitative
behavior of the system will change. New fixed points might emerge or current fixed
points might disappear, or their stability properties may change. These sorts of
qualitative changes in a dynamic system are called bifurcations, and the values of the
parameters at which these changestake place are called bifurcation points. Bifurcation
analysis also enables usto qualitatively estimate the behavior of trajectories without
utilizing the analytical solution of the underlying differential equations. Most common
types of bifurcations encountered in dynamical systems are saddle-node, transcritical
and pitchfork bifurcation. In the present paper some of the types of bifurcations in
one-dimensional dynamical systemsand application of thesebifurcationsin population
dynamics are discussed. Thefish available for human consumption comes either from
the ocean or the sea. On one hand, the natural supply cannot satisfy the human needs.
Onthe other hand, cost of fish harvesting isincreasing, making aquaculture an important
source for fish supply. As Albaniais rich in water resources, the market demand for
fish could be easily met. Aquaculture production is playing an increasing role in
satisfying the demand for human consumption of fish and fishery products. Once
aquaculture production is increased, the endangered species would be safe, because
interventions in the rearing process to enhance production are involved. The logistic
growth model is used for population growth of fish, and the two following harvesting
strategies are considered: i) constant and, ii) proportional harvesting. In each process,
the optimal amount of fish harvested to protect the population from extinction was
estimated. The results reported that harvesting in amount or rate higher than the
bifurcation point leads to the extinction of population. The results are a means to
address the growth of fish population and reduce of repopulation(s costs.
Keywords: fixed point, stability, saddle- node, harvesting, logistic growth model
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1. INTRODUCTION

Bifurcation analysis of dynamical systems helps understand the dynamic
behavior of the systems and find out possible dependence of the systemis
behavior upon parameter values by reporting on the occurrence and changes
in stability of fixed points, and hel ping to model these changes and transitions
from stable to unstable case or vice versa as some parameters change. In
addition, bifurcation analysis enables usto qualitatively estimate the behavior
of trajectories without utilizing the solution of the underlying differential or
difference equations. Thisisachieved by numerically approximating equilibrium
solutionsand their stability, evenfor problemsthat do not have analytic solutions.

Bifurcation is the change in number of fixed points or periodic orbits, or in
their stability properties, asaparameter varies. A bifurcation point isthevalue
of parameter at which the change occurs. Bifurcations are classified according
to how stability is lost. All types of bifurcations here reported are local
bifurcations, because only the behavior of a dynamical system in the
neighborhood of asinglefixed point isaffected.

Population dynamicsisof great interest for the commercia harvesting industry
and biology, ecology and economics etc. Mathematical model s have been used
widely to estimate the population dynamics of animals and humans. In recent
years, the use of mathematical models has been extended to agriculture sector
especially in cattlefarming to ensure continuous and optimum supply. Thelogistic
growth model in term of harvesting has been used to study the fishery farming
(Laham et al., 2012). The most important for successful management of
harvested populationsisthat harvesting strategies are sustainable, not |eading
toinstabilities or extinctions and produces great resultsfor the year with little
variation between the years (Aanes et al., 2002). Therefore, it can satisfy the
market demand throughout the year.

The fish available for human consumption comes either from the ocean or
the sea. Unfortunately, the natural supply cannot satisfy the human needs. On
the other hand, cost of fish harvesting is increasing, making aquaculture an
important sourcefor fish supply. Aquaculture productionisplaying anincreasing
rolein satisfying demand for human consumption of fish and fishery products.
Once aguaculture production is increased, the endangered species would be
safe, asinterventionsin therearing processto enhance production areinvolved.

AsAlbaniaisrich in water resources, the market demand for fish could be
easily met. Inrecent years, fish farming has devel oped in Albaniaand aquaculture
production constituted 20.6% of total fish caught in 2013, around 14%in 2010
and around 1% in 2001 (http://www.instat.gov.al/medial/154623/th19.x1sx).

Theuse of mathematical modelsin fishery harvesting hel psthe aquaculturists
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to estimatethe fish population for agiven period. In addition, themodel sprovide
effective solutions with regard to the consumer (s demand.

In the present paper, the saddle-node, transcritical and pitchfork bifurcations
that occur in dynamical systemsisdiscussed and thebifurcation analysisto harvest
model sisapplied using thelogistic growth model and thetwo following harvesting
strategies: i) constant harvesting and, ii) proportional harvesting; to estimatethe
optimum quantity of fish for harvesting that can ensure the continuous supply for
each strategy and, to compare the results obtained between strategies.

2. ONE DIMENSIONAL BIFURCATION

Consider adynamical system that depends on one parameter, h:

x  f(xh) x(0) % @

When achangein aparameter resultsin aqualitative changeinthe dynamics
of anonlinear system, the system is said to have gone through a bifurcation.
Bifurcationsare classified by theway in which thefixed points of the function
f changetheir number, location, form, and stability.

This paper discusses three common types of bifurcations. saddle-node,
transcritical and pitchfork bifurcations (Strogatz, 1994; L orenz, 1993; Shone,
2002; Teschl, 2004).

In asaddle-node bifurcation, asthe bifurcation parameter passes through the
bifurcation point, two fixed points disappear, so there are no fixed points
afterwards. Before they disappear, one of the two fixed pointsis stable and the
other isunstable.

If the differential equation (1) satisfiesthe equations:

FOo.hp) O
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_X(Xo’ho) 0

2

Z(Xo’ho) 0

X

ond —(uhy) O

then this equation has a saddle node bifurcation at h=h,..
Thekey example of asaddle node bifurcation is provided by the differential
equation:
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X h x° )
Clearly,wehave f (0,0) Oand —f(O, 0) 0. Fixedpointsof thisequation
X

aregiven by h=x2, corresponding to aparabolain the xh plane. For h< 0, the

equation has no fixed pointsand X isaways negative. For h > 0, there exist
two fixed points, one stable and one unstable.

In dynamical systems, a bifurcation diagram shows the possible long-term
values (fixed points or periodic orbits) of asystem asafunction of abifurcation
parameter in the system. The stable fixed points are represented by a green
line and unstable ones by ared line. The bifurcation diagram for the saddle-
node bifurcation indicates agai n that the two fixed points collide and annihilate
at h =0 and there are no fixed point for h < 0 (Figure 1).
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Fig.1:Bifurcation diagram for the saddle-node bifurcation.

In atranscritical bifurcation, there are two fixed points, one stable and one
unstable. When the bifurcation point is passed, thereisan exchange of stability;
the unstable fixed point becomes stabl e and the stable one becomes unstable.

If the differential equation (1) satisfiesthe equations:

FOo.hp) O

f
—X(Xo’ho) 0
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—0h) 0

2

L) 0,

X

and

2¢
< h(xo’ho) 0,

then this equation has atranscritical bifurcationat h=h,.
Thesimplest exampleof atranscritica bifurcationisprovided by thefollowing
differentia equation:

x hx x? (3)

Clearly, we have f(0,0) O and —f(O, 0) 0. The fixed points of this
X

equation are x = 0 and x = h, corresponding to two linesin the xh plane. For h
<0, the equation hastwo fixed points, x = 0isstableand x = hisunstable. The
two fixed points collapseat h=0and for h > 0, x=0isunstableand x=his
stable. An exchange of stability has occurred at h = 0.

Thebifurcation diagramfor thetranscritical bifurcationisdepictedinfigure2.
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Fig. 2: Bifurcation diagram for the transcritical bifurcation.

In a pitchfork bifurcation, there are two stable fixed points separated by an
unstable one. Once bifurcation point is passed, only one stable fixed point
remains. Thistype of bifurcation is called supercritical pitchfork bifurcation.
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Thereisalsoasubcritical pitchfork bifurcation, inwhich there are two unstable
fixed points separated by a stable one, until the bifurcation point is passed.
Thenthereisonly one unstablefixed point.

If the differential equation (1) satisfiesthe conditions:

FOo.hp) O

f
—X(Xo’ho) 0

SN

2

f
2 (%, hpy) O

2f
X h

(%:hy) O

3

f
3 (%,h) O,

then this equation has a pitchfork bifurcationat h=h,.
Asan example of apitchfork bifurcation consider thefollowing differential
equation:

and

x hx x3 (4)

Clearly, we have f(0,0) 0 and —f(O, 0) 0. The fixed points of this
X

equation are given by x=0and h = x?, corresponding to aline and a parabola
in the xh plane. For negative values of h, the equation has one stable fixed
point at x = 0. For h> 0, x = 0 isa unstable fixed point and the two new fixed
points have been created at h = 0, one in each branch of the parabola h = x2.

Thebifurcation diagram for the supercritic pitchfork bifurcation is depicted
infigure3.
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Fig. 3: Bifurcation diagram for the supercritic pitchfork bifurcation.

Next section discussesthe application of thesetypes of bifurcation to fishery
management.

3. APPLICATION OF BIFURCATIONS:
FISHERY MATHEMATICAL MODELS

Toillustratethe bifurcation analysisin areal world situation we are going to
analyze some simpl e fishery management models. Consider thelogistic growth
eguation to model afish population inthe absence of fishing:

dpP P

— P 1 —
dt M ©)

where Pisthesize of the population, r isthe growth rate dueto reproduction
and M isthe carrying capacity of the environment. Now considering modeling
the population and harvesting some of the population using some common
harvesting strategies: constant harvesting and proportional harvesting. Constant
harvesting is where a fixed numbers of fish were removed each year, while
periodic harvesting is usually thought of a sequence of periodic closure and
openings of different fishing grounds (Idels and Wang, 2008; Laham et al.,
2012). In proportional harvesting, the quantity harvested is proportional to the
population. Harvesting has been considered a factor of stabilization,
destabili zation, and improvement of mean population levels, induced fluctuations,
and control of non-native predators (Michel, 2007).
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Constant harvesting

One of the simplest methods is to establish a set limit for harvesting. We
assume that the dynamics of the population satisfies thelogistic growth model
(5) and that a constant harvesting, h, is added for removing a constant number
of thefish over agiven timeinterval.

The mathematical model becomes:

dP P
— rP1 — h =

The solution of thisordinary differential equation obtainedusing MAPLE is
difficult to analyse, so we turn to ageometric analysis of the model.
Thefixed points, P*, are simply the solution of the equation rP'(1- P'/M) =h.
, 4hM
r

* 1
The model (6) hastwo roots: B, 2 M M . The number of

fixed points depends on the sign of the term M2 - 4hM/r. There are: two fixed
pointsif M2 - 4hM/r > 0 or equivaently 0 < h < rM/4; one fixed point if M2 -
4hM/r = 0 or equivaently h = rM/4; and no fixed point if M2 - 4hM/r < 0 or
equivaently h>rM/4.

To show the above results, conditioned by the unavailability of any real and
reliable data, consider alake or pond with arare fish and suppose that the rate
of population growthisr =0.7, carrying capacity isM =1000. Thefixed points
for model (5), whereh=0,are P =0and P = M = 1000.

Thebifurcation diagramfor the constant harvesting | ogi stic model isdepicted
infigure4.
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Fig. 4: Bifurcation diagram for the constant harvesting.
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As the harvesting increases, the two fixed point move closer to each other
withthelower fixed point remai ning unstable and the upper fixed point remaining
stable. As h moves toward the maximum growth rate of the logistic growth
eguation, the two fixed points coalesce at P* = M/2 = 500. When h > rM/4 =
175, there are no fixed point, and the model showsthat the population always
goesextinct. Thismodel showsaclassic example of asaddle node bifurcation.
Thebifurcation valuesisat h= rM/4 = 175.

The purpose of simple mathematical models applied to complex problemsis
to offer someinsight. Here, the results reported that overfishing (in the model
h>rM/4) during one year can potentially result in asudden collapse of thefish
catch in subsequent years, so that governments need to be particularly cautious
when contemplating increasesin fishing quotas.

Proportional harvesting

Another common form of harvesting iswhen one putsin aconstant effort to
harvest. In this case, the quantity harvested is proportional to the population.
Thus, the mathematical model iswritten:

dP P
— fP1 — hP -

whereagainr isthegrowth rate, M isthe carrying capacity with no harvesting
and now histhe proportional rate of harvesting.

Algebraic solutionis complex and harder to interpret, thus we again turn to
the geometric analysis of themodel. Thefixed pointsof (7) are the solution of

M(r h)
r

* P* * *
theequation: rP" 1 o hP ,thatis,and P . Theextinction
fixed point, P* = 0, is unstable for values of h < r. As h increases, the larger
equilibrium (carrying capacity, M) shrink, but it remainsstablefor h< r. For h
=0, P =M =1000.

Thebifurcation diagram for proportiona harvesting logistic model isdepicted
infigure5.
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Fig. 5: Bifurcation diagram for proportional harvesting.

Astheharvesting increases, the nontrivial fixed point movecloser to extinction
fixed point. As h moves toward the growth rate (0.7), the nonzero fixed point
fadesto zero, which impliesthereis extinction. Thisis comprehensible dueto
the harvesting rate approaching the growth rate. When h > r (= 0.7), the rate
of harvesting exceedsthe reproduction rate and extinction necessarily follows.
This model shows a classic example of a transcritical bifurcation. The
bifurcation pointish=r (=0.7).

Theresultsreported that overfishing (h>r) in oneyear can potentially extinct
thefishinthelakeor pond. Consequently, the bodiesinvolvedinthe areaneed
to be particularly cautiouswhen contempl ating fishing quotas.

4. CONCLUSIONS

Differential equations contai ning parameterswith approximately known values
are commonly involved in practical applications. Consequently, investigating
the sol utionslbehavi or and their dependence on the parametersisvery important,
asadight variationinaparameter might have significant impact on the solution.

The three common types of bifurcations here reported are: i) saddle-node
bifurcation, ii) supercritical pitchfork bifurcation and, iii) transcritica bifurcation.
In each case, the bifurcation value is h = 0. These types of bifurcations also
occur in higher-dimensional dynamical systems.

Sustai nable harvesting strategies and successful management of harvested
populations help thefishery industry to grow both qualitatively and quantitatively.
However, some little variation in fish popul ation between the years could still
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be reported. Regarding the constant harvesting strategy, the fish population
doesnot have enough timeto recover if the constant harvesting is greater than
the bifurcation value h = rM/4. Regarding the proportional harvesting strategy,
thefish population will extinct if the proportional rate of harvesting is greater
than the growth rate of the population, h>r.

Theresults are ameansto address the growth of fish popul ation and reduce
of fish repopulation(Scosts. In addition, theannual overfishing has unavoidably
impacts fishing in the subsequent years. Here, an appropriate national policy
on fishing quotaswould be crucial.

Appropriate fishery harvesting strategies would satisfy the market demand.
Commercializing the aquaculture could be agood alternative.

However, some limitations could be here encountered: i) theoretical results,
ii) unreal parameters of logistic model for fish harvesting isreported.

The application of bifurcation analysis to fish harvesting in real datais a
means to address further researches in the area. In addition, other practical
applications of bifurcations such as one-dimensional or higher dimensional
dynamical systems must further.
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ABSTRACT

Cluster ions and aerosol s are atmospheric particles, which participate and have agreat
impact on several global processes. On other hand, both these particles interact with
each other via recombination and attachment processes. Monitoring the variation of
their concentrations gives val uabl e information about their interactions and the impact
on atmospheric processes that these particles take part. The present paper provides
information about the variation of particle number concentrations of cluster ions and
aerosol particles of sub-micrometric and super-micrometric size. Investigation was
carried out from 2009-2011 at a site located in the Adriatic seashore and the results
reported high values of cluster ions and aerosols. The source is anthropogenic
activities, sea salt and other particles of long-range transport.

Keywords, lon concentrations, aerosol concentrations, seashore site, anthropogenic
activities

1. INTRODUCTION

The major part of the lower troposphere consists of atmospheric particles
such as cluster ions and aerosol. The formation and growth of atmospheric
aerosols depend on several steps, namely nucleation, initial steps of growth
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and subsequent Omainly condensational Clgrowth. The main source is
anthropogenic activity, but they are also formed naturally in seas, deserts, and
forests. Recent datareport that production of new aerosol particles by nucleation
and subseguent growth by condensation of organic vapoursemitted by treesis
afrequent phenomenon that occursin most atmospheric environments (Kulmala
et al., 2004).

Cluster ions differ from aerosol particles primarily by their smaller size or
greater electrical mobility (Horrak, 2001). Other differences between these
two groupsrelateto their electric charge, spatia distribution, vertical profiles,
sizedistribution functions, etc. Atmosphericions, according to their electrical
mobilities may be divided into three main categories (table 1) (Horrak et al.,
2003).

Table 1. Categories of atmospheric ions

Diameter Range Mobility Range,
nm cm?Vis?t
Small ions 0.36-1.6 1.300.5
Intermediate ions 16-74 0.5-0.034
Largeions 7.4-80 0.034 - 0.00041

Aerosol particles, accordingtotheir size, could bedivided into thefollowing
groups: i) ultrafine (3 B0 nm), ii) fine (90 [LOO0 nm) and, iii) coarse (> 1000
nm). Ultrafine mode may be divided al so into two other modes; nucleation and
Atiken (on threshold 20 nm). Unlike atmospheric ions, aerosol particlescan be
neutral or single/multi charged (Mandija, 2011-a). Table 1 reports that two
large categories of atmospheric ions (intermediate and large ions) are charged
ultrafine aerosol particles. Thus, the traditional border between cluster ions
and charged aerosol particlesis 1.6 nm (Tammet, 1995).

Both atmospheric ions and aerosols play important roles in atmospheric
processes (Flagan, 1998). Air ions make the air fresh, helping persons who
suffer from asthma or other respiratory problems. Meanwhile atmospheric
aerosols, [Swallowingl&ir ions, play aninverserole on environmental concern
(Rose et al., 2013).

Concentrations of atmospheric ions and aerosols are governed by balance
equation. This equation in its simplest form is presented by eg.1 (Salm and
Tamm, 2011).

dn

m g ann bnN bnN byn n (1)

where: n istheconcentrations of ions of different polarities
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N , isthe concentrations of charged and neutral aerosols

a and b aretheir respective recombination and attachment coefficients.

Larger ions can swallow more cluster ions, but because of their minor
concentrations, there are small aerosols that influence more of the ion
concentrations.

The present investigation was carried out at Velipojabeach whichisatourist
location on the Adriatic seashore. Air studies are of great importance, asthey
help evaluate air quality (Mandijaet al., 2010; Mandija, 2011-b).

2. MATERIAL AND METHODS

M easurement of atmospheric ion and aerosol concentrationswas carried out
at Velipoja, a tourist location on the Adriatic seashore in Albania. Figure 1
depicts site location 200 m from the seashore, in the middle of aresidentia
area.

Investigation was carried out in spring, summer and autumn (A pril-October).
In summer, anthropogenic activity intensifiesalong with the popul ation, assevera
tourist-commercial activitiestake place. In spring and autumn, anthropogenic
activities are very rare.

M easurementswere carried from 2009 to 2011. Asonly measurement results
regarding fair-weather conditions were analyzed, the impact of precipitations
and strong winds on atmospheric particle concentrations were excluded.

Fig.1 Monitoring site, Velipoja Beach, Albania (from Google M aps).

The Air lon Counters IC-1000 and Andes ITC-201A were used to measure
the concentrations of atmospheric cluster ions (d < 1.6 nm). Operation principle
of this instrument is the appliance of electric field between three parallel
conductive plates. The middle plate collectsair ionswhich enter into theintern
area of the AIC. Atmospheric aerosol concentration was measured using a
Handheld Particle Counter, model Handilaz mini 301. Thisinstrument measures
aerosol concentrations divided into three channels; in the size range over 0.3
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m. Thresholds between channelsvaried from0.5and 5 m. Aerosols on the
first channel belong to fine mode, whilst those on the third channel belong to
coarse group. Aerosols on second channel belonged both modes, but moreto
the fine mode (because their size distribution). Operation principle of this
instrument islaser light scattering.

3. RESULTS

3.1 lon concentrations

Table 2 reports the average values of meteorological parameters during the
monitoring process and temperature, relative humidity, atmospheric pressure
and wind speed had normal val ues throughout the monitoring process. Usually,
in summer temperature is higher and wind speed has lower values

Table 2. Average values of meteorological parameters

Summer Spring and Autumn
Temperature (°C) 28.6 19.6
Relative humidity (%) 62.3 57.3
Atmospheric pressure (hPa) 1205.1 1027.3
Wind speed (km/h) 1.2 3.7

Table 3 reports the average values and the standard deviations of ion
concentrations of both polarities.

Table 3. Seasonal-averaged ion concentrations

Summer Spring and Autumn
Positive (cm?) 1752.0 843.0 11458 119.6
Negative (cm”) 1550.0 665.1 4875 1003
Total (cm™) 3302.0 1482.8 16333 1826
Unipolarity factor 1.1 0.2 25 07

The average values of the concentrations of both positive and negativeions
in summer were higher (positive 1.5 and negative 3.1 times) than in spring and
autumn. Since the anthropogenic activities, like traffic, heating-cooking, etc.
are extremely higher in summer due to the tourism air ion concentrations are
higher (Yu, 2002). In addition to the anthropogenic activity, vegetation in the
surrounding forest hasagreat impact (Jayaratne et al., 2011). Thisfact implies
the hypothesis that the principal sources of air ions in Velipoja beach are
anthropogenic activities and vegetation. M oreover, thedry summer season also
enhances radon gas emanation from the ground surface, increasing its
concentration in the regions near the ground (Hosoda et al., 2007). Both these
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factors have arenewed presence in this region during summer seasons.

Table 3 and 4 report that the meteorological parameters had a great impact
on the ion concentrations. As the temperature is higher in summer, ion
concentrations are higher. So, we can suppose that temperature i nfluencesthe
increase of ion concentration (Luts, 1998) indirectly due to the augmentation
of radon exhalation (Porstendorfer, 1994; Hopke and Ramamurthi, 1998; K atoka
etal., 1998). Regarding thewind, its speed affectsdirectly theion concentration
viadispersion. These hypotheses are confirmed by the correl ation coefficients
between ion concentrations, temperature and wind speed. Table 4 presentsthe
Pearson correlation coefficients among theion concentrations and the principal
meteorol ogical parameters.

Table 4. Correlation coefficients among aerosol concentrations and
meteorological parameters

M eteor ological parameters I on concentration
Temperature 0.26 (0.04)
Relative humidity -0.11 (0.38)
Atmospheric pressure -0.13 (0.37)
Wind speed -0.41 (0.01)

Significant levels of the correlation coefficients are given by the valuesin
brackets. The correlation coefficients among total ion concentrations and
tempreature are statistically significant (p<0.05). Statistically significant
correlation coefficients were found also in the case of ion concentrations and
wind speed values. Correlation coefficients between ion concentrations and
relative humidity and atmospheric pressure were even lower, respectively -
0.11 and -0.13. Their significance level ishigher than 0.05, showing that their
correlations are not statistically significant. These values indicate that these
meteorological parameters play a minor role on ion concentrations. The
aforementioned data are based on the statistical interpretation of the
measurement data.

3.2. Aerosol concentrations

The table 5 reports the average values and their standard deviations of the
aerosol concentrations of the three modes. Mgjor emissions occur during the
summer season. Aerosol emissions bel ong primarily to finemode. The average
concentrations of fine aerosols during summer season were more than 1.5
times higher than during spring and autumn seasons.

Summer marks intensive combustion processes, construction activities,
biomass burning and traffic (Jayaratne et al., 2010). These processes are
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predominant aerosol sources in summer; construction activities and biomass
burning occur also during other seasons. The presence of coarse aerosols is
related to local wind re-suspensions processes.

Table 5. Seasonal-averaged aerosol concentrations

Summer Spring and Autumn
Fine (10° m®) 52 09 50 0.7
Mixed (10° m®) 11 06 0.9 05
Coarse (10* m?) 104 86 1.9 1.3

To estimatethe effect of meteorol ogical parameters on aerosol concentrations,
their Pearson correl ation coefficients were determined (table 6).

Table 6. Correlation coefficients among aerosol concentrations and
meteorol ogical parameters

Fine Mixed Coarse
Temperature 0.06 (0.63) 0.14 (0.27) 0.47 (0.01)
Relative humidity 0.80 (0.01) 0.73(0.01) 0.22 (0.08)
Atmospheric pressure | 0.20 (0.16) 0.52 (0.02) 0.01 (0.99)
Wind speed 0.16 (0.22) 0.28 (0.03) [0.18 (0.17)

Relative humidity has agreater impact on aerosol concentrations, especially
those of the fine and intermediate modes than the other meteorological
parameters. The instrument here used measures also liquid aerosols which
concentrations increase under the high relative humidity conditions. On the
other hand, under high temperature conditions earth surface undergoeson low
soil moisture values. Under these conditions, re-suspension processes are
favored, and aerosol concentrations of coarse mode are enhanced. Statistically,
no significant correl ation was obtained in the case of thewind speed and coarse
aerosol concentrations. This was due to the limited number of available
measurement data.

3.3. Binom ion-aerosol

Here, the correl ation between ion and aerosol concentrationsisinvestigated. It
is a well known the fact that fine aerosols (because of their magjor number)
influence more on the reduction of the concentrations of cluster ions, expressed
by eg.1 (Dhanorkar and Kamra, 1992; Reischl et al., 1996; Makelaet al., 2001).

To estimate this contribution in terms of correlation coefficients, should be
determined these coefficients (Hoppel and Frick, 1986). The correlation
coefficient between the concentrations of cluster ionsand fine aerosol particles
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is-0.21 (0.15)Statistically insignificant. A correlation of -0.31 (0.03) was
foundin the case of the mixed aerosols. Coarse aerosolswere weakly correlated
with cluster ionswith correlation coefficient 0.23 (0.12). Thus, the presence of
fine and intermediate aerosols at the site affects the popul ations of the cluster
ions, reducing their concentrations.

Table 7 reports correlation coefficients among ion concentrations, aerosol
concentrations (mixed mode) and meteorological parameters.

Table 7. Correlation coefficients among ion concentrations and principal
influencing factors

Mixed aerosols Temperature | Wind speed
-0.31 (0.03) 0.26 (0.04) -0.41 (0.01)

Thedatain Table 7 reportsthat wind activity, aerosol concentrations and the
temperature are of great impact for the ion concentration. The concentration
of the aerosols decreases ion concentrations due to the attachment processes
between them. Wind activity decreases the ion concentration, due to the
dispersion process. Meanwhile, temperature actsindirectly, increasing theradon
concentration and consequently the concentration of cluster ions. Anyway, for
an accurate determination of the influence of meteorological parameters on
the ion concentrations, the mutual relationship between ion and aerosol
concentrations as well asthe meteorological parameters should be taken into
account. In addition, alarger set of datawill enableto obtain more significantly
correlation coefficients.

Figure 2 depictsion concentrationsand influencing factorsin different seasons.
The correlation coefficients of these two sets of data (summer and other
seasons) are very high, 0.97. This is another important result, which shows
that these factors undergo almost in the same direction regardl ess of the season.

All units of the quantitiesin figure 2 are expressed based on the tables 2, 3
and 5.






