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Abstract. The emotional state of an individual is continuously affected by daily
events. Stressful periods can be coped with by support from a person’s social
environment. Support can for example reduce stress and social disengagement.
Before improvements on the process of support are however made, it is essential
to understand the actual real world process. In this paper a computational model
of a network for mutual support is presented. The dynamic model quantifies the
change in the network over time of stressors and support. The model predicts
that more support is provided when more stress is experienced and when more
people are capable of support. Moreover, the model is able to distinguish per-
sonal characteristics. The model behaves according to predictions and is eval-
uvated by simulation experiments and mathematical analysis. The proposed
model can be important in development of a software agent which aims to
improve coping with stress through social connections.

Keywords: Stress - Coping *+ Mutual support - Network - Computational
model

1 Introduction

It is a fact that the emotional state of an individual is continuously influenced by events
from the environment. A loved one passing away might have a negative influence
while a wedding might have a positive influence on the emotional state. All these
events combined can be considered the basis for an individual’s overall stress level.
Too many stressful life events could lead to depression [13]. Therefore, the reduction of
the overall stress level can lead to many health benefits [8].

Mutual support networks are social networks in which its members provide psy-
chological and material support to each other in order to help such individuals to cope
with stress [2]. In this scenario, stress responses would be perceived via, for example,
things said in a conversation between friends in such a network. Regarding to the
relation between stress and social networks, there is the concept of stress buffering.
This concept is originated from the hypothesis formulated by John Cassel and Sidney
Cobb [1] by which they argued that people with strong social ties, i.e. close friends,
parents and sons, brothers and sisters, etc. could be protected from the negative effects
related to negative life stressful events. As what is stated in [12], better social inte-
gration (doing social activities, etc.) leads to better resilience to post traumatic stress.
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Therefore, in this work, we consider stress buffering as the capacity of facing stressful
events without getting into a stressed state of mind. Besides that, here in this work we
are typically dealing with conversation, via a social network, between people with
strong social ties as a type of social integration in order to help people to cope with
stress. The advantages of social support for stress buffering is already known in the
literature; e.g., [8, 11, 12, 14]. A dynamic model could be used to develop a tool (a
software agent) that would help people in coping with stress by their social connections
with people with strong social ties, since the goals of such a tool could be, for example:
to select automatically a set of a given member’s friends or relatives who can provide
better support, to monitor who are seeking support in a given period due to, for
example, a case of death in his or her family, etc.

In this paper, a dynamic model is presented for a mutual support network
addressing the process of providing and receiving support. Such a model deals with the
timing of positive and negative life events, and induced stress levels. To this model we
pass, as input, values representing the intensity of positive and negative life events
faced by the users of the network as well as the period of time they last. The model then
returns, as output, values over time representing the amount of: the stress faced by the
users, the support they receive and provide from and to each other, the perception that
each of them have about the stress levels of their friends and the capacity they have to
provide support. Note that the term dynamic came from the fact that through such a
model we are able to represent the change of its states values over time. The com-
putational model proposed here can be used as an ingredient to develop human-aware
or socially aware computing applications; e.g. [9, 10, 15]. More specifically, in [5, 15]
it is shown how such applications can be designed with knowledge of human and/or
social processes as a main ingredient represented by a computational model of these
processes which is embedded within the application. As an example, in [6, 7] this
design approach is illustrated to obtain a human-aware software agent supporting
professionals in attention-demanding tasks, based on an embedded dynamical
numerical model for attention. The computational model for mutual support proposed
here can be used in a similar way to design a human-aware or socially aware software
agent to support persons suffering from stress effects.

This document is organized as follows; Sect. 2 formally describes our proposed
model and shows the mathematical details of it. Section 3 shows the model working in
order to describe some behavioral characteristics of it. In Sect. 4 the tuning process of
our model is shown in order to make clear how we adjusted our model to keep it as
close as possible to reality. Finally, Sect. 4 concludes our paper.

2 The Computational Model

There are a few requirements for the model that have been identified previously during
the review of the literature about people coping with stress and social network models:

e A person should be supported more when there are more resources available by the
others;
e The users of such a social network typically have strong social ties with each other;
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More help should be given when more help is needed;

More support from people inside this network should lead to lower stress levels

rather than receiving no support at all;

e Individual personal characteristics can be represented by different strengths of

connections within persons;

e Social network characteristics can be represented by different strengths of con-

nections between persons.

Simulations to test these requirements will be shown in the next section. The
mutual support social network that will be analysed will consist of a number of persons.

The computational model has been designed using the temporal-causal network
modelling approach described in [16]. According to this general dynamic modeling
approach, a model is designed at a conceptual level, for example, in the form of a
graphical conceptual representation or a conceptual matrix representation. A graphical
conceptual representation displays nodes for states S and arrows for connections
indicating causal impacts (shown by the nodes and arrows in Fig. 1) from one state to
another like, for example, when the occurrence of a negative life event leads to the
growth of an individual’s stress level, and includes some additional information in the

form of:
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Fig. 1. Conceptual representation of the model

e For each connection from a state X to a state Y, a connection weight @y y (for the
strength of the impact, i.e. the impact of a state X in a state Y is directly proportional
to the value wy y when it is positive or inversely proportional when such a value is

negative);
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e For each state Y a speed factor ny (which represents how fast the effect will take
place somehow that it controls if the impact of the effect will be slow or quick);

e For each state Y the type of combination function cy(..) used (to aggregate multiple
impacts on a state).

Regarding the states of the model, for a given person X, ney and pey are the
negative and positive life events for this individual, sy represents his or her stress level,
ry is the amount of resources available for this person, supy y is the support provided by
X to Y (another person), and oosy is the overall stress level within the part of the
network observed by X. These states are depicted as nodes in Fig. 1 for three particular
persons a, b and c. In Table 1 the different connections are summarized with their
weights, which are also depicted as labels of the arrows in Fig. 1. For the sake of
simplicity in Fig. 1 such a network of only three persons is shown. The three coloured
boxes represent the different persons that are involved in this model. All of them use
the same states and architecture. At the core of each social network member stands the
individual experienced stress level of such a person, represented by state sy. The
perceived stress of the other persons in the social network is the observed overall stress
state 0osy. This state is a perception of how much stress the other persons in the
network are experiencing and is therefore directly affected by the stress levels of the
other persons. In our model, users could perceive stressed friends by the things they are
telling in the social network via posts or direct messages. For sure a given user could
hide your stressed state of mind, but we are not dealing with this situation; this could
be, perhaps, studied in more details during a future work.

Table 1. Connections and respective weights

from |weight | +/—|to from | weight | +/—|to
pex O1x + |Ix pex Wox - |Sx
ney O3y - ney O4x +
Sx Osx - SUpy,x | Woy,x | —
SUpx,y | @Wgx,y |— I'x Wex,y |+ |Supxy
Sy ®yyx |+ |00sx|00sy |@7xy |+

Sy ®oyx |+

This observed stress of the others is used by each person to form a perception of the
overall amount of support that would be needed. Besides the perception of experienced
stress of the others, state r, indicates the resource (in terms of emotion, energy, time) a
person has. It is important to mention that emotion is important for the resources
because we expect that a person feeling sad, stressed, etc. is not indicated to provide
support. If a person has no resources, no support can be given. Giving support drains
these resources since it costs energy, time and it can change the emotional state of the
support provider due to empathy: an individual can be sad because one of his best
friends is facing a stressful situation. The relationship between giving support and
available resource is therefore reciprocal.
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Resources are also affected by the experienced stress level of the person. When a lot
of stress is experienced this will negatively influence the amount of resources a person
will have. The amounts of negative and positive events (indicated by pey and ney) have
an influence on both the experienced stress and the available resources. The positive
and negative events do not have the same values for the different persons because a real
world process is modelled where persons are living their own lives. An event taking
place in one person’s life does not mean that a different person experiences this event as
well. Finally a reciprocal connection exists between person X giving support to another
person Y and this effect of this support by decreasing stress levels in person Y due to
their strong social tie. A graphical conceptual representation of the model is shown in
more detail in Fig. 1. Note that some of the arrows are bidirectional, where each
direction has its own connection weight. The states peyx and ney indicate the positive
and negative events encountered by person X in his or her environment over time. Note
that these events could be detected via emotions shared by things the users can tell in
posts or direct messages, i.e. the same case of the state oosy. For specific scenarios
these are given as input for the persons.

In Table 1 for each state (in the ‘to’column) it is indicated which impacts from other
states (in the ‘from’column) it gets, with which weights, and with which sign +/— indi-
cating whether the weight value is positive (strengthening) or negative (suppressing). In
Fig. 1 these weights are depicted as labels for the arrows. Note that as the nodes represent
states, the processes happen between these states, as indicated by the arrows representing
causal impact.

The conceptual representation of the model as shown in Fig. 1 and the tables can be
transformed in a systematic or even automated manner into a numerical representation
of the model as follows [16]:

e at each time point ¢ each state Y in the model has a real number value in the interval
[0, 1], denoted by ¥(?)

e at each time point ¢ each state X connected to state ¥ has an impact on Y defined as
impacty (1) = oy yX(¢) where oy y is the weight of the connection from X to Y

e The aggregated impact of multiple states X; on Y at ¢ is determined using a com-
bination function cy(..):

aggimpact, (1) = cy(impacty, y(7), ..., impacty, ,(1))
= ey(oy, yXi (1), .. ., ox, yXi (1))

where X; are the states with connections to state Y
e The effect of aggimpact,(r) on Y is exerted over time gradually, depending on
speed factor y:

Y(r+ Ar) = Y(¢) + ny|aggimpact, (r) — Y(7)] At
or dY(r)/dr = ny[aggimpact, (1) — Y(7)]

e Thus, the following difference and differential equation for Y are obtained:
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Y(t+At) = Y(0) + nyley(ox, y X1 (D), ..., 0x, yXi(®) — Y(1)] At
dY(zr)/dt = nyley(ox, y X1 (0), .. ., 0x, y Xk (1)) — Y(?)]

As an example, according to the pattern described above the difference and dif-
ferential equation for the resource state ry for person Y providing support to persons X,
..., X are as follows:

ry(l—l—Al) = ry(l) +

Ny [Cry (@1yPey (1), @3yney(t), osysy(t), Ogy x,SUpy x, (1), - . ., Wgy x,SupPy x, (1)) — ry(t)] At
dry(r)/dt =
ey [, (@1yPey (1), w3yney(r), 0sysy (1), Wgy x,Supy x, (1), . . ., Wgy x,SUpy x (1) — 1y (1)]

So, for any set of values for the connection weights, speed factors and any choice
for combination functions, each state of the model (as shown in Sect. 2) gets a dif-
ference and differential equation assigned, except the positive and negative events,
which are used as input. For the model considered here this makes a set of 4 coupled
difference or differential equations per person, that together, are 12 equations that in
mutual interaction describe the model’s behaviour. Note that the speed factors enable to
obtain a realistic timing of the different states in the model, for example, to tune the
model to the timing of processes in the real world. An often used combination function
[16] is the advanced logistic sum function alogistic, .(...):

1 1
1+ g—fT(Vl + .+ Vi—1) o 14 et

cy(Vi, ...Vy) = alogistic, (V1 ..., Vi) = ( ) (14e7)

Here o and 1 are steepness and threshold parameters. This function is symmetric in
its arguments: its result is independent of the order of the arguments. Moreover, the
function is monotonic for its arguments, maps activation levels 0 to 0 and keeps values
belowl. For all states except the support states supyy the advanced logistic sum
function was used. For example for the resource state ry:

Cry(Vl, VZ; V37 V4a VS) = alogiSticc,r(Vla V27 V37 V47 VS)
Then:

dry (1) /dt = n,, [alogistic, (0 ypey (), wzyney (1), wsysy(t), gy x, supy , (1), ..., oy x,
supy x, (1)) — ry(?)]

Similarly for the states oosy and sx. For the support state supy y from Y to X the
following combination function is used:

csupy_x(vl, V2, V3) = min(Vl, V2)V3/V2 if V) > 07 else 0

where V) refers to impact impact
impact
impact

rysupyx (1) from the resource state ry, V, to impact

oosy.supy (1) from the observed overall stress state oosy, and V3 to impact

sx.supy x (1) from the other person’s own stress state sx. Note that this combination
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function makes the provided support (when needed) proportional to the own resource
level and also proportional to the fraction of the other person’s stress level from the
overall stress level. Moreover, note that in contrast to the other combination function,
this function is not symmetric in its arguments. For example, based on the above,
assuming 00sy(?) > 0, the difference and differential equation for supy x are as follows:

supy x (t + At) = supy x (1) +

Nup,  [MiN(@ey x Ty (2), @7y x 008y (1)) ®10v x sx (1) /(@7 x 008y (1)) — supy x ()] At
dsupy x (1) /dt =

Nupy  [MIN(@ey x Ty (2), @7y x 008y (7)) ©10v x Sx (1) /(@7y x 008y (7)) — supy y(1)]

3 Verification of the Model

In this section it is described whether the proposed model acts according to what was
expected. To find this out, both a mathematical and experimental analysis have been
performed.

3.1 Mathematical Analysis

To verify (the implementation of) the model, a mathematical analysis was performed of
the equilibria of the model. A state Y has a stationary point at t if dY(¢)/dt = 0. The
model is in equilibrium at ¢t if every state Y of the model has a stationary point at z. See
Fig. 2 for an example of an equilibrium state that is reached. From the specific format
of the differential or difference equations it follows that state Y has a stationary point at
t if and only if

Y(I) = Cy((DthXI (l), Cee thka(t))

where X; are the states with connections to state Y, and cx;(...) is the combination
function for Y. If the values of the states for an equilibrium are indicated by X, then for

1 stress a
00s a

0.9
resources a
0.8 support a,b
0.7 support a,c
stress b
0.6 00s b
0.5 e— resources b
support b,a
04 e SUpport b,c
0.3 stress ¢
02 00s ¢
resources ¢
0.1 support ¢,a
0 support ¢,b

0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40

Fig. 2. The final equilibrium state values for the first scenario
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a community of three persons being in an equilibrium state is equivalent to a set of 12
equilibrium equations for the 12 states X; of the model:

X; = cx,(0x, x, X1, ..., Ox x,X})

Most states have the advanced logistic sum function as combination function. For
example, for state ry the equilibrium equation is:

ry (1) = alogistic, (w1y pe,, ®3y Ney, Osy Sy, Wgy.x, SUP,, \ , , Ogy.x, SUP,, , )
An exception is state supyy; in that case the equilibrium equation is
sup, = min(wey,x Iy, O7y x @y) Wey x Ly W10y ,x §x/(D7Y,X 00Sy
or
sup, y @7y x 00Sy = min(®ey x Ly, ®7y,x 008y ) Wey x 'y O10y x Sy

The equilibrium equations cannot be solved in an explicit analytical manner, due to
the logistic functions. Therefore the verification approach as sometimes used, by first
solving the equations and then comparing the values to values found in simulations
does not work here. However, for the purpose of verification of the model, solving the
equations is actually not needed. The equations can also be used themselves for ver-
ification by just substituting the equilibrium values found in a simulation in them and
then checking whether they are fulfilled (and with which accuracy). This indeed has
been done and the equations turned out to always hold (with an accuracy < 107°).

A second manner in which mathematical analysis was performed was by verifying
the requirements listed at the start of Sect. 2; in a more exact formulation they are:

(1) a person X should be supported by supyy more when there are higher levels of
resources ry available by the others Y

(2) the connections in such a social network typically have high weights ®

(3) more help supy .y should be given to X when more help is needed due to a higher
stress level sy

(4) more support supy y to a person X should result in a lower stress level sy since we
are assuming that Y and X have a strong social tie;

(5) individual personal characteristics can be represented by different strengths of
connections within persons

(6) social network characteristics can be represented by different strengths of con-
nections between persons

Requirement (2) was fulfilled in the considered scenarios. The last two require-
ments (5) and (6) indeed are fulfilled by the temporal-causal network modelling
approach followed. By choosing values for the weights different characteristics of
persons and network are obtained. Now consider requirement (1). Given the definition
of the combination function ¢, ,(...) it holds:
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aggimpact,, (t) = Csup, (impactryjsupy.x(t), impactoosyﬁsupyix(t), impactshsupyqx(t))

= min (impactry,supyvx(t), impactoosyysupy_x(t))impactsX_supy_X(t) /

impact,, ., (f) if impact,y, o, (1) >0, else 0

From this formula it follows that when ry is higher, then impact, ,, (¢) is higher

and therefore aggimpact,,, () will be higher, which results in a higher level for
support supy . Therefore requirement (1) is fulfilled. In a similar way it has been
verified that (3) is fulfilled: from the above formula it follows that when sy is higher,
then impact, ,, (¢) is higher and therefore aggimpact,,,  (¢) will be higher, which
results in a higher level for support supy x. Finally, for requirement (4) the combination
function for sy has to be considered. The weight of the connection from supy y to sy is
negative, so for higher supy x(¢) the impact

impact,,, . (f) = 0oy xsupy y(t)

is lower (more negative). Now the combination function alogistic, .(..) is monotonic
for its arguments, while impact,,  is one of its arguments in the formation of
aggimpact, (7). Therefore aggimpact, (¢) is lower when supyy is higher, so also
requirement (4) is fulfilled. It turns out that the verification outcomes provide evidence

that the model does what is expected.

3.2 Results of Simulation Experiments

For the simulated scenarios discussed in this section, we assumed that the 3 users
involved are very close friends. We did not use real people facing real situations, but
we imagine that the events that occurred were announced by them via Facebook posts
and all of them could read it through the Facebook timeline. They provided support to
each other with conversations by direct messages via the Facebook messenger and,
finally, all of them did tell how they were feeling after each conversation session. The
proposed model can show a wide variety of possible behavioural outcomes according

Table 2. Inputs and equilibrium outcomes of the first simulation

Events (static)

pea = 0.8 pes = 0.2 pec = 0.2

ney = 0.2 neg = 0.9 nec = 0.7
Final equilibrium state values

sa=0 sg = 0.743060 sc = 0.559141
00s = 0.995380 oosg = 0.8314 oosc = 0.9279
ra = 0.320417 g =0 rc=0

supa g = 0.239196 suppa =0 supc.a =0
supa.c = 0.17999 supgc =0 supcg =0
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to different inputs over time. Only two of them are discussed here. In both cases we
performed our model from time 7 = O until # = 40 with A7 = 0.02, and for all states
speed factor n = 0.5, steepness ¢ = 5 and threshold T = 0.15. The first scenario con-
cerns static input from the world and was done for the analysis of equilibria. Table 2
describes the stimuli and the final values for all states for this simulation. Note that, in

Table 3. Inputs and outcomes per phase for the second scenario

Events from t=0to t = 10

pea = 0.8 pes = 0.8 pec = 0.8

ney = 0.5 neg = 0.5 nec = 0.5
State values at time 7 = 10

ra = 0.52 rg = 0.52 rc = 0.52
Events from ¢t = 10 to ¢ = 20

pea = 0.8 pes = 0.5 pec = 0.5

ney = 0.5 neg = 0.7 nec = 0.8
State values at time 7 = 20

sa=0 sg = 0.189204 sc = 0.292407
0os, = 0.675918 oosg = 0.445901 oosc = 0.281336
ra = 0.23196 rg = 0.005085 rc = 0.003409
supa g = 0.064991 supga =0 supca =0

supa c = 0.102943

supg c = 0.011371

supc g = 0.010635

Events from 7 = 20 to r = 30

pea = 0.6 pea = 0.6 pea = 0.6

ney = 0.3 ney = 0.3 nep = 0.3
State values at time 7 = 30

sa=0 sg = 0.001243 sc = 0.001921
0os, = 0.031166 oosg = 0.019070 oosc = 0.0122
ra = 0.470451 rg = 0.485435 rc = 0.489418
supa g = 0.00306 supga =0 supca =0

supa c = 0.008533

supg ¢ = 0.008062

supc g = 0.005258

Events from 7 = 30 to ¢ = 40

pea = 0.3 pea = 0.6 pea = 0.6

nes = 0.6 nea = 0.3 nea = 0.3

State values at time ¢ = 40

sa = 0.116481 sg = 8.168*107° sc=1.262 %107

0o0s, = 0.000373

ra = 0.0030602
supap = 7.746%¥107°
supa.c = 0.000120

oosg = 0.202912
rg = 0.32747792
supg a = 0.116647
supg ¢ = 0.000117

oosc = 0.202826

rc = 0.327735
supc.a = 0.116647
supcp = 7.58 % 107°
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this case, person A only faces minor stress and substantially more positive events.
Because of that A has resources to provide support to the other persons.

Besides that, persons B and C both face relatively high amounts of stressful events,
B a bit more than C. That is the reason why B receives more support from A rather than
C. Figure 2 shows the evolution of the state values of all persons (A, B and C,
respectively) over time. Here the horizontal axis represents time and the vertical axis
the state values. By looking at such a chart it is clear that all state values reach an
equilibrium: after a sufficiently large amount of time point ¢ the states do not change
over time anymore.

The second scenario chosen is much more challenging. For the same time interval
and step of the first scenario simulated, the positive and negative events were changed 3
times during the execution (each 500 time steps). These changing environmental
conditions starting at time points 0, 10, 20, and 30 are shown in Table 3, together with
the resulting state values after each period (see also Fig. 3). In the first period all three
can handle the stressful events themselves, so no mutual help is needed. All states get
level O except the resources that reach level 0.52 at time point 10. In the second period

0.8 stress a
00s a

0.7 resources a

0.6 support a,b

05 e, / \ support a,c

BT N\

17 K 1\
17 [——\___ .
01 / //\ \ /\\
0

0 2 4 6 8 1012 14 16 18 20 22 24 26 28 30 32 34 36 38 40

0.8 stress b
00s b
0.7 resources b
0.6 support b,a
e support b,c
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04 / \ N\ ~\
[ i —
s 1/ \— A\ ~

0
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0.8
008 ¢
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support ¢,b
0.5 e
Y I ~
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Fig. 3. The patterns for the second scenario
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starting at time ¢ = 10 person A starts to provide support to both persons B and C
respecting the following condition: supa g < supac. That occurs because C has a
higher stress level than B: sg < sc. In the third period, starting at ¢ = 20 the same
amounts of positive and negative events occur for all persons, respecting pey > ney.
From this moment on, the stress levels of persons B and C start to decrease consid-
erably until their values get close to 0. The same happens with the states supa x.

The resource levels of persons B and C start to increase as well. Such a behaviour
was again expected since, with higher levels of positive events rather than the negative
ones, lower stress levels are expected (both sy and oosy) which leads to less needs for
support, so low values for the states supyy can be expected. Finally, at # = 30 the
amounts of positive and negative events were changed again. Persons B and C have the
same configuration which respects the condition pex > neyx. On the other hand, person
A encounters a more stressful period: pes < ne,. From that moment on, it can be seen
that the state s, starts to increase as expected, leading to the growth of the values of the
states supy a. Note that in all simulations it can be observed that the states supy y
always reduce the growth of sy.

Moreover, note that, due to abrupt changes on the environmental conditions, a
given person may give support to another one even though he or she is facing stressful
events. This situation occurs because it takes a while until such a negative event
consumes all the resources of this person: the person has a buffer for the encountered
stress. This indeed can happen in the real world and therefore the computational model
should also show such a behaviour.

4 Discussion

A dynamic computational model was presented to simulate a mutual support network
with persons that may face stress. In such a context, persons who are connected with
each other in a social network can provide support to their friends who are facing stress
and receive support as well when it is necessary. It is important to make clear that this
process might be seen as different from an emotion contagion process since, in our
case, the emotional states values of every individual tends to be different along time if
they are receiving different stimuli. According to what was found in the literature, it
was assumed that positive and negative events can affect a given person’s stress level,
leading to a stressful state of mind. However, receiving support from others, such as
friends, is a good help in coping with stress.

The model was designed based on the temporal-causal network modelling approach
described in [16]. The mathematical analysis as well as the results from the simulations
that were performed showed that the model acts as we expect: the social network
members feel the positive and negative effects of encountered events on their stress
levels and, additionally, they also are able to provide support to others when it is
necessary, leading to a reduction in other’s stress levels.

In the literature not much work can be found on computational models for mutual
support networks to handle stress. Some exceptions are [2-4]. Here [3, 4] have a
different scope in that they focus on more complex internal cognitive structures and
explicit interactions initiated by requesting actions for support.
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However, [3] is more related to the perspective followed here. In this work a global
configuration approach for support provision is followed, based on information for the
whole network on need for support and possibilities to give support for all members of
the network. Based on such an overall picture of all relevant information for the
network a configuration of support provision is determined in a sequential manner by a
kind of sequential generate and test (and backtrack) method. The approach proposed in
the current paper is different in that it works at a more local level, and not in a global
manner for the network as a whole. At each point in time each member of the network
determines in a dynamic and autonomous manner the support to be provided only for
his or her contacts, independent of other nonconnected members. Because this happens
in a dynamic manner, the process is emergent and highly adaptive; for example if, for a
given member support is provided by more members, this will contribute to effec-
tiveness, and therefore soon the level of support can be adapted.

The presented model can be a basis to develop a human-aware or socially aware
software agent application (e.g., [5, 9, 10, 15]) that can provide support in the social
interaction, for example, by including a smart social media application helping in
monitoring the states of the members of the network, and giving signals when some-
body’s stress levels are becoming too high. In other future work the aim is to study
more factors that could play some role on this process despite the ones described here.
For instance, can different types of connections between persons be incorporated?
Additionally, it could be interesting to expand the model to cope with a network
containing a significant number of members. Another future challenge is to find out
how to collect real data in order to see how the model would act in a real world
scenario. It is also important to state that two different individuals could need different
amount of support due to the same stressful situation, but we don’t take it into account
in our model as a matter of simplification. It could be implemented in a future work as
well. Finally, we believe that the simulated scenarios described could be executed using
human users facing real stressful events in an extension of this work.

Acknowledgements. The authors would like to state that Lenin Medeiros' stay at Vrije
Universtiteit Amsterdam was funded by the Brazilian Science without Borders program. This
work was performed with the support from CNPq, National Council for Scientific and Techno-
logical Development - Brazil, through a scholarship which reference number is 235134/2014-7.

References

1. Anderson, N.B.: Encyclopedia of Health and Behavior, vol. 1. Sage (2004)

2. Aziz, A.A., Ahmad, F.: A Multi-agent model for supporting exchange dynamics in social
support networks during stress. In: Imamura, K., Usui, S., Shirao, T., Kasamatsu, T.,
Schwabe, L., Zhong, N. (eds.) BHI 2013. LNCS, vol. 8211, pp. 103-114. Springer,
Heidelberg (2013)

3. Aziz, A., Klein, M.C.A., Treur, J.: Intelligent configuration of social support networks
around depressed persons. In: Peleg, M., Lavra¢, N., Combi, C. (eds.) AIME 2011. LNCS,
vol. 6747, pp. 24-34. Springer, Heidelberg (2011)



10.

11.

12.

13.

14.

15.

16.

Modelling a Mutual Support Network for Coping with Stress 77

Aziz, A.A., Treur, J.: Modelling dynamics of social support networks for mutual support in
coping with stress. In: Nguyen, N.T., Katarzyniak, R.P., Janiak, A. (eds.) New Challenges in
Computational Collective Intelligence. SCI, vol. 244, pp. 167-179. Springer, Heidelberg
(2009)

Bosse, T., Hoogendoorn, M., Klein, M.C.A., Treur, J.: A generic agent architecture for
human-aware ambient computing. In: Mangina, E., Carbo, J., Molina, J.M. (eds.) Agent-Based
Ubiquitous Computing, pp. 35-62. Atlantis Press, World Scientific Publishers (2009)

Bosse, T., Memom, Z.A., Treur, J., Umair, M.: An adaptive human-aware software agent
supporting attention-demanding tasks. In: Yang, J.-J., Yokoo, M., Ito, T., Jin, Z., Scerri,
P. (eds.) PRIMA 2009. LNCS, vol. 5925, pp. 292-307. Springer, Heidelberg (2009)
Bosse, T., Memon, Z.A., Oorburg, R., Treur, J., Umair, M., de Vos, M.: A software
environment for an adaptive human-aware software agent supporting attention-demanding
tasks. J. Al Tools 20, 819-846 (2011)

Ditzen, B., Heinrichs, M.: Psychobiology of social support: the social dimension of stress
buffering. Restor. Neurol. Neurosci. 32, 149-162 (2014)

Pantic, M., Pentland, A., Nijholt, A., Huang, T.S.: Human computing and machine
understanding of human behavior: a survey. In: Huang, T.S., Nijholt, A., Pantic, M.,
Pentland, A. (eds.) ICMI/IJCAI Workshops 2007. LNCS (LNAI), vol. 4451, pp. 47-71.
Springer, Heidelberg (2007)

Pentland, A.: Socially aware computation and communication. IEEE Comput. 38, 33-40
(2005)

Schalkwijk, F.J., Blessinga, A., Willemen, A., Van Der Werf, Y.D., Schuengel, C.: Social
support moderates the effects of stress on sleep in adolescents. J. Sleep Res. 24, 407-413
(2015)

Schwarzer, R., Bowler, R., Cone, J.: Social integration buffers stress in New York police
after the 9/11 terrorist attack. Anxiety, Stress & Coping 27(1), 18-26 (2014)

Smith, A., Wang, Z.: Hypothalamic oxytocin mediates social buffering of the stress
response. Biol. Psychiatry 76(4), 281-288 (2014)

Stein, E., Smith, B.: Social support attenuates the harmful effects of stress in healthy adult
women. Soc. Sci. Med. 146, 129-136 (2015)

Treur, J.: On human aspects in ambient intelligence. In: Muehlhauser, M., Ferscha, A.,
Aitenbichler, E. (eds.) Aml 2007 Workshops. CCIS, vol. 11, pp. 262-267. Springer,
Heidelberg (2008)

Treur, J.: Dynamic modeling based on a temporal-causal network modeling approach.
Biologically Inspired Cogn. Architect. 16, 131-168 (2016)



	Modelling a Mutual Support Network for Coping with Stress
	Abstract
	1 Introduction
	2 The Computational Model
	3 Verification of the Model
	3.1 Mathematical Analysis
	3.2 Results of Simulation Experiments

	4 Discussion
	Acknowledgements
	References


