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5. Computational model of influences on
physical activity

Abstract
A computational agent model of social and cognitive influences on physical activity based
on Bandura’s social cognitive theory is proposed. The utility of this model is twofold. First,
it is used to run simulations of many different scenarios, that cannot be manipulated easily
in reality, and that can possibly lead to new hypotheses about how social and cognitive
factors influence physical activity. Second, as a next step, this computational model will be
deployed in a real world coaching agent. The coach will use the current model to reason
about the social and cognitive influences on the user’s physical activity and derive which
coaching strategy fits the user best.



This chapter is an extended version of the article published as:

Julia S. Mollee and C. Natalie van der Wal (2013). “A Computational Agent Model of
Influences on Physical Activity Based on the Social Cognitive Theory”. In: Proceedings
of the 16th International Conference on Principles and Practice of Multi-Agent Systems
(PRIMA 2013). Edited by Guido Boella, Edith Elkind, Bastin Tony Roy Savarimuthu, Frank
Dignum, and Martin K. Purvis. Volume 8291. Lecture Notes in Computer Science. Springer
Berlin Heidelberg, pages 478–485
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5.1 Introduction
Unhealthy lifestyles are a major public health issue, as they increase the risk of disease and
fatal illness. For instance, smoking and physical inactivity account for 18% and 12% of
all deaths in developed societies respectively (Murray and Lopez, 1999). The increasingly
sedentary nature of Western culture cultivates unhealthy lifestyles. It is important to develop
novel and effective means to stimulate people to improve their lifestyle.

Physical activity is an important means to lower the risk of disease and premature death
(Warburton, 2006). Physical activity can be increased significantly through self-monitoring
and the use of pedometers, but whether these changes are durable over the long term is
still undetermined (Bravata et al., 2007; Lubans et al., 2009). Furthermore, internet- and
e-mail-based systems that promote physical activity, or other healthy lifestyles, can increase
cost-effectiveness and accessibility of an intervention, but often have low adherence rates
(Davies et al., 2012; Eysenbach, 2005; Wangberg et al., 2008). If no efficient methods
are developed that stimulate physical activity and other healthy lifestyles on the long term,
developed societies are threatened by rapidly increasing disease prevalence and related
health care costs.

The current research serves as the first step towards such an innovative method to
effectively increase physical activity. We present a computational model of the social
and cognitive factors that influence one’s level of physical activity, according to Albert
Bandura’s social cognitive theory (Bandura, 1998, 2004). The purpose of this work is
the future integration of this domain model in a smartphone app coaching agent. This
agent will gather physical, cognitive and social data about the user, and apply the current
computational model and intelligent reasoning techniques to these data, in order to predict
the most effective coaching strategy to stimulate the user to exercise more.

Up to our knowledge, this work is the first computational model of the social cognitive
theory. It could lead to new testable hypotheses, that are interesting for other disciplines
such as Social Sciences and Psychology. Our aim is to simulate many scenarios of different
personalities and other factors influencing physical activity and to find emerging properties
leading to new hypotheses for future experiments. As a case study, we use the model to
investigate how impediments and facilitators influence one’s exercise behavior.

The paper is organized as follows: Section 5.2.1 describes the proposed computational
model. Section 5.3 describes the simulations performed with the model. Section 5.4
addresses the analysis of the model through automated property verification. Finally, Section
5.5 concludes the paper and discusses possible refinements and future work.

5.2 Social cognitive computational agent model for exercise behavior
In this section, the computational model based on the social cognitive theory is described
both conceptually and formally.

The social cognitive theory addresses both social and cognitive factors that influence
health behavior (Bandura, 1998, 2004). The key cognitive factor is the concept of self-
efficacy: the confidence in one’s own ability to achieve goals. It plays a fundamental
role in achieving motivation and action for healthy behavior. The behavior stands for the
level of physical activity that someone is engaged in. However, people may have different
perceptions of their behavior. This subjective notion is called the satisfaction. It depends
on whether someone’s behavior has met the related intentions, and on the impediments
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and facilitators they experience. Another factor contributing to engagement in physical
activity concerns the outcome expectations for the behavior, which comes in three types:
the expected social outcomes, the expected personal outcomes and the expected physical
outcomes.

The motivation to base the current computational agent model on Bandura’s social
cognitive theory is threefold. First of all, this theory is well-established in the literature of
behavior change: it has shown to explain a large part of the variance observed in physical
activity (Rovniak et al., 2002) and it served as basis for many studies investigating the
determinants of physical activity (Dzewaltowski et al., 1990; Petosa et al., 2003). Second,
in (Bandura, 1998) and (Bandura, 2004), the theory was specifically applied to health
promotion and health behavior. Considering the objective of this research, the promotion
of physical activity, the theory is very suitable to this particular endeavor. Third, the social
cognitive theory explains health behavior by a combination of self-regulative processes and
social context. Both of these factors are particularly relevant to the final aim of this research:
the former is perfectly suited to be individually supported through a smartphone app, and
the latter is available through information and interactions on social media.

5.2.1 Computational model of physical activity behavior
The dynamic relationships between all concepts are depicted in graphical form in Figure 5.1
and formalized with the differential equations below. All concepts are modeled numerically,
as real values in the interval [0,1].

Figure 5.1: Graphical overview of relations between concepts.

Self-Efficacy (SE). The self-efficacy is largely based on the behavioral satisfaction. A
positive evaluation of one’s own behavior helps to build trust in the efficacy, whereas a
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feeling of failure undermines it. These effects are formalized by updating the self-efficacy
beliefs with a fraction of the difference between the self-efficacy and the satisfaction: if
the value of the satisfaction is higher than the self-efficacy, then this will lead to increased
feelings of efficacy, and vice versa. In order to guarantee that the resulting value stays within
the interval from 0 to 1, the adjustment is multiplied with SE(t) in case of a decrease and
(1−SE(t)) in case of an increase.

i f SE(t)≥ Sat(t) :
SE(t +∆t) = SE(t)+βSat,SE · (Sat(t)−SE(t)) ·SE(t) ·∆t

i f SE(t)< Sat(t) :
SE(t +∆t) = SE(t)+βSat,SE · (Sat(t)−SE(t)) · (1−SE(t)) ·∆t

Impediments (Imp). The self-efficacy plays a role in how insurmountable one views
his/her impediments. Therefore, the ‘objective’ impediments (Imp∗) are adjusted based on
the difference between the values of the self-efficacy and the impediments.

i f SE(t)≥ Imp∗(t) :
Imp(t) = Imp∗(t)−βSE,Imp · (SE(t)− Imp∗(t)) · Imp∗(t) ·∆t

i f SE(t)< Imp∗(t) :
Imp(t) = Imp∗(t)−βSE,Imp · (SE(t)− Imp∗(t)) · (1− Imp∗(t)) ·∆t

Facilitators (Fac). Similar to the impediments, the ‘objective’ facilitators (Fac∗) are
adjusted according to the self-efficacy.

i f SE(t)≥ Fac∗(t) :
Fac(t) = Fac∗ (t)+βSE,Fac · (SE(t)−Fac∗(t)) · (1−Fac∗ (t)) ·∆t

i f SE(t)< Fac∗(t) :
Fac(t) = Fac∗ (t)+βSE,Fac · (SE(t)−Fac∗(t)) ·Fac∗(t) ·∆t

Intentions (Int). The intentions are updated by the difference between the intentions
and the self-efficacy and between the intentions and the outcome expectations: the higher
the self-efficacy and/or the outcome expectations, the more ambitious the intentions. Also,
the intentions are adjusted for the facilitators and the impediments.

Change_Int(t) =

βSE,Int · (SE(t)− Int(t))+βSOE,Int · (SOE(t)− Int(t))+βFac,Int ·Fac(t)−βImp,Int · Imp(t)

i fChange_Int(t)≥ 0 :
Int(t +∆t) = Int(t)+Change_Int(t) · (1− Int(t)) ·∆t

i fChange_Int(t)< 0 :
Int(t +∆t) = Int(t)+Change_Int(t) · Int(t) ·∆t
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Behavior (Beh). The behavior indicates one’s activity level: a value of 0 denotes that
someone is not physically active at all and a value of 1 denotes that someone is maximally
active. The value is updated by comparing its previous value to the self-efficacy, the outcome
expectations and the intentions, and by adjusting it for the facilitators and the impediments
that a person is facing.

Change_Beh(t) =

βSE,Beh · (SE(t)−Beh(t))+βOE,Beh · (OE(t)−Beh(t))+

βInt,Beh · (Int(t)−Beh(t))+βFac,Beh ·Fac(t)−βImp,Beh · Imp(t)

i fChange_Beh(t)≥ 0 :
Beh(t +∆t) = Beh(t)+Change_Beh(t) · (1−Beh(t)) ·∆t

i fChange_Beh(t)< 0 :
Beh(t +∆t) = Beh(t)+Change_Beh(t) ·Beh(t) ·∆t

Satisfaction (Sat). The satisfaction, i.e. the evaluation of one’s behavior, is implemented
by updating its value with the difference between the intentions and the behavior, and by
accounting for the presence of facilitators and impediments.

Change_Sat(t) = βInt&Beh,Sat · (Beh(t)− Int(t))+βImp,Sat · Imp(t)−βFac,Sat ·Fac(t)

i fChange_Sat(t)≥ 0 : Sat(t +∆t) = Sat(t)+Change_Sat(t) · (1−Sat(t)) ·∆t

i fChange_Sat(t)< 0 : Sat(t +∆t) = Sat(t)+Change_Sat(t) ·Sat(t) ·∆t

Social Norm (SN). The social norm is implemented as the weighted average of the
behavior of all relevant friends, where closer and more influential friends contribute more to
the social norm than more distant or less influential friends.

SN(t) =
∑

n
i=1 Behi(t) ·ωi

∑
n
i=1 ωi

Personal Norm (PN). The personal norm is partly based on the social norm and partly
on a personality trait, which is called the static personal norm.

PN(t) = αSN,PN ·SN(t)+(1−αSN,PN) ·Static_PN

Expected Social Outcomes (SOE). By comparing the behavioral satisfaction with the
social norm, the social outcome expectations are calculated. The second half of the formula
allows for outcome expectations that are not dependent on the satisfaction. The parameter
αSat,SOE specifies to what extent someone is influenced by the social norm.

SOE(t) = αSat,SOE ·min(Sat(t)/SN(t)/2,1)+(1−αSat,SOE) ·Static_SOE
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Expected Personal Outcomes (POE). The personal outcome expectations are calcu-
lated similarly to the expected social outcomes.

POE(t) = αSat,POE ·min(Sat(t)/PN(t)/2,1)+(1−αSat,POE) ·Static_POE

Expected Physical Outcomes (PhOE). The physical outcome expectations are formal-
ized by combining two parts as well: one part is determined by the satisfaction, and the
other part allows for expectations based on new experiences.

PhOE(t) = αSat,PhOE ·Sat(t)+(1−αSat,PhOE) ·Static_PhOE

Outcome Expectations (OE). The three types of outcome expectations are aggregated
into one concept: the outcome expectations. First, the three sets of expected outcomes are
combined in a weighted average. Subsequently, the outcome expectations are adjusted based
on the feelings of self-efficacy.

OE∗(t)= (ωSOE ·SOE(t)+ωPOE ·POE(t)+ωPhOE ·PhOE(t))/(ωSOE +ωPOE +ωPhOE)

i f OE∗(t)≥ SE(t) :
OE(t +∆t) = OE∗(t)+βSE,OE · (SE(t)−OE∗(t)) ·OE∗(t) ·∆t

i f OE∗(t)< SE(t) :
OE(t +∆t) = OE∗(t)+βSE,OE · (SE(t)−OE∗(t)) · (1−OE∗(t)) ·∆t

The values of all parameters (αs, β s and ωs) can be adjusted by the modeler and
appropriate settings were chosen by the authors.

5.2.2 Expert opinion on the computational model
The first step towards validation of our computational model was to ask an expert in the
field of physical activity research her opinion on our model. She is familiar with many
psychosocial theories about physical activity, which she applies in her research to validate
coaching strategies to increase the level of physical activity in children and young adults.
She proved to be able to reason about the concepts and the dynamic relationships at the
conceptual level, and provided us with insightful feedback. After careful analysis of our
chosen concepts, relations and formulas, the expert agreed on all of our relations and the
way they were modeled. She evaluated our model as very plausible. A possible refinement
based on her advice is discussed in Section 5.5.

5.3 Simulations
The computational model, which was implemented in Matlab, contains 21 parameters. These
are the result of representing Bandura’s theory in a computational model without losing
details of the original model. A total of 160 simulation scenarios were carefully set up by
the authors to investigate many hypotheses about Bandura’s model.
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Four characteristic person types for physical activity were determined beforehand, with
the advice of an expert in the field of physical activity. The initial values of the relevant
concepts are either 0.5 (neutral person), 0.9 (active person) or 0.1 (inactive person), with
some exceptions. The person recovering from an injury is similar to an active person, but
has low values for behavior and satisfaction. See Table5.1 for specific parameter settings.
All simulations were analyzed manually and interpreted by the authors (in this section), and
also verified automatically with the help of a computer tool (in Section 5.4). All data is
available upon request.

Table 5.1: Simulation settings for four person types.

Neutral Active Inactive Injury

SE_Start 0.5 0.9 0.1 0.9
Beh_Start 0.5 0.9 0.1 0.1
Sat_Start 0.5 0.9 0.1 0.1
Int_Start 0.5 0.9 0.1 0.9
OE_Start 0.5 0.9 0.1 0.9
Static_PN 0.5 0.9 0.5 0.9
Static_OE 0.5 0.9 0.1 0.9

5.3.1 Scenario 1–4: Default runs

The first set of simulations investigates whether the levels of physical activity change during
the course of the simulation if there are no facilitators or impediments. It was shown that
the behavior of the neutral person and the inactive person does neither increase nor decrease.
The behavior of the active person decreases slightly, because the expected outcomes decrease
below 0.9. The person with the injury starts with unstable settings: the goals and self-efficacy
do not match the behavior. Therefore, the behavior first increases to approximately 0.45
and then stabilizes around 0.35, and the goals and self-efficacy decrease to 0.2 and 0.35,
respectively. See Figure 5.2.

5.3.2 Scenario 5–28: Impediments only

Impediments were varied in three different strengths over all four person types with either a
high or low value for β Imp,Beh, resulting in a set of 4×3×2 = 24 simulations. The simulations
show that for an active person and during the presence of impediments: the higher the
impediments, the lower the behavior. This effect is more apparent for a high β Imp,Beh. On
the contrary, the presence of impediments causes a boost in the behavior of an inactive person.
(See Figure 5.3.) The effect is greater for a low β Imp,Beh. This suggests that encountering
(and overcoming) obstacles might in some cases lead to an increase in confidence and as a
result an increase in physical activity.
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Figure 5.2: Scenario 4: Injured person, no facilitators, no impediments.

Figure 5.3: Scenario 18: Inactive person, average impediments, low β Imp,Beh.
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5.3.3 Scenario 29–52: Facilitators only

Facilitators were varied in three different strengths over all four person types with either a
high or low value for β Fac,Beh, resulting in a set of 4×3×2 = 24 simulations. The key finding
is that when facilitators are present, the physical activity behavior of all person types always
increases. This is different than the presence of impediments, which do not always lead to
an increase in behavior. When facilitators disappear, the self-efficacy of all person types
increases, and behavior always decreases, although never below the value it increased to
during facilitators. See Figure 5.4 for an example.

When looking at the whole duration of the simulation, the final behavior value, compared
to the initial value, always increases for the active persons and for the neutral persons with a
high value for β Fac,Beh, but it always ends lower for the inactive and injured persons. This
could be accounted for by their high initial levels of self-efficacy, followed by decreases in
self-efficacy during facilitators. This result seems to indicate that on the long term, active
and injured persons should not experience too many facilitators, even though their behavior
increases on the short term.

Another interesting finding is that during facilitators, the self-efficacy decreases for all
persons, except for inactive or injured persons with a high value for β Fac,Beh. It seems that
one normally lowers his/her self-efficacy when experiencing facilitators, because one is
not fully responsible for his/her own behavior. The inactive and injured person with a high
value for β Fac,Beh seem to still experience their behavior as mastery experiences during
facilitators, which could point towards giving these persons the ‘right challenge’ to create
mastery experiences.

Figure 5.4: Scenario 34: Neutral person, high facilitators, high β Fac,Beh.
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5.3.4 Scenario 53–160: Impediments and facilitators
For the active, inactive and injured person type, impediments and facilitators were varied in
three orders (simultaneously or sequentially), in three different strength combinations and
with high or low values for β Imp,Beh and β Fac,Beh, resulting in 3×3×3×2×2 = 108 simulations.
An interesting finding is that no matter if impediments and facilitators are of equal strength
or one is stronger than the other, the inactive persons always show that their self-efficacy
and physical activity behavior increase over the whole duration of the simulation, while both
decrease for the active persons. See Figure 5.5 and Figure 5.6.

Figure 5.5: Scenario 56: Active person, impediments and facilitators, high β Imp,Beh, high β Fac,Beh.

This means that when impediments and facilitators are of equal strength, they do not
compensate for each other’s effect. For example, for active persons, the self-efficacy
decreases twice: first during impediments and later after facilitators are gone. For inactive
persons, the self-efficacy increases twice: first during impediments and later after facilitators
have disappeared.

When facilitators and impediments arise simultaneously, their effects cancel each other
out if they have equal strengths and equal values for β Imp,Beh and β Fac,Beh. If one of both
factors is stronger than the other, or if the β s have unequal values, then the effects resemble
the presence of either facilitators or impediments.

5.4 Verification of computational agent model
The presented computational model was analyzed by specification and verification of
properties expressing dynamic patterns that are expected to emerge. The purpose of such
verification is to automatically check whether the model behaves correctly, by running a
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Figure 5.6: Scenario 68: Inactive person, impediments and facilitators, high β Imp,Beh, high β Fac,Beh.

large number of simulations and verifying such properties against the simulation traces. This
process would be very time consuming if done by hand, and it enables verifying complex
properties that require deep logical thinking automatically.

Several dynamic properties have been identified to check basic model issues (for example,
do all concepts stay within the range of [0,1]) or were based on hypotheses from the
researchers or from literature. The properties were formalized in the Temporal Trace
Language (TTL) and checked automatically (Bosse et al., 2009). The language TTL is built
on atoms referring to states of the world, time points and traces. For example: state(γ, t) |= p
denotes that p holds in trace γ (a trajectory of states over time). Dynamic properties can be
formulated using quantifiers over time and traces and first-order logical connectives, such as
¬, ∧, ∨,⇒, ∀, and ∃. Below, we present an example of such a property, both in semi-formal
and in formal notation. It checks whether the physical activity level is increased at the end
of the simulation.

P1: Increase of physical activity during simulation
There exists a timepoint t1 at the beginning of the trace, at which behavior has value x, and
a timepoint t2 at the end of the trace, at which behavior has value y and y > x.

∃m : T RACE,∃t1, t2 : T IME,∃x,y : REAL

state(m, t1)|= Beh(x)&state(m, t2)|= Beh(y)&y > x

Property P1 can be used to verify if the physical activity is increased at the end of the
simulation. This is interesting to find out for many simulation scenarios at the same time.
One can find out which combination of the interaction between the social and cognitive
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processes with the impediments and/or facilitators leads to an increase or decrease in physi-
cal activity. This property can be verified for all concepts, simply by changing Beh(x) into
another concept, such as SE(x). This property was verified for many simulation traces. For
example, the property did not succeed for all active persons that experience impediments and
injured persons experiencing facilitators, meaning their behavior decremented or remained
stable during the simulation. The property was successful for all inactive persons experi-
encing facilitators, meaning that for all of them their physical activity increased during the
simulation. For some of the simulation traces of inactive persons experiencing impediments,
the property showed to be successful as well.

5.5 Conclusions
The aim of this research was to develop a computational model of Bandura’s social cognitive
theory. The strength of this model is twofold. First, it can be used to simulate numerous
scenarios to test hypotheses known from literature and to find emerging properties leading
to new hypotheses for future experiments. Second, the model is designed as a basis for
a coaching agent that will gather cognitive, social and physical data and use intelligent
reasoning capabilities to apply the most efficient coaching strategy to the user. This coach
will predict the user’s exercise behavior based on the measured data and it will reason with
the current computational model to apply different coaching strategies on the user in order
to stimulate him/her to exercise more.

In order to draw strong conclusions or make predictions based on the current compu-
tational model, it should be validated. Although an expert in the field of physical activity
found our computational model plausible, and the model was also verified successfully
through checking many dynamic properties over all simulations, we plan to gather empirical
data of the model’s concepts over time to tune the parameters and to test whether the patterns
generated by the model are supported by real world data.

A possible improvement of the model identified by the expert was preventing the self-
efficacy to drop below the value for the actual behavior. It can be questioned whether it
is possible in real life to be physically active, but have low feelings of self-efficacy. A
property was created to test this, which revealed that the model does enable it. The empirical
data gathered for the validation of the model could be used to find indications whether this
artefact is desirable, or whether it should be avoided.
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