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Abstract 
 
This study develops a computational model for simulation of behaviors of learners under the influence of 
motivation and engagement environment based on Cellular Automata (CA). It investigates the changing pat-
terns of learners’ behaviors when motivation and engagement environment are assigned with different values 
respectively. The simulation process indicates that the internal factor, which is the motivation in this paper, 
plays a key role in changing learners’ behaviors under certain circumstance and the engagement environment 
also significantly influences learner’s perception. The results obtained also show good agreement with the 
phenomenon generally being observed in practice. 
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1. Introduction 
 
Motivation and engagement environment are always fo- 
cus points for educators and interesting topics for re-
searchers. They are the essential elements for successful 
knowledge acquisition and learning efficiency. In the 
past decades, many researchers have been focusing their 
studies on how the learners’ behaviors change when dif-
ferent impacts involve. Andrew J. Martin developed the 
Motivation and Engagement Wheel for the seminal mo-
tivation and engagement theory [1]. Researches indicate 
that students’ behaviors are influenced by different fac-
tors such as: self-complete intervention [2], emotional 
withdraw and poor identification with the school [3], 
class participation[4], school culture and structure[5], the 
relationship the students have with their teachers[6], ed- 
ucational correlates (educational aspirations, class partic- 
ipation, enjoyment of subject)[7] etc. These studies made 
great contribution to the formation of motivation and 
engagement theory in educational area and have been 
widely accepted in practice. However, these theories in- 
volve complex dynamic interactions of internal and ex-
ternal factors. The mixture of different types of impacts 
imposed on learners’ learning process makes quantitative 

analysis on behavior orientation a very difficult task. The 
main purpose of the present study is to apply micro- 
evolutionary mechanism of CA to simulate learners’ be-
haviors in a quantitative method. 

The present study develops an approach through which 
the behavior orientation of learners can be observed in-
tuitively. Based on CA and basic thoughts proposed in 
the motivation and engagement theories in education, 
this paper proposes a model for the simulation of com-
plicated behaviors of learners influenced by two impacts 
which are the motivation strength and engagement envi-
ronment, to investigate the global behavior of a selected 
population of learners. Simulation results obtained show 
that the proposed model is a promising computational 
approach in the mimic of behavior orientation of learners 
and provides a way to intuitively observe the changing 
pattern of learners’ attitude toward study under the com-
plicated influence of impacts. 
 
2. Method 
 
2.1. CA 
 
CA model was developed by Von Neumann and Ulam in 
their study on self-reproducing systems in 1951[8]. CA is 
a bi-dimensional continuum. Cells in CA interact in a co- 
dified space-time torus wrapped from a CA grid under 
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behavioral rules[9]. They may change their status during 
the evolution, and each state represents the state of a 
specific cell at moment t. CA model may also be viewed 
as simulation of global results of local interactions am- 
ong individual cells in a selected grid size[10,11]. The 
model can be considered as an evolving system in which 
individuals interacting with each other under certain sto-
chastic transition rules [11]. The transferring of informa-
tion among members in the system may result in the 
change of behaviors. 

Most widely used neighborhood structures are Von 
Neumann’s model and Moore’s model as shown in Fig-
ure 1 [12]. In Von Neumann’s model, the central agent 
(cell) is surrounded by four neighboring cells, while in 
Moore’s model the central one is surrounded by eight 
neighboring cells [13]. The state of the central cell at 
time t depends on the collective interaction of the neig- 
hboring cells at time t-1. 

A classical definition for CA is shown in the following 
equation[14]: 

( , , , )dA L S N f                 (1) 

where, L and d are the spatial extension of the automata 
and the dimension of the system respectively; S is the 
finite state set and N stands for the set of the cells; f is the 
transfer function of the mapped states. 
 
2.2. Simulation Model 
 
The simulation model presented in this paper consists of 
three major components which are CA, motivation and 
engagement environment respectively. 
 
2.2.1. CA Component 
The selected population of learners is treated as a com-
plex system in which the individuals’ decisions on the 
perception of learning efficiency are closely related to 
that of their neighbors and impacts. The individual cells 
(treated as learners) in a two-dimensional grid may be 
represented with the following matrix (see Figure 2): 

 

(a) Von Neumann (b) Moore

 

 

Figure1. Types of neighborhood of bi-dimensional CA. 
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Figure2. CA matrix. 
 

The subscripts (i, j) in the matrix indicate the positions 
of the cells in the automata.  

A 30 × 30 CA automata grid is chosen for the simula-
tion and Moore type of neighborhood structure is applied 
in this paper. Each cell in the CA grid is pre-assigned 
with a state and has three states to choose during the sim- 
ulation. The state is represented as , where -1, 
0 and 1 stand for the maladaptive intended state, natural 
intended state and adaptive intended state respectively.  

{ 1,0,1}S  

The maladaptive intended state is for those who are 
negatively affected by neighbors in learning. They tend 
to have the perception of disengagement, self-handicap-
ping, anxiety, failure avoidance and uncertain control. 

The natural intended state represents the state for wh- 
ich the perception of learners on learning result is be-
tween the maladaptive and adaptive groups. 

The adaptive intended state is suitable for those who 
are positively affected by neighbors in learning. They 
tend to have positive perception on self-efficacy, attribu-
tions, valuing, control, self-determination, goal orienta-
tion and so on. 

The state of the central cell in CA component can be 
represented as the following: 

( ) ( 1)S t S t                 (2) 

S (t) represents the intended state of a cell at time t and 
S(t - 1) stands for the average influence from neighboring 
cells in the neighborhood at time t - 1. The value of S(t) 
is determined by the average value obtained from its all 
neighboring cells at time t - 1. The influences imposed 
on the central cell at time t - 1 are: the average influence 
created by the neighbors is 1( 1)n t  when neighboring 
cells are in the state of -1; the average influence from the 
neighbors is 2 ( 1)n t  when the neighboring cells are in 
the state of 0, and the average influence from the 
neighbors is 3 ( 1)n t  when they are in the state of 1. 
Therefore, the average influences imposed on the central 
cell from its neighboring cells are as shown in Table 1. 
 
2.2.2 Motivation Component 
M(t - 1) is assumed to be individual’s intrinsic drive on 
learning at time t - 1 or the motivation on learning This 
paper assumes that M(t - 1) represents individual’s per-
ception, at time t - 1, on self-efficacy, attributions, valu-

Copyright © 2010 SciRes.                                                                                  IIM 



Z. Y. LIANG  et  al. 
 

565

ing, control, self-determination, goal orientation and so 
on. the value of M is chosen from [r1, r2], 0 ≤ r1 ≤ 1 
and 0≤ r2 ≤ 1. In order to investigate the influence of 
M , the values of r1 and r2 are stochastically taken from 
sub-ranges within [0, 1] during the simulation. The sub- 
ranges [0.3, 0.4], [0.4, 0.5], [0.5, 0.6] and [0.6, 0.7] are 
adopted to represent different perception (drive) levels 
while [0, 0.3] and [0.7, 1] are considered to be the ext- 
reme bad and extreme good perceptions on learning re-
sult. This arrangement of data-assignment typically rep- 
resents the fact that motivation has certain level for cer-
tain group of learners. Through this way, we can assign 
different, but specific, levels (sub-ranges) of motivation 
on internal drive of individuals during the simulation. 
 
2.2.3. Engagement Environment Component 

( 1)E t -  is taken as engagement environment at time t - 1, 
which is assumed to be the perception of an individual 
has on the engagement environment he is in. It is assu- 
med that [0, e] is the range of perception that learners 
have on teaching method, school condition, interaction 
between teacher and students, relationship among stud- 
ents and so on and 0 ≤ e ≤ 1. The higher the value e 
is, the better the perception of the learners have. Values 
of Et are obtained through stochastically assigning values 
from the range of [0, e] to ( 1)E t   at time t-1during the 
simulation. This arrangement of data-assignment typi-
cally imitates the practice where the perception on en-
gagement environment is widely distributed over indi-
vidual learners in the range from the low to high due to 
different personal values. 
 
2.3. Determination of Resulted State 
 
The final state for each cell at each time step is deter-
mined by the total ,  of S(t ), M(t) and E(t) as shown 
in Equation 3. The value for  is ≧ 0 and may ex-
ceed 1 in some cases. 

t
i jS

,
t
i jS

, ( ) ( ) ( )t
i jS S t M t E t              (3) 

With this special design, we can combine CA with 
some impacts to dynamically simulate state change of in- 
dividual cells in a social system, thus to create a global 
orientation of a selected population of learners. 
 
2.4. Transit Rules 
 
According to the simulation model proposed above, fol-
lowing transit rules for the simulation are formulated: 

1) The state of a cell may change stochastically from 
 to ,  during the simulation. It may change from 

its own state at time t-1 to other states at time t depend-
ing on the calculated  in each time step. Here, criti-

cal values of 0.95 and 0.55 for ,  exist. Learner’s 
state changes in the direction of adaptive only when ,  
≥ 0.95, while learner’s state transfers to maladaptive 
only when  ≤0 .55. 

1
,
t
i jS  t

i jS

,
t
i jS

t
i jS

t
i jS

,

2) The state change for each cell follows the path of 
maladaptive-natural-adaptive or adaptive-natural-malad- 
aptive. Direct changing from maladaptive to adaptive or 
adaptive to maladaptive is prohibited. 

t
i jS

Through numerous experiments, this paper proposes a 
set of suitable transit rules for the simulation process as 
shown in Figure 3. 
 
3. Simulation and Discussion 
 
Based on the transit rules described above, numerous si- 
mulations were carried out. Typical evolving results of 
the simulation are as shown in Figure 4 where the star 
represents maladaptive and oval stands for adaptive. St- 
ate change for learners is simulated under different levels 
of M (t) and E (t), which is discussed in following sec-
tions. The results shown in Figure 5 and Figure 6 are 
the average of ten simulations, which clearly indicate the 
changing trend of learners’ perception under the influ-
ence of M and E. 

 
Table 1. Central cell state under the average influence of 
neighboring cells. 
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Figure3. Transit rules. 
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3.1. The Impact of Engagement Environment on 
Learner Behaviors 

Learners’ perceptions on learning results, as shown in 
Figure 5 (a), (b) and (c), are simulated under the influ-
ence of E when M is taken from [0.35, 0.45], [0.45, 0.55] 
and [0.55, 0.65] respectively. The results show the in-
fluence of engagement environment on learners’ percep-
tions at different levels of motivation strength. Following 
interesting points are noticed: the change of E causes the 
numbers of adaptive and maladaptive learners increasing 
or decreasing at different levels of M; the numbers of 
adaptive and maladaptive learners increases and de-
creases respectively at the same level of M when E is 
improved; the numbers for both types of learners also 
increase and decrease at the same level of E when the 
strength of M is increased to a higher level. Another im-
portant implication is that the change of M’s level brings 
more remarkable change on the numbers of both types of 
learners than the change of E. These result show good 
agreement with the fact that internal factor plays more 
important role in changing the perceptions of group of 
learners than the external factors. 

 

 
(a) E = 0.5, M = [0.35, 0.45] 

 
(b) E = 0.5, M = [0.55, 0.65] 

Figure 4. Typical evolving results of the simulation at the 

 
(a) 

 
(b) 

 
(c) 

Figure 5. (a) Influence of E en M is taken from [0.35, 

.2. The Impact of Motivation on Learners’  

 
o further prove the findings in Figure 5, another group 

 

 wh
0.45]; (b) Influence of E when M is taken from [0.45, 0.55]; 
(c) Influence of E when M is taken from [0.55, 0.65]. 

 
3

Behaviors 

T
of simulations are also implemented. Figure 6 (a), (b), (c) 
and (d)show the influence power of M when E is taken 
from [0, 0.35], [0, 0.45], [0, 0.55] and [0, 0.65] respec-
tively. These figures again clearly indicate the importa- 
nce of M on learners’ perceptions on learning results. At 
different levels of engagement environment, M imposes 
remarkable influence on learners’ perception. The most 
significant impact on the number change of learners both 
in adaptive and maladaptive groups happens at the mid-
dle and better levels of engagement environments, which 50th time step. 
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(b) 
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(d) 

Figure 6. (a) Influence of M  E is taken from [0, 0.35]; 

when E is taken from [0, 0.65]. 

better outcomes produced 

ffectiveness of Impact  

 o rately show the changing pattern of adap-
 

 in this paper combines CA with two 

 when
(b) Influence of M when E is taken from [0, 0.45]; (c) Influ-
ence of M when E is taken from [0, 0.55]; (d) Influence of M 

also has good agreement with the fact that basic external 
environment is necessary for 
by the internal factors. 
 
3.3. Comparison of E

Factors 
 

rder to sepaIn
tive and maladaptive learners’ behaviors under changing
M and E, three-dimensional figures are plotted based on 
the average of 100 simulations as shown in Figure 7 wh- 
ere percentage represents the number of relevant group 
of learners. From these figures, intuitive changing trend 
for both groups of learners is observed when M and E 
both change to different values. Stronger influence po- 
wer of M comparing with E can be seen clearly at dif-
ferent points of the axes. 
 
4. Conclusions 
 
T
st

he model proposed
rictly defined impacts. Through using the simulation 

model and transit rules carefully designed, it can be app- 
lied to simulate the global behavior of learners. The sim- 
ulation process indicates that the internal factor, which is 
the motivation in this paper, plays a key role in changing 

 

 
(a) 

 
(b) 

Figure 7. (a) Changing patte f maladaptive learners
Changing pattern of adaptive learners. 

rn o ; (b) 
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learners’ behaviors under certain circumstance and the 
engagement environment is also a very important force 
of influence on learners’ perceptions. Results also show 
that the simulation model and transit rules proposed in 
this paper are adequately designed and be able to reveal 
the changing patterns of behaviors of learners in some 
extent in learning environment and the results are close 
to the phenomenon observed in practice. Simulation re-
sults obtained show that the proposed model is a prom-
ising computational approach in the assessment of be-
havior orientation of a selected population although the 
accuracy is not validated due to the lack of real data. The 
model proposed also provides a way to intuitively ob-
serve the changing pattern of learners’ attitude toward 
learning under the influence of impacts based on the so-
cial environment provided by CA. 
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