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Abstract: Sociograms can represent the social relations between students. Some kinds of sociograms
are more suitable than others for achieving a high academic performance of students. However,
for now, at the beginning of an educative period, it is not possible to know for sure how the sociogram
of a group of students will be or evolve during a semester or an academic year. In this context,
the current approach presents an Agent-Based Simulator (ABS) that predicts the sociogram of a group
of students taking into consideration their psychological profiles, by evolving an initial sociogram
through time. This simulator is referred to as ABS-SOCI (ABS for SOCIograms). For instance,
this can be useful for organizing class groups for some subjects of engineering grades, anticipating
additional learning assistance or testing some teaching strategies. As experimentation, ABS-SOCI
has been executed 100 times for each one of four real scenarios. The results show that ABS-SOCI
produces sociograms similar to the real ones considering certain sociometrics. This similarity has
been corroborated by statistical binomial tests that check whether there are significant differences
between the simulations and the real cases. This experimentation also includes cross-validation and
an analysis of sensitivity. ABS-SOCI is free and open-source to (1) ensure the reproducibility of the
experiments; (2) to allow practitioners to run simulations; and (3) to allow developers to adapt the
simulator for different environments.
Keywords: agent-based simulation; agent-based social simulation; multi-agent system; agent-oriented
software engineering; sociogram

1. Introduction
Instructors should take several aspects into account in order to obtain a high quality level of
education customized for a particular group of students. One of the most relevant ones is the proper
adaption of the lectures to the academic level of students. Another factor is to consider the social
relations among the students, as these can condition their academic performance. For instance, isolated
students may have a lower academic performance. Instructors can mitigate the isolation of certain
students by making teamwork activities assuring that the potential isolated students are well integrated
in their teams [1]. For achieving this purpose, it is essential that teachers have the appropriate tools for
estimating the relations among students. This is the reason why a simulator of student sociograms can
be helpful for teachers in order to personalize the education regarding the social statuses of students.
The current work presents an agent-based simulator (ABS) called ABS-SOCI for predicting
sociograms of students classified by their activity roles.
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ABS-SOCI assists teachers in ameliorating the isolation of students. It can also allow teachers to
anticipate potential cases of bullied students. Notice that bullying has been considered as one of the
most worrying problems in education [2], which, in the worst cases, can imply dramatic outcomes
such as suicides.
ABS-SOCI has some advantages over the application of general-purpose ABS tools such as
NetLogo [3] and Repast [4]. For instance, ABS-SOCI can directly use a customized representation
of sociograms, so that ABS researchers do not need to deal with the implementation of their
graphical representations. The graphical sociogram representation of ABS-SOCI includes different
kinds of arrows (representing respectively selection and rejection relations) with different intensities
(represented with different widths), and the individuals are represented in a circled layout as commonly
done in sociograms [5]. In addition, ABS-SOCI simulates the evolution of social relations from a matrix
of affinities between student activity roles, considering aspects such as the duration of the relations,
their trends, and the common reciprocity. The implementation of these aspects are not straightforward
in general-purpose ABS tools, to the best of the authors’ knowledge.
The current research focuses on validating that the simulator forecasts sociograms are similar
to the real ones. For this purpose, we have assessed the current approach by comparisons in (1)
three different real scenarios taken from the literature and (2) another scenario from the experience of
one of the current authors. ABS-SOCI has provided the base for the simulation of teaching strategies [6]
and the clustering of students from their features for later simulating their social relations [7].
The next section introduces the related work. Section 3 introduces ABS-SOCI describing its
theoretical bases and its underlying behavior. Section 4 describes the experiments conducted with
ABS-SOCI, and Section 5 mentions the conclusions and future lines of research.
2. Background
Sociograms graphically represent the social relations among individuals. Sociograms can analyze
several kinds of relations, such as selections and rejections. Selection relations can be obtained by asking
for example “Who would you choose as a workmate?”, while rejection relations can be obtained with
questions such as “Who would you avoid to work with?” Sociograms [8] have proven to be especially
useful for analyzing group dynamics, performing comparisons between groups, and studying the
repercussion of the moderator (or instructor) technique.
Several works associated the analysis of social networks with the group performance. For instance,
Grund [9] presented a detailed analysis of the different network structures and their relation with
the team performance. The results of a league of soccer teams were used as experimental basis to
measure the performance, and this was compared with the known measures of network structures
such as network intensity (passes per minute) and network centralization. Furthermore, the work of
Lin and Lai [10] not only related the network with the performance, but also increased the performance
based on the network. In particular, this work presented a tool-supported technique for improving
academic performance of students being aware of social networks through the analysis of sociograms.
In online formative assessments, their system recommended students with low results to strengthen
their social connections and academically collaborate with their closest peers. Their study showed that
their system improved academic performance. However, none of these works allowed practitioners
to simulate the evolution of these sociograms through time in a realistic way so that some possible
sociogram structures could be forecasted given certain students with certain profiles.
There are different ways of analyzing sociograms. In particular, sociometrics are useful for
performing this analysis. For instance, Sweet and Zheng [11] proposed a metric for measuring
subgroup insularity or segregation, in order to quantify the separation between subgroups. In addition,
Barrasa and Gil [12] proposed a software application that measured a wide range of sociometrics in
sociograms. They proposed sociometrics that measured (a) different factors of the social status of each
individual as well as (b) group properties such as cohesion and dissociation. The current approach
used some of these metrics for measuring the simulation outcomes.
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Several works have used sociograms in education. For example, Roberts [5] extracted sociograms
from a group of students to analyze the influence of the teacher when encouraging student interaction.
She performed their analysis in the nursing education, and she analyzed the activity roles of student.
She provided some hints about how to encourage student interaction from her experience. In addition,
Dombrovskis et al. [13] used the sociograms for analyzing the interpersonal relations of young students
in sport lessons. Their goal was to promote cooperation skills among children in order to evoke positive
attitude towards learning and avoiding negative emotions in isolated ones. The current work shares
some of the goals with these works, and its innovation is the proposal of a simulator tool for predicting
sociograms of students beforehand.
Moreover, some works have studied the influence of grouping in education. For example,
Yu et al. [14] performed a study in a large city in China, and showed how the low academic-level
students increased their performance when they were included in heterogeneous academic-level
groups. Furthermore, Chen et al. [15] applied a Genetic Algorithm (GA) to group partners based on
the analysis of a social network, considering sociometrics for assessing the social statuses of students.
They applied the GA to optimize the grouping satisfying certain constraints related to the diversity of
grades, social status and genders. They compared the results of the GA with the solutions from Branch
and Bound (B&B), which obtain optimal solutions. They showed that the GA worked properly as it
frequently obtained optimal solutions or nearly optimal. These works provided alternative solutions
for one of the applications of the sociogram simulations, which is the grouping of students based on
their profiles. However, they did not provide solutions for other applications of sociogram simulations,
such as the estimation about the need of teamwork activities.
There are some ABSs and agent-based models (ABMs) for simulating sociograms. For instance,
Arentze et al. [16] presented an ABM for generating social networks. Their approach was based
on the formation of friendships considering aspects such as geographic proximity and similarity
between individuals. They used the random-utility-maximizing (RUM) framework, and they found
that the simulations regularly obtained similar results to the real ones in the Swiss context. In addition,
Hassan et al. [17] presented an ABM for simulating friendship relations by means of fuzzy logic.
They modeled the mental states of people and simulated their changes of mind. They also simulated
the relationships in social networks considering the similarity between individuals among other aspects.
Furthermore, Dobson et al. [18] presented an interactive ABS with virtual reality for training teams.
This simulator provided sociograms that represented the relations among agents. They simulated
emergency situations related respectively with railways and nuclear power generators. Nevertheless,
none of these works focused on the simulation of sociograms from the student roles about their activity
in lectures and learning exercises.
Although most simulations of sociograms are performed with ABSs, there are also very few works
that apply different approaches for this purpose. For example, McHardy and Vershinina [19] defined
a simulation model inspired by micro-biology for simulating sociograms that represented networks of
learners in industry. They simulated the transfer of knowledge based on the principles of autocatalysis,
in order to explain the collective generation of promising ideas. Nevertheless, the current approach
adheres to the major trend of using ABSs for simulating sociograms.
3. ABS-SOCI
ABS-SOCI is useful for estimating social structures from the student activity roles. This simulator
can assist teachers in knowing which groups of students are more probable to have inconvenient
social structures. In these cases, teachers can design collaborative learning activities for (a)
mitigating the isolation of some students and (b) facilitating the social structures that imply a higher
academic performance.
ABS-SOCI is able to simulate sociograms of student groups that consider the two relation kinds
of selections and rejections, in which each relation can have a different intensity. Some inputs are
the numbers of students associated with each activity role (quiet, participant, students that drive
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discussions to tangent topics, students that frequently make jokes, obstructive, and occasionally
participant). Other main inputs are the number of lectures (represented as iterations) and the initial
sociogram if known at the beginning of the course. ABS-SOCI simulates the evolution of the sociogram
showing a visual animation. The main output of ABS-SOCI is the final state of the sociogram.
Researchers can calibrate the internal parameters of the simulator to obtain different kinds of
simulation evolutions. They can change the internal parameters about (a) the coherence of relations
in terms of reciprocity; (b) the frequency in which relations can change their trends; (c) the speed for
evolving the intensity of selection and rejection relations; (d) the time from which the simulator starts
reducing the alterations in order to achieve stability. Researchers can also calibrate the affinities and
antipathies between every pair of student activity roles.
These internal parameters can be trained given certain known input conditions and certain real
resulting sociograms following ATABS (a technique for Automatically Training ABSs) [20].
In a research data repository, our public dataset of ABS-SOCI [21] freely provides the executable
file of this tool, its open source, its HTML documentations, and an example of initial sociogram.
This section describes the different inner facets of this ABS. It also explains the main decisions and
their advantages over other possible alternatives.
3.1. Applied Theoretical Bases
The interpersonal relationships depend on the student profiles according the previous findings in
Ref. [22]. Hence, the current system simulates these relation establishments based on student profiles.
In particular, the current work uses a classification of students inspired by the work of Roberts [5].
This classification has been selected as that work analyzed the corresponding student profiles in
relation with the social relations between students. In addition, it was also useful to match the student
profiles detected in other works about sociograms.
There are different grades of relationships, and, consequently, ABS-SOCI represents these grades.
Specifically, the variations of the grades of relationships usually follow some trends as demonstrated
by Leinhardt [23], although these trends vary sometimes. Hence, ABS-SOCI incorporates the concept
of relation trends, considering positive, neutral or negative ones. The grades of relationships normally
evolve following these trends with smooth transitions. The system simulates some eventual changes
of trends.
The changes of relation trends depend on some aspects such as the durations of relationships.
In particular, long-term relationships change less frequently their trends than the short-term
relationships [24]. In the current simulator, the decisions of changing relation trends are simulated in
a nondeterministic way considering the relation duration among other aspects.
The conformation of some relationships between the different profiles depends on the group size
according to Ref. [5]. The presented system simulates this fact by using different probability values for
simulating the social decisions regarding the group size.
The relationships are independently represented in the two directions between each pair of
individuals. However, it is well known that a high proportion of relationships are reciprocal [25].
More specifically, Davis [26] proved that a person referred to as X is more likely to choose a person
denoted as Y when Y chooses X. In order to properly simulate this fact, when an individual changes
their relation trend towards another individual, the former corresponding agent communicates it to
the latter. In this manner, the receiver agent decides whether to follow back this relation, it being
possible to indirectly adjust the proportion of relations that are reciprocal.
3.2. User Interface of the Tool
Figure 1 shows the main frame of the user interface (UI) of ABS-SOCI. In this frame, users can
introduce the input parameters of simulations. Each simulation can start either from (a) a neutral
sociogram (i.e., with only neutral relationships) or from (b) an existing sociogram with specific selection,
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neutral and rejection relations. In the former case, users introduce the number of students of each role.
In the latter case, users determine this sociogram with a text file (see an example in Figure 2).

Figure 1. Frame for showing the graphical evolution of sociograms.

Figure 2. Main frame of the user interface (UI) of the Agent-Based Simulator of Student Sociograms
(ABS-SOCI).

The number of iterations represents the number of teaching hours. Users can also select the
animation speed (i.e., number of iterations per second), which does not have any repercussion in the
actual simulation. Users can either observe all the steps and analyze these with a slow simulation,
or go through the whole simulation quickly to obtain the final results. Users can repeat simulations
with the same input parameters, by indicating the corresponding number of simulations.
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Once a user has initiated the simulations, a new frame pops up as the one in Figure 3. For each
simulation, this frame sequentially presents the evolution of the sociogram showing the results of all the
iterations from the first one to the last one. The sociogram is presented by situating all the individuals
in a circle, and connecting these with arrows when there is either a relationship of selection or rejection.
This representation is common in the works about sociograms. The relationships have directions,
and these directions are indicated with the corresponding arrowheads. The relationships have grades
of intensity, and these are graphically represented with the thicknesses of the corresponding arrows.

Figure 3. Initial sociogram represented with a text file.

In the right side, there is a legend for presenting some color notations. Each individual is
represented as a small filled circle with the color that represents its student agent types. The selection
and rejection relationships are respectively specified with black and red. The bottom right side of the
frame indicates the number of the iteration and the measurement values of certain sociometrics.
The sociometric results of all the simulations are presented on the right side of the main frame
with their averages and standard deviations (SD). The results can be saved into a text file by pressing
the corresponding button.
The results of ABS-SOCI are measured with some of the sociometrics introduced by Barrasa and
Gil [12] that are related to features of the group. The Index of Association of a group (IAg) measures
the cohesion of the group. The Index of Dissociation of a group (IDg) measures the dislike between
members of the group. The Index of Coherence of a group (ICg) measures the number of selections
that are reciprocally divided by all the actual selections (either reciprocal or not). The Index of Intensity
of a group (IIg) measures the grade of the emission of selections and rejections by the members of
the group.
3.3. Architecture
The architecture of ABS-SOCI is presented using the Ingenias language [27], since this simulator
has been modeled and developed as a multi-agent system (MAS). Figure 4 shows the main symbols of
the Ingenias notation, so that readers can understand the next figures.

Figure 4. Main symbols of the Ingenias notation.

The simulator was developed with the Process for Developing Efficient Agent-based Simulators
(PEABS) [28] that uses the Ingenias language. Figure 5 defines the following agent roles of ABS-SOCI:
•

Student role: This role impersonates the social behaviors of students. Its main goals are (1) to
make friends; (2) to consider the affinities between the different types of students; (3) to follow
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the trends of their social relations in most cases; (4) to notice the duration of the relations for
making it less probable that long-term relations change; (5) to maintain coherence in the ratio
of relations that are reciprocal. The student activity roles have been obtained by analyzing the
education literature [5] and selecting the following set of common student types based on the way
of participating in lectures:
–
–
–
–
–
–
•

Quiet Student agent: This student is usually quiet and does not participate in group discussions
during learning activities.
Participant Student agent: This student usually participates in class.
Tangent Student agent: This student usually drives the class discussions to tangent topics that
are not relevant.
Joker Student agent: It usually makes jokes in class discussions.
Obstructive Student agent: It frequently mentions the disadvantages of the learning activities.
Occasional Student agent: This student occasionally participates in class.

Sociogram Manager role: This person is responsible for properly updating the sociometric status of
the agents playing the student role. This role graphically presents the sociometric statuses with
sociograms. It can save the relevant information into a text file.

Figure 5. Definition of the roles and agents of ABS-SOCI.

3.4. Internal Functioning of the ABS
The presentation of the internal functioning of ABS-SOCI has been divided into (a) the introduction
of the student agents and their data structures in Section 3.4.1; (b) the presentation of the sociogram
representation in Section 3.4.2; and (c) the description of the evolution rules that are applied during
the simulation in Section 3.4.3.
3.4.1. Student Agents
Some student types are more suitable with certain student types than others. For instance,
participant students usually get on well with other participant students, and joker students (who
like to make jokes in classes) usually get on with tangent students (who tend to derive the class to
an irrelevant subject). However, other student types are frequently unsuitable with some student types.
For example, participant students usually reject obstructive students.
Moreover, the size of the group influences the probability that an individual selects another as
a friend. In general, for larger groups, the probability that two specific individuals are friends is usually
less, as they have higher numbers of people they can choose as friends. However, some specific roles
as jokers may be the opposite as two jokers may have more probabilities to be friends when they share
more students in the group that listen to their jokes. For this reason, this simulator defines different
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size levels determined with specific intervals, and some matrices and constants are separately defined
for each size level.
For representing all these scenarios, ABS-SOCI has the following vector and matrices:
•
•

•

“Size levels” vector: It defines the interval for each size level.
“Suitable” matrix: For each pair of student types t1 and t2 in a particular size level, it contains
the probability that a student of t1 type establishes a positive relation trend towards a student of
t2 type.
“Unsuitable” matrix: For each pair of student types t1 and t2 in a specific size level, it contains the
probability that a student of t1 type establishes a negative relation trend towards a student of
t2 type.

The two matrices referred as Suitable and Unsuitable have the restriction that, for each pair of
types t1 and t2 in a particular size level, the sum of the corresponding values in the two matrices
must be less or equal to one. The probability of setting a neutral trend is implicitly obtained as the
subtraction of Suitable and Unsuitable matrices values from one for each pair of type and size level.
3.4.2. Sociogram Representation
A sociogram is implemented similarly to a weighted and directed graph with an adjacency matrix.
The weight between each pair of individuals i1 and i2 is a real number in the [−1, 1] interval where −1
is the maximum level that i1 can reject i2 as a friend, and +1 is the maximum level that i1 can select i2
as a friend. As an alternative, we considered to have two different values for selection and rejection in
two different adjacency matrices. However, this representation had the disadvantage that it would
allow an individual i1 to select i2 as a friend and at the same time to reject i2 as a friend, which is not
consistent. For this reason, we decided to use the first representation with a unique value within the
[−1, 1] interval.
We used the thresholds of 0.5 for counting selections and −0.5 for rejections, when applying the
sociometrics of Barrasa and Gil [12]. The other values were considered as neutral.
At the beginning of each simulation, the adjacency matrix can be either imported from a file or set
to neutral values, depending on whether some individuals knew each before the simulation.
3.4.3. Simulation Evolution Rules
In each iteration, ABS-SOCI considers the following aspects to update the relationship of
selection/rejection between each pair of students i1 and i2:
•
•
•
•

Affinity of the type of i1 with the type of i2 in the particular size level. This is represented within the
student agent implementation with the Suitable and Unsuitable matrices.
The trend of the relationship. For instance, if the value of a relationship was increasing, it is more
likely that it continues increasing, and similarly for decreasing trends.
The duration of the relationship. The long-term relationships between students are less probable to
change their trend than short-term relationships.
The possibility of being a reciprocal relationship. Most relationships are reciprocal. In other words,
when an individual i1 selects i2 as a friend, i2 usually selects back i1 as a friend.
The simulation of sociogram evolutions use the following additional data structures:

•

“Trend” matrix: This matrix is defined for determining the trends of the relationships for every
pair of individuals. The values of this matrix are restricted to the [−1, 1] interval. For instance,
matrix +1 indicates that the value of the adjacency matrix of the corresponding pair of individuals
is increasing, while –1 indicates the opposite. Zero indicates that the value of the adjacency matrix
remains with the same value.
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“Change” matrix: This matrix determines the probabilities of changing trends between student
types. In particular, each value of this matrix represents the probability that two individuals of
the corresponding student types change their trend in an iteration.

The relationships between individuals are updated in each iteration in two phases: (1) updating
the trends; (2) updating the relationships according to the trends.
The algorithm for updating the trends is represented with the dataflow diagram of Figure 6.
This diagram uses “less than” comparisons. This diagram mainly receives input from the current
student agent and another one. It also uses the matrices and constants previously defined. In this
dataflow, the previous trend of the relationship is considered. If any of the first two conditional
bifurcations goes to the negative branch, then the trend is not changed, and consequently the
relationship continues with the same trend (either decreasing, neutral or increasing). More concretely,
the first bifurcation considers the probability of changing the trend of the corresponding agent types.

Obtain the type of the current agent

Obtain the type of the other agent

Obtain the size of the group of agents
Generate a random number

no

Compare the random
number with the changeability considering group
size and agent types

yes

Generate a random number

no

Compare the random
number with the long-term relations
formula

yes

Obtain the suitability between agent types
Obtain the unsuitability between agent types

Generate a random number

Compare the
random number with
the suitability

no

no

Compare the
random number with
the unsuitability

yes

yes

Set the trend to positive

Set the trend to negative

Set the trend to neutral

Generate a random number

no

Compare the random
number with the coherence
constant

yes

Make the relation reciprocal

Figure 6. Dataflow diagram for updating the trend.

The second bifurcation is included to reduce the probability that long-term relationships change
in comparison to short-term relationships. For this purpose, ABS-SOCI uses the relative position of
the iteration in the simulation, represented with the ‘iteration” variable that goes from one to the total
number of iterations. The probability of changing the relation trend is determined with Equation (1).
The probability is lower in later iterations, since it uses an inverse function of the iteration variable:
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p = min(1, CST_TREND ∗

1
).
iteration

(1)

The CST_TREND constant is applied to properly weight the effect of distinguishing different
relation durations. This constant determines from which iteration the probability starts decreasing.
The min function makes the outputted probability be one when the iteration position is lower than
this constant. For example, assuming a common value of this constant like ten, for the first ten
iterations, the probability of changing the trend according to relation duration will be the same
(i.e., one). From this iteration forward, the change probability decreases.
Several alternatives were compared before choosing Equation (1) for considering the duration of
relations. For instance, an alternative was to decrease the probability of changing trends in a linear
way such as the one indicated in Equation (2):
p = max (0, 1 − iteration ∗ CST1 ).

(2)

CST1 represents an alternative constant that modulates the impact of simulation durations on the
simulations. However, its values should be much lower than one, and can be obtained by dividing one
by the number of iterations that is considered a long relation. This equation was discarded because the
probability of change would become absolutely zero in a certain number of iterations. This does not
represent the reality and did not satisfy our goals.
The goal was to reduce the probability, and not to make the change impossible with a probability
of zero.
Going back to the dataflow of Figure 6, in the cases that go through the previous bifurcations
in the positive branches, the trend is reestablished considering probabilities of the suitability
and unsuitability matrices following the formulas for nondeterministic decisions of TABSAOND
(the Technique for developing ABS Apps and Online tools with Nondeterministic Decisions) [29].
If the trend is established to a non-zero value, the trend can become a reciprocal relationship
(either positive or negative). In these cases, the CST_COHERENCE constant is used as the probability
for simulating the establishment of reciprocal relations.
It is worth mentioning that both constants CST_TREND and CST_COHERENCE are actually
vectors, since these have different values for each level of group size.
Once the phase about trend selection has finished, the relation between the two corresponding
individuals is updated according to the trend following the dataflow of Figure 7. The variation of the
relationship value is calculated as a portion of the distance to the approaching limit, and this portion is
represented with the CST_I NC value. CST_I NC is set to 0.15 since this value allows the relationship
values to surpass the selection and rejection thresholds from the initial zero value in a few iterations
(i.e., five iterations), or go from a selection to a rejection or vice versa in a non-excessive number of
iterations (i.e., seven to nine iterations). These numbers of iterations allow smooth transitions and can
take place in simulations of common subject durations (i.e., from 20 to 90 class hours).
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Obtain the relation between two agents

Obtain the trend between two agents

no

no

Is the trend
negative?

Is the trend
postive?

yes

yes

The variation is set to a portion of the
distance between the relation value and
the lower limit, multiplied by the trend.

The variation is set to a portion of
the distance between the relation
value and the upper limit,
multiplied by the trend

Add the variation to the relation
between the two agents

Figure 7. Dataflow diagram for updating the relationships according to their trends.

4. Experimentation
The current approach has been evaluated with several scenarios related to groups of students.
These scenarios were extracted from both (a) external works reported in [5,12,30] and (b) an experiment
of one of the current authors in a Programming Course in the University of Zaragoza. The simulations
have been tested starting from both (1) initial sociograms with only neutral relations (in the scenarios
from the external works); and (2) an initial existing sociogram where people already knew each other
and there were different kinds of relations (in the Programming Course scenario). The current approach
has been evaluated in both online education [30] and face-to-face education (in the other scenarios).
The goal of the scenarios extracted from the literature was to assess the prediction capability of the
ABS-SOCI tool. In these scenarios, ABS-SOCI could have been used for estimating potential students
in risk of isolation and the possible group cohesion in order to reinforce the courses with collaborative
activities. In the experiment of the Programming Course, ABS-SOCI was actually used to estimate the
cohesion of the group and the social structures represented as sociograms. The teacher added some
collaborative exercises in his teaching schedule in order to reinforce collaboration among students and
ameliorate the potential isolation cases.
Firstly, ABS-SOCI has been calibrated with two real sociogram cases, which are the ones presented
in the work of Barrasa and Gil [12] and the work of Roberts [5]. These sociograms are different in terms
of sample size, and some constants and matrix values have been adjusted to obtain similar results.
This calibration of constants and matrix values has been performed following the White Box Calibration
method proposed by Fehler et al. [31]. According to this calibration method, the current approach
determines their main influence of these internal values in the simulation results. In particular,
this approach considers the direct influence of the Suitable matrix on (1) the selection relations between
individuals of certain types and on (2) the cohesion sociometric in general. It also considers the
opposite influence of the Unsuitable matrix in these two aspects. It takes into account the influence of
the Change matrix and the CST_TREND value in the evolution of sociometrics for a specific number
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of iterations. Finally, it adjusts the CST_COHERENCE value considering its repercussion in the
coherence sociometric. This calibration phase can also be considered as a training phase.
Table 1 determines these internal constant values depending on the sample size after this
calibration phase. As an example, Figure 8 visually shows the values of Suitable and Unsuitable
matrices for the large groups (i.e., size ≥9) after the calibration phase. All of these values were the
results of the calibration phase, and were used as the setting of the simulator for running the next
simulations.
Table 1. Values of constants after the calibration process

CST_TREND
CST_COHERENCE

Size ≤8

Size ≥9

10.0
0.50

10.0
0.33

0.3
0.25
0.2
0.15
0.1
0.05
0
Quite

Participant

Tangent

Joker

Obstructive Occasional

Probabilities of Unsuitable matrix

Probabilities of Suitable matrix

0.4
0.35

0.09
0.08
0.07
0.06
0.05
0.04
0.03
0.02
0.01
0
Quite

Participant

Student activity roles
Quite

Participant

Tangent

Joker

Obstructive

Tangent

Joker

Obstructive Occasional

Student activity roles
Quite
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Figure 8. Charts about Suitable (in the left) and Unsuitable (in the right) matrices for large groups
(i.e., size ≥9)

After the calibration, ABS-SOCI was run and validated with the new scenario introduced by
Dawson [30], besides the aforementioned works. There were 100 executions for each case for obtaining
a representative set of results.
Table 2 presents the input parameters of the scenarios of these experiments and the remaining
ones. The number of iterations was 50 representing 50 h of teaching activities in all of the scenarios
except one. The number of iterations from the first three scenarios correspond to the common number
of teaching hours of these subjects in the corresponding academic level and countries reported by the
original sources. In particular, the subjects belonged to either higher education or university education,
from either Spain or United Kingdom.
Table 2. Input parameters of the simulator for the different scenarios.

Initial Sociogram
Total Number of Students
Quiet Students
Participant Students
Tangent Students
Joker Students
Obstructive Students
Occasional Students
Number of Iterations

Barrasa and Gil [12]

Roberts [5]

Dawson [30]

Programming Course

Neutral
6
1
1
1
1
1
1
50

Neutral
15
6
6
1
1
0
3
50

Neutral
24
0
24
0
0
0
0
50

Existing
12
3
3
0
1
0
5
20
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For each simulation, the IAg and ICg sociometric indexes were estimated. The other metrics
(IDg and IIg) are not presented as the analyzed works did not include information about rejections,
which are necessary for calculating these metrics. To determine if the estimations of IAg and
ICg sociometrics provided by ABS-SOCI were statistically different from those obtained by the
published works, a binomial test was carried out with a nominal significance level of 0.05 because
these sociometrics represent proportions. Reported alpha levels were adjusted using the Bonferroni
procedure to control for family-wise error rate, considering all simulations within the same index
a family of tests.
In order to obtain an effect size for simulations, the difference of arcsine transformation of
proportions was calculated, as it is described by Cohen [32]. This effect size was interpreted according
to the mentioned work. That is, values of 0.2, 0.5 and 0.8 were interpreted as small, medium and
large, respectively.
Since a non-significant effect could be attributed to a lack of statistical power, a sensitivity analysis
was performed using G*Power 3 [33]. This analysis calculated the minimum effect size to which the
test was able to detect with a power (1− β) of 0.80, a significance level (α) of 0.05, and the sample
size (n) of the used scenarios. The software offers a Hedges’ g effect size, which was also interpreted
according to the guidelines offered by Cohen [32]. Specifically, its interpretation is similar to the effect
size based on the arcsine transformation of difference of proportions.
To summarize the results obtained on the analysis, the current work calculated the percentages of
non-significant simulations. It also calculated the percentages of simulations with small, medium and
large effect sizes. Table 3 presents all these percentages, along with the true value, the mean estimated
value, standard deviation of estimated values, and Hedges’ g obtained in the sensitivity analysis.
Table 3. Real and simulated values, percentages of non-significant simulations and of simulations with
small, medium and large effect size, and Hedges’ g obtained in sensitivity analysis for the Index of
Association of a group (IAg) and the Index of Coherence of a group (ICg) in calibration and validation
studies. Note: n = sample size of calibration and validation studies.
Index

n

Real Value

Mean of Simulated
Values (SD)

Non-Significant Simulations
Based on Binomial Test (%)

Hedges’ g Obtained
in Sensitivity Analysis

Effect Size of Simulation
Small (%) Medium (%) Large (%)

First experimental phase
Calibration with Barrasa and Gil [12]
IAg
ICg

6
6

0.2667
0.6667

0.2353 (0.1099)
0.6346 (0.1872)

IAg
ICg

17
17

0.0368
0.5556

0.0196 (0.0101)
0.4840 (0.2168)

IAg
ICg

24
24

0.0688
0.6441

0.0372 (0.0114)
0.5016 (0.1055)

100
100
Calibration with Roberts [5]
100
87
Validation with Dawson [30]
100
93

0.73
0.33

57
44

33
38

10
18

0.39
0.43

82
35

18
38

0
27

0.33
0.35

84
29

16
61

0
10

0.73
0.33

58
65

28
28

14
7

0.33
0.35

99
77

1
22

0
1

0.39
0.43

90
49

10
33

0
18

99
96

1
4

0
0

Second experimental phase
Calibration with Barrasa and Gil [12]
IAg
ICg

6
6

0.2667
0.6667

0.2273 (0.1003)
0.6009 (0.1818)

IAg
ICg

24
24

0.0688
0.6441

0.0705 (0.0157)
0.5882 (0.0725)

IAg
ICg

17
17

0.0368
0.5556

0.0276 (0.0126)
0.5585 (0.1691)

100
96
Calibration with Dawson [30]
100
99
Validation with Roberts [5]
90
99

Third experimental phase (with the same calibration as in the previous phase)
Validation with the Programming Course
IAg
ICg

12
12

0.1667
0.6111

0.1461 (0.0118)
0.5539 (0.0324)

100
99

0.41
0.32

As an illustrative example of the temporal evolution of the sociometric status, Figure 9 contains
the temporal evolution of IAg and ICg sociometrics of one of the executions for simulating the scenario
of Barrasa and Gil. Figure 10 shows the temporal evolution of the sociometrics for a simulation in
the scenario of Roberts. Figure 11 introduces the temporal evolution in the validation for the case
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of Dawson. As one can observe, the sociometrics relatively stabilized around certain values after
some iterations.
0.90000
0.80000

Sociometrics

0.70000
0.60000
0.50000
0.40000

IAg

0.30000

ICg

0.20000
0.10000
0.00000
1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49
Iterations

Figure 9. Temporal evolution of the Index of Association of a group (IAg) and the Index of Coherence
of a group (ICg) sociometrics in a simulation execution for the scenario of Barrasa and Gil [12].
1.20000

Sociometrics

1.00000
0.80000
0.60000

IAg

0.40000

ICg

0.20000
0.00000
1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49
Iterations

Figure 10. Temporal evolution of IAg and ICg sociometrics in a simulation execution for the scenario
of Roberts [5].
0.80000
0.70000

Sociometrics

0.60000
0.50000
0.40000

IAg

0.30000

ICg

0.20000
0.10000
0.00000
1 3 5 7 9 111315171921232527293133353739414345474951
Iterations

Figure 11. Temporal evolution of IAg and ICg sociometrics in a simulation execution for the scenario
of Dawson [30].
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In order to obtain a second validation, calibration and validation cases were interchanged. In this
second phase of experimentation, ABS-SOCI was calibrated with the case of Barrasa and Gil and
the case of Dawson, changing its constant values and matrices. Then, ABS-SOCI was executed and
compared with the case of Roberts, which was not used in the calibration of this second experimental
phase. The case of Roberts was selected for this validation instead of Barrasa and Gil because the
results were more representative due to its larger number of students. In addition, the current work
discarded the possibility of performing a validation with the scenario of Barrasa and Gil due to its
small sample size, which yields a low sensitivity as shown in Table 3. Figure 12 shows the temporal
evolution of sociometrics in one of the simulation executions in the validation of Roberts’ scenario.
0.90000
0.80000

Sociometrics

0.70000
0.60000
0.50000
0.40000

IAg

0.30000

ICg

0.20000
0.10000
0.00000
1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49
Iterations

Figure 12. Temporal evolution of sociometrics in the scenario of Roberts [5] in the second validation
experimentation, in which this scenario was not used in the training process.

ABS-SOCI was further assessed in a third experimental phase. The main difference of this
experimentation from the previous ones is that the simulator departed from an existing sociogram that
is not neutral. In particular, the initial sociogram had a cohesion of I Ag = 0.1364 and a coherence of
ICg = 0.5454. The initial sociogram was extracted from a group of students of a Programming Course
in the University of Zaragoza. This experimentation used the same calibration as in the previous
experimental phase. The simulated outcomes were compared with the real outcomes after 20 class
hours (represented with 20 simulation iterations).
Results of experimentation showed that the difference between the real value and the mean
estimated values for all simulations ranged from 0.001 to 0.14. In addition to that, percentage of
non-significant simulations, on both calibration and validation phases, were high (ranging from 87%
to 100%). The sensitivity of analysis on IAg was low in the scenario of Barrasa and Gil, since the
minimum effect size able to detect was large, probably due to the small sample size of this work.
However, the sensitivity analysis was adequate in (1) the remaining indexes and scenarios of the
calibration phases and (2) in the validation phases. This is so because the Hedges’ gs obtained on
sensitivity analyses were small or medium. In addition, estimations obtained by ABS-SOCI appear to
be relatively efficient, since, in both calibration and validation phases, a high percentage (ranging from
73% to 100%) of simulations had small or medium effect sizes. Thus, although it cannot be discarded,
the possibility that the high percentage of non-significant analyses on the work of Barrasa and Gil was
due to lack of statistical power, the high percentage of simulations with small or medium effect sizes
provided evidence of a good performance. The performance was also good on the validation phases.
This is supported by a high percentage of non-significant simulations, which cannot be attributed to
a lack of statistical power, and a high percentage of simulations with small or medium effect sizes.
The good performance found on validation phases was especially relevant because it discarded the
possibility of over-fitting by performing simulations on a different sample in which the calibration was
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conducted. Furthermore, the experiments showed that the simulator obtained a high performance
departing from both (a) neutral sociograms representing groups of students that did not know each
other, and (b) an existing sociogram with different kinds of relations representing a group of students
who already knew each other.
5. Conclusions
ABS-SOCI is a novel ABS that simulates the temporal evolution of sociograms of students starting
from either a neutral state or an existing sociogram. The user has to determine the number of students in
each category (quiet, participant, etc.) or to load the initial sociogram. ABS-SOCI considers the different
affinities between types of students, the trends of the relationships among each pair of individuals in
each specific time frame, and the duration of the relationships distinguishing between short-term and
long-term ones. It also takes into account different levels of group sizes, and the coherence in relation to
reciprocal relationships. The behaviors of the individual agents impersonating students rely on certain
algorithms, constants and matrices. The emergent behavior has been tested with four real scenarios
taken from either the literature or the experience of the authors. There were three experimental phases,
in each of which the system was calibrated with some cases and was validated with a different one.
In all of the experimental phases, the simulations of ABS-SOCI produced sociograms similar to the real
ones according to the binomial tests. The sensitivity of the validations of these phases was adequate
according to the Hedges’ g and the guidelines of Cohen.
As future work, it is planned to improve the current version of ABS-SOCI by evaluating
an enlarged dataset of sociograms. This dataset will include new sociograms from higher education
in the grades of (a) computer science engineering; (b) electronics and automation engineering; and
(c) psychology. In the same group of students, the sociograms will be extracted in different stages of
the academic course, in order to assess whether the simulated evolution is similar to the actual one
considering more states than only the final one.
Moreover, the simulator can be extended to consider more specific features of students such
as (1) their gender; (2) whether they need a job to pay their studies; (3) their missing knowledge;
(4) their religious or sexual orientation; and (5) other psychological profiles. The simulator will
sequentially incorporate these features, experiencing and analyzing the repercussion of each one
independently. In this way, the future research will determine the utility of incorporating each feature
in the current approach.
ABS-SOCI is also planned to be extended considering groups of students with a high ratio of
international students. This simulator extension will represent information such as the mother-tongue
language of each student and the language of the lessons. It will also distinguish between national and
international students.
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