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Abstract: The aggressor sets in motion dysfunctional and violent behaviors with others in the
dynamic of bullying. These behaviors can be understood as misfit coping strategies in response to
environmental demands perceived as stressful, putting at risk the quality of education. The aim of
this study was to develop a predictive model based on artificial neural networks (ANN) to forecast
a violent coping strategy based on perceived stress, resilience, other coping strategies and various
socio-demographic variables. For this purpose, the Stress Coping Questionnaire (SCQ), the Perceived
Stress Scale (PSS) and the Brief Resilient Coping Scale (BRCS) were administered to 283 participants
from the educational field (71.5% women). The design was cross-sectional. An inferential analysis
(multilayer perception ANN) was performed with SPSS version 24. The results showed a predictive
model that took into consideration the subject’s stress levels, personal assessment and strategies
such as negative self-targeting or avoidance to predict open emotional expression (a coping strategy
defined by violent behaviors) in approximately four out of five cases. The conclusions emphasis
the need for considering problem solving, stress management and coping skills to prevent school
violence and improve the social environment through sustainable psychological measures.

Keywords: artificial neural networks; bullying; school violence; social environment; psychological
sustainability; prevention

1. Introduction

Coping strategies can be understood as a set of behaviors that the individual uses to manage
a situation perceived as a problem [1]. The knowledge of the coping strategies put in place by the
educational community is an essential aspect of implementing policies that will boost the quality of
education, in line with the goal of sustainable development (OSD) number 3. In this line, the achievement
of an inclusive and peaceful society (Goal 16) implies knowing how to detect violent behavior and the
factors associated with it in order to prevent the emergence of school violence and to fight against
bullying. These objectives are part of the United Nations Agenda 2030 [2] and are consistent with
promoting the psychological wellbeing of the individual [3].

One of the main problems facing the education system and society as a whole is that of violence
among members of the educational community [4,5]. The consequences of violent behavior are negative
under all prisms and agents, both from the point of view of the aggressor and the attacked [6].

According to stress theory, the perception of certain environmental demands as stressful and
the absence of other coping strategies can trigger a response to stress [1,7], e.g., high environmental
demands [8,9] or unsafe conditions [10]. These stress levels, in turn, can feed back into the use of
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dysfunctional behaviors that put educational quality at risk, rather than others that are more beneficial
to the social climate and personal adjustment [11].

Although the study of violence is not new, the desire to provide relevance and visibility to
research into this behavior in the university environment is [12–15]. This means that there is a
gap between the information accumulated in this stage when compared with previous educational
stages [15–18]. The aggressor in the university environment is the one who sets in motion a series
of behaviors with clear prejudice to other people, whether it be their property or their integrity
[physical, psychological or emotional) [13,19]. These behaviors can be understood as maladaptive or
dysfunctional coping strategies.

As a result of the theory of stress [1] and the factorial analysis of its components, various strategies
have been found to manage the problems. It highlights the open emotional expression coping
strategy (OEE), which is characterized by managing difficulties through insults, hostile behavior,
moodiness, direct aggression, irritation, and hostile expression of emotions [20]. These are behavioral
manifestations that can be classified as violent, even more so when there are other alternative ways to
resolve the situation, such as through the use of the positive re-evaluation coping strategy (PRE) or the
search for social support (SSS). The OEE, therefore, is a set of dysfunctional behaviors used to deal
with a subjective threatening situation. Subjective elements, such as perception of the situation and
self-perception of emotions, are involved in the choice of strategies [21,22].

Under this perspective, the use of a coping strategy in the educational field, even if it is
dysfunctional, can be understood as a response set in motion when there is a situation perceived as
stressful for the subject [23,24]. In relation to genesis, it is possible that the observation of other people
who use certain strategies and their consequences in the environment may favor their learning or
have a facilitating effect [12,25–30]. Regardless of its etiology, stress can be a trigger of a dysfunctional
coping strategy (such as OEE) and can also function as a predictor of whether or not such a strategy
will be used.

In another vein, resilience can be understood as a set of coping strategies aimed at solving
in a functional way both the problems of daily life and those of a punctual but extremely intense
nature, recovering satisfactorily from adversity [31]. This is a characteristic of people with emotional
intelligence, which is related to good teaching performance [32–36] and with a greater ability to manage
perceived stress [37]. Levels of resilience may predict the use of a violence-focused strategy (OEE) or
others of a more prosocial nature.

The existence of differences in various socio-demographic aspects of resilience [38] and stress [39]
justify the introduction of variables such as gender or age in the research.

To study the predictive capacity of stress, resilience, certain sociodemographic variables and
other coping strategies in the use of OEE, it is considered appropriate to use artificial neural networks
(ANNs). ANNs can be defined as systems capable of processing, structuring and predicting information.
ANNs emulate human neural architecture and its distribution of neuron layers. Each information unit
or node reproduces the functioning of a neuron. It is closely interconnected with other neurons in
the network. The interconnections can be more or less intense depending on their contribution to the
network through the synaptic weight of each one [40].

ANNs are based on the concept of artificial intelligence and are closely related to “big data”,
“machine learning” and how it is possible to reproduce systems capable of learning on their own [40].
ANNs have been used in many branches of science to predict data because of their usefulness in
managing large databases. Neural networks have the ability to learn from incoming information and
work with variables whose relationships are complex [41–43].
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That said, the general objective of this study was to develop a predictive model based on
artificial neural networks (ANNs) to predict the presence or absence of a violent coping strategy
based on perceived stress, resilience, other coping strategies and various socio-demographic variables.
This general objective was distributed into the following specific objectives: (1) to program an ANN
using a predictive “backpropagation” model with neuron output OEE and inputs of stress, resilience,
other coping strategies and sociodemographic variables with a hidden layer and three stages (training,
validation and evaluation); (2) study the network architecture through the synaptic weights and
the relationships that are generated between the neurons, based on their normalized importance,
until reaching the signal to the output layer (OEE); evaluate the neuronal network through sensitivity,
gain and elevation for the categorical dependent variable OEE.

With regard to the initial hypotheses, we expected to program an artificial neuronal network with
learning capacity (H1); we expected to corroborate the existence of a network architecture composed
of a series of predictive variables (coping strategies, stress and resilience) that would account for the
use or non-use of OEE (H2); and we expected to obtain data that would psychometrically support the
positive evaluation of the neuronal network obtained (H3).

2. Materials and Methods

2.1. Procedure

The design was cross-sectional and quantitatively focused. Once the objective was described
and consent was obtained, the test battery was administered through a link sent to the educational
community. With respect to the ethical aspects of the study, participation was anonymous, confidential
and voluntary with all participants giving their consent. The guidelines of the Helsinki protocol were
taken as a reference. The study protocol was approved by the Ethics Committee of the University of
Granada (Spain).

2.2. Participants

The study was composed of N = 283 participants belonging to the university community of the
southeast area of Spain. Concretely, 71.5% (203) were women and 28.2% (80) were men. The mean age
was 31.07 years (SD = 12.02). With respect to marital status, 69.7% (198) were single, 26.4% (75) were
married, 3.2% (9) were divorced, and 0.4% (1) widowed. A large majority of them had a Bachelor’s
degree (52.8%) or a Master’s degree (38.7%). With regard to the roles they played within the educational
community, 57% (162) were students; 30.6% (87) were professors or worked in a related position;
4.9% (14) were defined as the mother, father or legal guardian of a student; and the remaining 7.5%
belonged to other category (for example, administrative and service personnel).

The dependent variable was initially continuous and was dichotomized using the 50th percentile
as the cut-off point (non-use versus use of OEE). It was found that 163 subjects were not using OEE
(57.6%) and 120 were using OEE (42.4%). Table 1 shows the descriptive analysis of the continuous
variables that acted as independent variables in the network and the analysis of the dependent variable
when it was continuous and once was dichotomized.
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Table 1. Descriptive analysis of the continuous independent variables and of the dependent variable of
the neural network (N = 283).

Min Max M SD
Asymmetry Kurtosis

Value Standard
Error Value Standard

Error

IV
FSP 4 24 16.06 4.704 −0.265 0.14 −0.716 0.289
NSF 0 21 7.96 3.907 0.567 0.145 0.131 0.289
PRE 4 24 16.04 4.119 −0.425 0.145 −0.290 0.289
AVD 0 24 12.55 4.472 0.075 0.145 0.070 0.289
SSS 0 24 14.36 6.390 −0.215 0.145 −0.943 0.289
RLG 0 24 3.73 5.602 1.713 0.145 2.288 0.289

Stress 5 52 25.75 9.097 0.257 0.145 0.036 0.289
Resilience 4 20 15.01 3.281 −0.605 0.145 0.092 0.289

DV
OEE 0 21 8.19 3.777 0.468 0.145 0.433 0.289
OEE

(non-use/use) 1 3 1.90 0.876 0.468 0.145 0.433 0.289

Note. DV: Dependent variable; IV: Independent variable; Min.: Minimum; Max.: Maximum; M: Mean; SD: Standard
Deviation; FSP: Focusing on the solution of the problem; NSF: Negative self-focus; PRE: Positive re-evaluation;
AVD: Avoidance; SSS: Search for social support; RLG: Religion. Source: Own elaboration.

2.3. Instruments

The questionnaires used in the study were as follows:
Stress Coping Questionnaire (SCQ) or (CAE in the original version) [20]. It consists of 7 dimensions

and 42 items in Spanish with a Likert type scale from 0 to 4, where 0 was “Never” and 4 “Almost
always”. Each dimension corresponds to a coping strategy: focus on the solution of the problem or
FSP (items 1, 8, 15, 22, 29 and 36), negative self-focus or NSF (items 2, 9, 16, 23, 30 and 37), positive
re-evaluation or PRE (items 3, 10, 17, 24, 31 and 38), open emotional expression or OEE (items 4, 11, 18,
25, 32 and 39), avoidance or AVD (items 5, 12, 19, 26, 33 and 40), seeking social support or SSS (items 6,
13, 20, 27, 34 and 41) and religion or RLG (items 7, 14, 21, 28, 35 and 42). All are direct items. The sum
of each scale reflects greater use of that coping strategy. The OEE, which is the dependent variable of
the predictive model of this research, was made up of the items “I unloaded my bad mood on others”
(item 4), “I insulted certain people” (item 11), “I behaved in a hostile manner towards others” (item 18),
“I assaulted some people” (item 25), “I became irritated with some people” (item 32) and “I struggled
and vented my feelings” (without reference to a filter or empathy) (item 39). Cronbach’s internal
consistency coefficients Alpha for each scale in the original study were greater than or equal to 0.85 for
SSS, FSP and RLG, between 0.71 and 0.76 for OEE, AVD and PRE, and 0.64 for NSF [20]. The internal
consistency obtained in this investigation is shown in Table 2.

Table 2. Internal consistency obtained in coping strategies.

Strategy Cronbach’s Alpha

FSP 0.86
NFS 0.72
PRE 0.78
OEE 0.68
AVD 0.71
BAS 0.94
RLG 0.93

Note. OEE: Open emotional expression; FSP: Focusing on the solution of the problem; NSF: Negative self-focus.;
AVD: Avoidance; SSS: Search for social support; RLG: Religion; PRE: Positive re-evaluation. Source: Own elaboration.
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Perceived Stress Scale (PSS) [44]. The Spanish adaptation was used [45]. It consists of 14 items and
a 5-point Likert scale where 0 is “Never” and 5 is “Very often”. Items 4, 5, 6, 7, 9, 10, and 13 are indirect.
Once they are inverted, the summation is done. The higher the score, the greater the perceived stress.
Example of a direct item: “In the last month, how often have you been affected by something that has
happened unexpectedly? (Item 1). Example of indirect item: “In the last month, how often have you
felt that things are going well for you?” (Item 7). In the adapted version, an internal consistency in
Cronbach’s Alpha of 0.81 was obtained [44]. In the current investigation, an Alpha of 0.86 was obtained.

Brief Resilient Coping Scale (BRCS) [46], adapted to Spanish [47]. It consists of 4 direct items that
assess the subject’s ability to cope with stressful situations in a positive way, through five response
options from 1 to 5 where 1 means “Doesn’t describe me at all” and 5 corresponds to “Describes
me very well”, with scores ranging from 4 to 20. A total score is obtained based on the sum of the
items. Once the sum is obtained, the scores are distributed into three levels of resilience. In particular,
the intervals proposed by [46] were 4–13 points for low resilience, 14–16 points for medium resilience
and 17–20 points for high resilience. Example of item: “I am looking for creative ways to change
difficult situations” (item 1) The BRCS has reached in its Spanish version a Cronbanch’s Alpha of
0.87 [48]. In this study it reached 0.78.

Socio-demographic questionnaire. This is an ad hoc elaboration tool for the collection of the
following variables: sex, marital status, training and role in the educational field (mainly student,
teacher or family).

2.4. Data Analysis

A multilayer perceptron (MLP) algorithm was designed. This is a special type of ANN architecture,
with a backward error propagation-learning algorithm (or backpropagation), very useful for analyzing
deep and complex data relationships. For the creation of the ANN, the total number of participants
was randomly assigned to three groups: training group (60%), validation group (30%) and test group
(10%). An input layer, a hidden layer and an output layer formed the architecture. A random seed
was established and, to optimize the network results, continuous variables were used in the trigger
function for the “backpropagation” algorithm in the covariates and the hyperbolic tangent function for
the hidden layer [49]. The SPSS statistical package version 24.0 was used [50].

3. Results

3.1. Neural Network Programming

Prior to the training phase, a random seed was generated, setting the value 9,191,972 as a starting
point to encourage replication of the results. Next, the factors, covariates and the variable dependent on
multilayer perceptual ANN were selected. We proceeded to assess which change of scale of covariates
allowed a more adjusted model, obtaining that the percentage of incorrect prognoses in the test phase
was lower when the change of scale was not applied. With regard to the scores, the relative number
7 was established in training (70%), 2 in the testing (20%) and 1 in the reserve (10%). Regarding the
architecture, the automatic selection of the architecture established a minimum and maximum number
of units of the hidden layer that varied between 1 and 50, respectively. The type of network training
was: online. The optimization algorithm was: gradient slope. The training options are shown in
Table 3.
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Table 3. ANN training options.

Option Value

Initial learning rate 0.4
Lower learning rate limit 0.001

Reduction of the learning rate, at times 10
Drive 0.9

Center of interval 0
Interval shift ±0.5

Source: Own elaboration.

Finally, in the configuration of the ANN options, it was decided to include the missing values
in the categorical factors and dependent variables (DV) due to the fact this is viable. With respect
to the stop rules, the order of verification and the associated values were as follows: (1) maximum
number of steps without a decrease in error: 1; (2) data to use for calculating prediction error: choose
automatically; (3) maximum training time: 15 min; (4) maximum number of training times: calculate
automatically; (5) minimum relative change of training error: 0.0001; (6) minimum relative change of
training error rate: 0.001.

The summary of the model, as well as the final distribution of the cases taken by the network
for each phase, is shown in Table 4. During the training phase the network learned to catalogue the
subjects. The testing phase was used to validate the network, detecting any errors in it and perfecting
the algorithm. Finally, the reserve phase allows us to evaluate the model and make sure that the
network really has a predictive value, exposing it to cases not used before.

Table 4. Summary of artificial neural network case processing.

Phase Model Summary (a)
Distribution

N (b) Proportion
(Scale 0–1)

Training

Cross entropy error 116.92 193 0.7
Percentage of incorrect forecasts 29

Stop rule used OCS
Set-up time 0:00:00.14

Testing Cross entropy error 26.64 49 0.18
Incorrect forecast percentage 22.4

Reserve Incorrect forecast percentage 22.9 35 0.13

Note. (a) Dependent variable OEE (open emotional expression); (b) N = 277; missing cases: 7. OCS: One consecutive
step without discrimination of the error—Error calculations are based on the test sample. Source: Own elaboration.

3.2. Neural Network Architecture

The network generated was made up of three layers. Firstly, an input layer formed by four factors
of a nominal or ordinal nature (marital status, studies, educational role and sex) and nine continuous
covariates (age, focus on the solution of the problem, self-focus, avoidance, search for social support,
religion, positive re-evaluation, stress and resilience), adding up to 25 units excluding bias (see Table 5).
The covariates did not undergo a change of scale. Secondly, a hidden layer composed of three neurons
or units and whose activation function was by hyperbolic tangent. Thirdly, the output layer was
composed of two units being softmax the activation function used, and cross entropy, the error function.
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Table 5. Parameter estimates.

Predictor
[Node Value] Variable

Predicted

Hidden Layer Output Layer Output Layer

H(1:1) H(1:2) H(1:3) OEE = −1 OEE = 1

Input layer

(Bias) 0.38 −0.04 −0.01
[Marital status = 1] Married −0.29 −0.09 −0.31
[Marital status = 2] Divorced −0.46 0.39 −0.04
[Marital status = 3] Single 0.46 0.49 −0.26
[Marital status = 4] Widow 0.35 −0.32 0.15

[Studies = 1] Primary 0.15 0.27 0.12
[Studies = 2] Secondary 0.23 0.22 0.04
[Studies = 3] Vocational 0.15 −0.16 0.46
[Studies = 4] Bachelor −0.47 0.27 −0.24
[Studies = 5] Master 0.1 −0.13 −0.57
[Studies = 6] PhD 0.05 −0.47 −0.16
[Role = 1] Family 0.03 −0.14 0.18
[Role = 2] Student 0.49 −0.11 0.15
[Role = 3] Professor 0.19 −0.31 −0.39

[Role = 4] Staff 0.13 0.19 −0.06
[Sex = 1] Male 0.39 −0.08 0

[Sex = 2] Female −0.12 −0.24 0.37
Age (years) −0.14 −0.16 −0.02

FSP 0.41 −0.34 −0.55
NSF −0.47 0.01 0.48
AVD −0.25 −0.19 0.51
SSS −0.02 0.17 0.43
RLG −0.13 −0.48 0.43
PRE −0.28 −0.22 −0.2

Stress −0.34 −0.16 −0.11
Resilience −0.5 −0.47 −0.14

Hidden layer

(Bias) 0.1 0.23
H(1:1) −0.45 −0.09
H(1:2) −0.31 0.24
H(1:3) −0.56 0.42

Note. OEE: Open emotional expression; FSP: Focusing on the solution of the problem; NSF: Negative self-focus; AVD:
Avoidance; SSS: Search for social support; RLG: Religion; PRE: Positive re-evaluation. Source: Own elaboration.

The importance of the independent variables is defined by their synaptic weights, i.e.,
the contribution of each predictor to the network. It is extracted from the analysis of the results
of the participants in the training and test phases (Table 6).

Table 6. Importance of the independent variables.

Independent Variables Importance Standard Importance

Marital status 0.008 4.1%
Studies 0.016 8.9%

Role 0.010 5.2%
Sex 0.006 3.4%
Age 0.016 8.9%
FSP 0.155 84.6%
NSF 0.153 83.4%
AVD 0.183 100%
SSS 0.155 84.5%
RLG 0.124 67.8%
PRE 0.060 32.7%

Stress 0.076 41.4%
Resilience 0.037 20.1%

Note. FSP: Focusing on the solution of the problem; NSF: Negative self-focus.; AVD: Avoidance; SSS: Search for
social support; RLG: Religion; PRE: Positive re-evaluation. Source: Own elaboration.
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The graphic relationship that the above variables have with each other can be analyzed in
Figure 1. Coping strategies have a greater standardized importance in the model, highlighting
avoidance. Stress is the only variable that stands above one of the coping strategies, in this case,
positive re-evaluation. The sociodemographic variables have a lesser normalized importance for the
network, especially in the case of sex and marital status.
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Figure 1. Importance of the variables of the “input” layer in the network. Source: Own elaboration.

The graphic representation of the parameter estimates for the interconnections between the input,
hidden and output layer neurons is shown in Figure 2. The hidden layer activation function was
hyperbolic tangent and the resultant layer activation function was softmax. The line that connects the
nodes of the layers of the neural network represents the synaptic weighting. A lighter colored line
represents synaptic weights below 0 and a darker colored line represents synoptic weights above 0.

Table 7 shows the classification of cases. If we analyze the global correct percentage for each of
the phases, we can see how during the training the model acquires a predictive capacity of 71% of the
cases. In the testing phase the network continues to learn with new cases, feeding back and improving
its classification capacity up to 77.6% probability of success. It also improved its ability to predict
between the use or non-use of OEE. In the testing phase the network was adjusted in a more balanced
way. Finally, in the reserve phase, the network checks its operation using cases that were not treated
in the two previous phases. It is checked how the network manages to maintain similar levels in its
predictive capacity with a correct percentage of 77.1% so that approximately four out of five cases
are predicted. In the reserve phase, the balance between the percentage of cases that did not use the
OEE and those that were correctly predicted reached a greater balance than in the previous phases,
reflecting the good fit of the model.
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Figure 2. Artificial neural network of the OEE strategy composed of input, hidden and output layers.
Source: Own elaboration.
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Table 7. Classification of correctly predicted cases for each phase.

Phase Observed

Predicted
(Dependent Variable: OEE)

Non-Use Use Correct Percentage

Training
Non-use 86 26 76.8%

Use 30 51 63%
Overall rate 60.1% 39.9% 71%

Testing
Non-use 23 8 74.2%

Use 3 15 83.3%
Overall rate 53.1% 46.9% 77.6%

Reserve
Non-use 14 4 77.8%

Use 4 13 76.5%
Overall rate 51.4% 48.6% 77.1%

Note. OEE: Open emotional expression. Source: Own elaboration.

3.3. Network Assessment

The evaluation of the network was carried out through the analysis of sensitivity, gain and
elevation for the categorical dependent variable (DV) OEE. Sensitivity was measured using the Receiver
Operating Characteristic (ROC) curve of the DV. The area under the curve for the use and non-use of
the OEE was 0.723, which meant that the predictive ability was superior to random, as can also be
seen in Figure 3. In relation to the accumulated gain (Figure 4), the area is also above the diagonal or
baseline for OEE = −1 and OEE = 1. Finally, the elevation allowed us to examine the results of the
accumulated gains located this time on the y-axis, in relation to the baseline in Figure 5. The reserve
phase set out in Table 7 with the classification of correctly predicted cases and was also a tool for
evaluating the network.Sustainability 2020, 12, x FOR PEER REVIEW 11 of 17 
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4. Discussion

The main objective of this study was to design an ANN predictive model with the ability to
predict FES (defined by violent or maladaptive behaviors) based on certain sociodemographic variables,
coping strategies, levels of perceived stress and resilience.

First, the results indicated that the predictive model “backpropagation” with three layers (input,
hidden and output) was fully functional as expected [49]. H1 is confirmed, i.e., it is possible to program
an ANN with learning capability [49] placing the initial learning rate value at 0.4, in line with previous
results [51]. In order to optimize the learning capacity, three phases were included, two of which were
for learning. In relation to this, the first one used approximately 70% of the cases to learn to predict the
results of the neuron output OEE (training phase) and 20% to adjust the network (test phase) [49].

Secondly, the study of synaptic weights and standardized significance confirms the existence of
variables capable of predicting the use or non-use of OEE (H2). The variables that had the greatest
contribution to the network through the input neurons were coping strategies. The avoidance coping
strategy was the one that contributed most to the predictive value of the network. Coping strategies are
mostly more important for the network than stress levels or resilience, although the latter two variables
also contribute 41.4% and 20.1%, respectively. It seems that coping strategies are composed of complex
systems of reaction to certain situations perceived as stressful [49], so that when you evaluate the
contribution of a strategy to the network, you may also be implicitly assessing a stress component.
According to ANN, those who implement the avoidance strategy are more likely to behave violently.
This only reflects the complexity of violent behavior in the educational field [17,29].

Contrary to what might be assumed, sociodemographic variables hardly played a relevant role
in the prognosis of violent behavior, interpreted as a greater use of the OEE coping strategy. Thus,
for example, although there may be gender differences in stress levels [39] or resilience [32], this does
not substantially affect the predictive capacity of the network. These variables could have been
eliminated. The network would have gained in simplicity and processing speed, but would have
decreased in predictive capacity, which is why it was decided to include these variables as well [40].
On the other hand, the synaptic weights of the different types of roles in the network invite reflection
on the relevance of teachers as positive models [12,27–29,36,37].

Regarding stress, it is proven that it is a predictive variable, coinciding with the stress model [1]
and with further studies [3,34,52,53]. It is necessary to learn to use the most functional coping strategies
and to manage emotions and stress [25,26,28,29]. The allocation of different synaptic weights according
to the coping strategy supports its factorial structure [23,24,31].

Thirdly, we evaluated the usefulness of ANN through sensitivity, gain and elevation, obtaining
a positive evaluation of its predictive capacity, confirming H3. The reserve phase, consisting of
approximately 10% of cases, was also used to evaluate the functioning of the network using new cases
to avoid contamination following the guidelines of Schiller et al. [22]. The evaluation of the network
confirms that the results are not due to chance and that, under certain parameters (input and hidden
layer), the educational community can make aggressive or violent use of its emotions by reacting
violently (output layer) or in a dysfunctional way in line with expectations [12,13,25,29,37,49].

4.1. Applicability

With regard to the applicability of this study, it is clear how artificial neural networks represent a
feasible psychometric strategy to assess the complex relationships between variables in the educational
field. The interpretation of the synaptic weights goes beyond the capacity to maintain covariant
relationships between the variables, but manages to introduce the predictive capacity into the model.
This is very useful for society and, even more so, for the school environment, where the use of neural
networks to study educational phenomena is currently in a phase of expansion, together with “machine
learning” and artificial intelligence [41,42,54].

The psychological and emotional conditions of the educational community and stressors impact
on their health and wellbeing [13,15], hence the need to detect and prevent associated factors. Since it
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has been shown in this research that stress and avoidance play a relevant role in the genesis of violent
behavior as a coping strategy, these variables should be the focus of attention when designing programs
and fitted interventions to improve the social environment and thus contribute to a sustainable
psychology of the educational community.

Having said that, the ability to predict violent behavior in the educational community, thanks
to the ANNs, has profound practical implications. For example, this model could be a key factor
within the vocational and employment environment, specifically in recruitment processes for new
professors. Along these lines, it should be studied the possibility of including psychological variables
in the processes of competitive examinations for accessing to the teaching profession. Knowing which
variables best predict an individual’s future functioning, and always assuming a bias, it would be
feasible to look for those desired traits in the aspirants.

Besides, if the variables that predict violent behavior can be measured, as is in this case, stress levels
and other variables could be monitored to detect peaks, avoid major problems, prevent conflicts
and teach those strategies that encourage the usage of other strategies more appropriate to improve
the coexistence of the educational community. The training developed for professors, families and
students should include instruction in resilience, emotional management, seeking social support and
strategies to stop perceiving certain stimuli as a threat (related to stress). It could be organized as a
subject implemented from primary education to university, and an essential aspect of the curriculum
that qualifies to teach.

4.2. Limitations and Future Lines of Research

As for limitations, the name given to the religious coping strategy today could be adapted by that
of spirituality since it does not have to be associated with a particular religion. In fact, some authors use
it as the equivalent [9]. The participation of families was low in the sample but statistically sufficient
for network calculations.

With regard to future lines of research, it is considered appropriate to add more variables to
the predictive equation, trying not to overload the neural network. It would also be interesting to
increase the number of participants and countries in order to foster the generalization of the results to
other contexts, promoting comparative studies. More research is needed to understand the complex
relationship between the variables.

5. Conclusions

Throughout this paper we illustrate how violent behavior can be seen as a coping strategy that
works as a variable dependent on other factors such as resilience (or lack thereof), stress levels and
the implementation of other coping strategies through a model based on artificial neural networks.
Considering violent behavior as a coping strategy in the face of certain variables (personal and
environmental), it is possible to develop an ANN by means of a predictive “backpropagation” model
with three layers. The model was able to correctly predict the absence or presence of violent behavior
in four out of five cases not previously seen or studied by the network, thus demonstrating the learning
capacity of the network and the good fit of the model. In order for the measures proposed in the
future to be sustainable, it will be necessary to have a holistic vision of the phenomenon and to rely on
predictive models.
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