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One of the goals of the educational system is to promote the well-being of 

students due to its associated on their academic performance. This research aims 

to shed light on the main role of well-being variables (introduced by PISA 2018 

for the first time, as far as our knowledge) in the mathematical competence 

throughout of the PISA 2018 evaluation with a sample of 35,943 Spanish 

students. The age of the students ranged from 15.333 to 16.333 years, with a mean of 

15.836 years (SD = 0.288).  Supervised learning techniques such as decision tree 

methodology, random forest, and a linear hierarchical model have been used 

throughout this study. The criterion variable was competency performance in 

mathematics, while the independent variables consisted of a total of 83 items 

extracted from the student well-being questionnaire. These predictors are 

grouped into five domains: physical, psychological, material, cognitive and 

social. We have proved that well-being plays an important role in mathematical 

understanding in PISA 2018. Specifically, social well-being is the most 

important variable in our study. To conclude, we observe that social well-being, 

contextualized in terms of the relationships that the students maintain with their 

teachers, peers and families, plays a detrimental role in mathematics 

achievement. 
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Introduction 

The competence profile achieved by students at the end of compulsory education is a concern 

today, since a low level of competence can lead to a low level of student qualifications in the 

future, thus negatively affecting the student themselves and society in general (Arroyo-

Resino et al., 2019). In aggregate terms, an education system that leaves a large number of its 

participants behind shows a failure to mobilise their talents and leads to a potential loss of 

human capital; with the economic (lower long-term growth) and social (higher risk of social 

exclusion) repercussions that this entails (Organisation for Economic Co-operation and 

Development (OECD, 2017)). From this perspective, putting resources into education results 

in the long-term economic growth of the country (Sjøberg & Jenkins 2022). 

The concept of a competence profile is a multidimensional and lifelong-learning 

objective to enable individuals to become more globally competent in order to be able to 

examine local, global and intercultural issues; understand and appreciate different 

perspectives and worldviews; and interact successfully and respectfully with others and the 

environment (Izquierdo, 2018). Out of all the existing programmes for the assessment of 

academic competencies, one of the most widespread is the Programme for International 

Student Assessment (PISA). The assessment of this programme focuses on reading, 

mathematical and scientific literacy from the perspective of understanding concepts, the 

ability to put them into practice and the specific functions of each skill (OECD, 2019).   

Specifically, mathematical competence in Spain is the one that has shown the greatest 

score difference with respect to the OECD in the latest edition of PISA (see Figure 1) 

(OECD, 2019).  
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Figure 1. Evolution of estimated mathematical proficiency scores 

 

This competence is the ability of students to formulate, apply and interpret 

mathematics in different contexts. It includes reasoning mathematically and using 

mathematical concepts, procedures, facts and tools to describe, explain and predict 

phenomena of various kinds (Cordero et al., 2013). The development of this competence at 

an early age is of utmost importance for its application in everyday life and for the 

intellectual development of students (Ministry of Education and Vocational Training, 2019; 

Wang et al., 2023).  

In addition, in order to improve the quality and equality of education, PISA, since its 

very first assessment, has been investigating the influence of socio-demographic factors, such 

as the social, economic and cultural status of families, and other variables such as the use of 

information and communication technology (ICT), innovation in the teaching and learning 

process, and family participation, among others, on the level of proficiency in these areas 

(Sánchez et al., 2019). For example, from the data analysed in PISA 2015, the importance of 
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subjective and emotional dimensions in scientific literacy is clear (Gil et al., 2019). In the 

most recent edition (2018), PISA has included questions on students' social and emotional 

status, including how satisfied they are with their life, their feelings and their fear of failure, 

in order to gain a more holistic understanding of students' educational performance and well-

being. This optional questionnaire, linked to well-being, sought to connect school life to the 

broader ecosystem in which students, family, their peers and the community live, with the 

aim of obtaining information on the holistic development of 15-year-old schoolchildren 

(OECD, 2019). 

In this line, the scientific literature highlights that one of the most analysed personally 

identifiable variables since the last decade of the 21th century is the well-being of the child 

and youth population, due to its importance for sufficient mental health, academic 

achievement and professional success (Gutiérrez et al., 2021; Govorova et al., 2020). Hence, 

the well-being of the student population is considered a key component of academic 

performance and, thus, of the socio-economic well-being of the population to which they 

belong, as several studies show a positive relationship between the two phenomena, such that 

a high economic status in a given population is characterised by students with a high 

academic level (Clarke, 2020; Cobo et al., 2017).   

PISA 2018 states that student well-being is a dynamic state of psychological, 

cognitive, material, social and physical functioning and capabilities needed to live a happy 

and fulfilling life, which persists into adulthood (Spanish Ministry of Education and 

Vocational Training, 2019). Within this construct, building on the study by Borgonovi & Pál 

(2016), the OECD (2019) identifies five domains: I) cognitive well-being, referring to the 

knowledge, skills and foundations that students have to participate effectively in today's 

society, as lifelong learners, effective workers and engaged citizens, II) psychological well-

being, which includes students' views and assessments of their lives, their commitment to 
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school, and the goals and ambitions they have for their future, III) physical well-being, 

concerning students' health, commitment to physical exercise and adoption of healthy eating 

habits, IV) social well-being, referring to the quality of their social life, including 

relationships with their family, peers and teachers, and how they perceive their social life at 

school; and finally, V) material well-being, understood as the material resources that enable 

families to meet their children's needs and schools to support students' learning and healthy 

development.  

Recent research has documented significant and steady declines in adolescent well-

being (Boonk et al., 2018). As a result, curriculum policies have introduced changes that 

promote the well-being of schoolchildren (Clarke, 2020). As an essential part of students' 

lives, the academic context can promote and facilitate their well-being by including it in the 

planning and teaching-learning process, thereby connecting many domains and helping to 

build relationships of trust and respect. However, it could also hinder it depending on the type 

and number of actions carried out to enrich the social and pedagogical interactions offered to 

all students (López et al., 2021). Furthermore, the social and economic circumstances that 

shape students' individual experiences and their family experiences may have an impact on 

their well-being (Murillo & Hernández, 2020). In several longitudinal studies, the results 

reveal positive and significant relationships between academic performance and different 

well-being indicators (physical, cognitive and emotional) (Kleinkorres et al., 2020; Yang et 

al., 2020). Moreover, in a review of the main psychological and educational theories, using 

data from PISA 2012, Clarke (2020) shows that, far from being incompatible, adolescents’ 

well-being and achievement can be positively associated. However, he points out that this 

relationship is not straightforward and requires careful disentangling of the hedonic and 

eudaimonic components of well-being.  In this line of argument, several meta-analyses have 

shown the existence of a large body of literature on student well-being and academic 
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performance, with empirical research yielding ambiguous results (Bücker et al., 2018; Kaya 

& Erdem 2021). In turn, the study by Govorova et al. (2020), from a transcultural perspective 

in 35 OECD countries and using data from PISA 2015, contributes to the general discussion, 

currently underway, on the definition of well-being and the connection between well-being 

and academic achievement.  Likewise, the systematic review developed by Wang et al. 

(2023), encourages the development of more specific research to understand the well-being 

factors that affect academic performance in mathematics in the PISA reports.   

In light of the above, the objective of the present research is to study the influence of 

the variables of the student well-being-on mathematical literacy in PISA 2018. This objective 

is specified as follows:  

1. Identify the variables associated with well-being that show the greatest differentiation 

between individuals who achieved higher and lower scores in the PISA 2018 

assessment. This will help in characterizing the profiles of young people with varying 

levels of mathematical literacy. 

2. Identify the student well-being variables that have the greatest influence on 

mathematical literacy. 

3. Once the influence of the socio-economic context has been monitored, determine the 

student well-being variables that most associated mathematical literacy taking into 

account the hierarchical structure of the data (level 1: student and level 2: school).  

Method 

Design 

In order to address the study objectives, a secondary analysis of the PISA 2018 database 

provided by the OECD (2019) was conducted. The methodology of the study is characterised 

as quantitative with a non-experimental design based on cross-sectional data.  

Sample 
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The sample consists of the Spanish student body (35,943) that participated in the PISA 2018 

assessment, where 50% were male and 50% female. The age of the students ranged from 

15.333 to 16.333 years, with a mean of 15.836 years (SD = 0.288). Approximately 64% of 

students were enrolled in state schools, 29% in state-funded schools and 7% in private 

schools. 

Variables 

The response variable of the present study is mathematical literacy, which assesses an 

individual’s "capacity to formulate, employ, and interpret mathematics in different contexts” 

(OECD, 2019, 5). It should be noted that this is made up of ten plausible values as of the 

PISA 2015 edition (OECD, 2019), which have been created using the response imputation 

method based on Item Response Theory (OECD, 2018).  

The independent variables were drawn from the PISA 2018 student well-being 

questionnaire (https://acortar.link/WHW74T). Specifically, student responses to the 83 items 

simple of this instrument were used, which are grouped into five domains: physical, 

psychological, material, cognitive and social (OECD, 2017).   

Procedure and data analysis 

Prior to pursuing the different objectives based on the machine learning algorithm, the data 

were pre-processed, as recommended by Lantz (2013). Firstly, missing values were 

processed using the multiple imputation by chained equations technique (Rivero, 2011). 

Secondly, the data were divided randomly into two sets. The first set corresponds to the 

“training set” used during the learning process (70% of the data). The second set of data is 

used to validate the model throughout the root-mean-square error (RMSE), and subsequently, 

a value close to zero indicates a low prediction error (Raschka & Mirjalili 2019). Thirdly, the 

continuous predictors were centred and scaled to prevent variables with a higher magnitude 

being of greater importance in the model. Fourthly, independent variables were checked for 
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zero or near-zero variance in order to eliminate those that do not provide information. 

Nevertheless, no predictors were removed as all of them showed variability.  

Once this processing had been carried out, in order to achieve the first study objective 

of describing the profile of students with the highest and lowest scores in mathematical 

literacy, the regression tree method was used. This machine learning algorithm was repeated 

for each of the ten plausible values in order to select the value with the lowest root-mean-

square error (RMSE), as in the research of López-Martín et al. (2018). In order to obtain less 

overfitting, the hyperparameters of the decision trees (maximum depth, minimum number of 

observations at a terminal node and at each node) were optimised as a whole by means of 10-

fold cross-validation (Lantz, 2013). This procedure showed that plausible value number eight 

has the lowest RMSE, that is, the lowest estimation error (minimum number of observations 

at each node = 25; maximum depth = 3; minimum number of observations at a terminal node 

= 100; RMSE = 82.985). With regard to the second objective based on identifying the student 

well-being variables that have the greatest impact on mathematical literacy, the Random 

Forest method (Breiman, 2001) was used for each of the plausible values in order to select 

the plausible value with the lowest RMSE. This algorithm is characterized by being highly 

efficient to identify the most important variables (Raschka & Mirjalili, 2019). It should be 

noted that, in the same way as in the previous objective, the hyperparameters here, in this 

case of random forests, are also optimised as a whole. Out of the various plausible values, 

number 8 was again selected as it has the lowest RMSE (number of variables = 10; number of 

trees = 401; maximum depth = 25; RMSE = 75.579). It is observed that the Random Forest 

method is more accurate than regression trees, as it shows a lower estimation error (RMSE). 

Once this procedure had been carried out, the first fifteen most important variables were 

ordered using the permutation statistic. On this basis, there is no statistical criteria to select 
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the predictors that have a significant role in the response variable (Raschka & Mirjalili, 

2019). 

The third objective is to determine the variables related to student well-being that are linked to 

their mathematical competence, once the influence of the socio-economic context has been 

minimised. For this purpose, the nested structure of the educational data (Lee, 2000) was taken 

into account by estimating different hierarchical linear models (Brown, 1994; Raudenbush & 

Willms, 1995), considering level 1: student and level 2: school, where the random variance 

between levels is statistically significant and the Intraclass Correlation Coefficient is higher 

than 10%, as recommended by Gaviria & Castro (2005). Prior to running the models, the 

assumption of multicollinearity was checked in two stages. Firstly, we correlated the variables 

using Spearman’s correlation coefficient, as none of the variables met the assumption of 

normality. The work by Raschka & Mirjalili (2019) states that the relationship is considered to 

be strong when values are larger than 0.8. Secondly, we checked that the Variance Inflation 

Factor was lower than 10 and as this was true in all cases1, we concluded that the assumption 

of multicollinearity had been met. 

Three models were estimated. Model 0 or null model, with no predictors. Model 1, 

where the economic, social and cultural status of both the student and the school are entered, 

as they are considered control variables in the final model, as recommended by the OECD 

(2009). And finally, model 2 which includes the fifteen most important variables of student 

well-being (result of specific objective 2), following the order established by the machine 

learning algorithm, as has been done in similar studies (Arroyo-Resino et al., 2019; 

Constante-Amores et al., 2021).  In addition, as mentioned above, the influence of the 

economic, social and cultural status of both the student and the school is monitored due to the 

impact it may have on student performance (Cordero et al., 2013).  
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For a proper multilevel analysis, when working with plausible values, the indications 

in the research conducted by Laukaityte & Wiberg (2017) were followed. Furthermore, in 

order to analyse the multilevel effect size of each predictor, Cohen’s d is calculated in the 

final model, where a value of around 0.20 indicates a small effect size, values around 0.50 a 

medium effect size and values around 0.80 and higher a large effect size (Cohen, 1992). 

Finally, the AIC, BIC (Akaike Information Criterion and Bayesian Information Criterion, 

respectively) and Deviance statistics are used to analyse the misfit of the estimated models, 

where low values indicate a better fit. The significance of the reduction in misfit is also 

calculated by subtracting the deviances of the compared models and estimating the chi-square 

distribution of said difference, using the difference between the estimated parameters in each 

model as degrees of freedom (Cameron & Windmejier 1997). 

All analyses were performed using R software, version 4.0.5. Specifically, the 

following packages were used: mice (multivariate imputation by chained equations), 

randomForest (Random Forest), caret (machine learning) and nlm4 (hierarchical linear 

model). 

Results 

Specific objective 1: profile of high and low achievers in mathematics 

Once the hyperparameters of the regression tree algorithm were optimised as a whole, the 

student profile was then obtained (see Figure 2).  
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Figure 2. Profile of high and low achievers in mathematics 

 

Students with the highest mathematical literacy score (513 points) are those who do 

not talk to their mother’s or father's partner when something is bothering them (either due to 

absence or lack of relationship) and, in addition, spend time with their friends four days or 

less right after school. It should be noted that this profile refers to 52% of the training sample. 

Nevertheless, the students with the lowest performance in the response variable (463 points) 

are characterised by the fact that they do not talk to their mother's partner when something is 

bothering them. 

Specific Objective 2: importance of well-being variables that influence mathematical 

performance 

After optimising the random forest hyperparameters as a whole and with the lowest RMSE 

obtaining plausible value 8, the 15 student well-being variables that most impact 

mathematical literacy were then obtained (see Table 1).  

Table 1. Well-being variables that most impact mathematical literacy 
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Independent variables  Importance 

(permutation) 

How easy is it for you to talk to your mother's partner about things that 

really bother you?  

305.036 

How easy is it for you to talk to your father's partner about things that 

really bother you?  

270.396 

How many days a week do you usually spend time with your friends 

right after school? 

219.360 

Outside of school, during the past 7 days, on how many days did you 

engage in moderate physical activities?  

146.819 

How satisfied are you with all the things you have? 131.185 

How easy is it for you to talk to other members of your family about 

things that really bother you?  

123.626 

How easy is it for you to talk to your teachers about things that really 

bother you?  

119.465 

How often do your parents or guardians try to control everything you 

do? 

115.878 

Did you feel bored the last time you attended a mathematics class at 

school?  

107.256 

 How many close friends do you have? 104.007 

Did you feel happy the last time you spent time outside your home with 

your friends?  

98.503 

Are you satisfied with your health? 95.071 

Are you satisfied with the way you use your time? 71.546 
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I like my look just the way it is 70.128 

How many days a week do you attend physical education classes? 64.993 

 

Specifically, the three predictors with the greatest impact are the following: How easy 

is it for you to talk to your mother's partner about things that really bother you? How easy is 

it for you to talk to your father's partner about things that really bother you? And how many 

days a week do you usually spend time with your friends right after school? These predictors 

are related to the student’s social well-being dimension. 

Specific objective 3: predictors of mathematical literacy 

To facilitate the interpretation of the results, we perform a dichotomization of the 

independent variables of a categorical nature (following the recommendation by Pardo & 

Ruiz (2013) (see Table 2); then we use the hierarchical-linear models. In the case of the 

discrete quantitative variables (moderate physical activity, number of Physical Education 

classes, and number of days spent with your friends after class) they have been dichotomized 

using the decision tree technique using the CART growth method (Raschka & Mirjalili, 

2019). 

Table 2. Predictor variables 

Variables Recoded values 

Economic, Social and Cultural Status (ESCS) 

of the student 

Quantitative variable 

Average ESCS of the school Quantitative variable 

Talking to your mother's partner 0 = I don't have or I don't see this 

person. 

1 = I get along with this pearson 
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Talking to your father's partner 0 = I don't have or I don't see this 

person. 

1 = I get along with this pearson  

Number of days spent with friends right after 

school 

0 = Four days or less  

1 = Five  

Moderate physical activity 0 = Four days or less 

1 = Five, six and/or seven days 

All the things you have 0 = Not very satisfied or not at all 

satisfied 

1 = Satisfied and totally satisfied 

Talking to other family members 0 = I don't have or see this person 

1 = Very easy, easy, difficult and very 

difficult  

Talking to the teacher 0 = I don't have or see this person 

1 = Very easy, easy, difficult and very 

difficult  

Parental or guardian control 0 = Almost never 

1 = Sometimes or almost always 

Bored in the last mathematics class 0 = A little or not at all 

1 = Quite or extremely 

Number of close friends Quantitative variable 

I feel happy when I spend time with my friends 0 = A little or not at all 

1 = Quite or extremely 
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Health 0 = Not very satisfied or not at all 

satisfied 

1 = Satisfied and totally satisfied 

Use of time 0 = Not very satisfied or not at all 

satisfied 

1 = Satisfied and totally satisfied 

The way I look 0 = Disagree, strongly disagree or I 

don’t have an opinion. 

1 = Agree or strongly agree 

Number of physical education classes 0 = One to two days 

1 = Zero, three or more days  

 

Table 3 shows the results of the hierarchical linear models. Model 0 is the model with 

no predictors where the largest misfit occurs, model 1 includes the socio-economic context 

variables, which significantly predict student performance. Specifically, for every point 

increase in the school's ESCS and average ESCS, there is an increase of 23.101 and 25.122 

points in mathematical literacy, respectively. These predictors explain 61% of the variability 

in mathematical literacy. Model 2 includes the 15 most important variables of student well-

being identified in the previous objective. It is noteworthy that all were statistically 

significant, except How easy is it for you to talk to other members of your family about things 

that really bother you? and I like my look just the way it is. This model increases the 

explanation of the response variable by 6%, where the total percentage of variance explained 

is 67%. With regard to the coefficients of the predictors of the social well-being dimension 

that were found to be significant, it can be seen that students who talk to their mother’s 

and/or father’s partner when something is bothering them score 16.102 and 14.687 points 
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lower in mathematical literacy compared to students who do not have or do not see that 

person, respectively. However, those who talk to their teachers when something is bothering 

them score 20.757 points higher compared to students who cannot rely on this support. 

Students who spend time with their friends five days a week right after school score 20.494 

points lower in mathematics performance compared to those who spend four days or less. A 

decrease of 0.906 points in the response variable is predicted when the student has an 

additional close friend. Students who felt quite or extremely happy when they were with their 

friends outside their home scored 21.782 points higher than those who did not feel happy or 

felt a little unhappy. Students who are sometimes or almost always controlled by their 

parents or guardians score 16.665 points lower on average in the response variable compared 

to students who are almost never controlled. With regard to physical well-being, students who 

engage in moderate activities 5 to 7 days a week score 15.576 points higher compared to 

those who engage in moderate physical activities four days or less. Students who attend 

physical education class zero, three or more days score 31.573 points less compared to those 

who attend between one and two days. Students who are satisfied or totally satisfied with 

their health score 12.006 points higher in mathematical literacy than those who are not 

satisfied or not at all satisfied. 

Regarding material well-being, students who are satisfied or totally satisfied with all 

the things they have score 23.112 points higher on the dependent variable compared to those 

who are not very satisfied or not at all satisfied. Finally, in relation to psychological well-

being, students who are satisfied or totally satisfied with their use of time score 12.603 points 

lower than those who are not very satisfied or not at all satisfied. Those students who 

mentioned that “they were quite or very bored in the last lesson of math” have 8,548 points 

less than those who said that were little or not at all. Additionally, students who have a good 

body image scored 2,356 more points in mathematical competence. 
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In relation to the multilevel effect size of the final model, it can be seen that the 

variables with the largest magnitude are ESCS (d = 0.400), average ESCS (d = 0.270) and 

Number of physical education classes (d = 0.220), where these effects are small (Cohen, 

1992). Regarding the overall fit of the models, we observe a reduction in the deviance of 

model 2 (202344.578) with respect to that of the null model (209985.143), resulting in a 

decrease in the significant unexplained variance (𝑋2 = 2668.188; gl = 17; p = .000) and, 

thus, we conclude that the student well-being variables selected help to improve the fit of the 

baseline model. These improvements are also observed in the AIC and BIC information 

criteria, where, as shown in Table 3, these values decrease as predictors are included in the 

model. 

Finally, regarding the calculation of the intraclass correlation coefficient (ICC), in the 

null model the proportion of variance due to the school is 15.014%. With the introduction of 

the student well-being questionnaire variables and the monitoring of the economic, social and 

cultural status of both the student and the school, the variance is reduced to 5.656%. 

Therefore, the variables entered in the model explain 9.358% of the variation in mathematical 

literacy results between schools. 

 

Table 3. Multilevel random-intercept regression models to explain mathematical literacy 

 Model 0 

(null model) 

Model 1 

(+ socio-economic 

context) 

Model 2 

(+ student 

well-being) 

Cohen’s d 

Intercept  489.181 

(1.126) *** 

493.614 (0.751) *** 463.780 

(3.736) *** 
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ESCS  23.101 (0.476) *** 18.849 (0.513) 

*** 

0.400 

Average ESCS  25.122 (1.497) *** 21.789 (1.320) 

*** 

0.274 

Talking to your 

mother's 

partner 

  -16.102 

(1.609) *** 

0.172 

Talking to your 

father's partner 

  -14.687 

(1.095) *** 

0.152 

Number of 

days spent with 

friends right 

after school 

  -20.494 

(1.039) *** 

0.154 

Moderate 

physical 

activity 

  15.576 (0.879) 

*** 

0.200 

All the things 

you have 

  23.112 (1.692) 

*** 

0.200 

Talking to 

other family 

members 

  -1.156 (4.350) 0.022 

Talking to the 

teacher 

  20.757 (2.933) 

*** 

0.076 
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Parental or 

guardian 

control 

  -16.665 

(0.923) *** 

0.190 

I was bored in 

the last 

mathematics 

class  

  -8.548 (0.825) 

*** 

0.116 

Number of 

close friends 

  -0.906 (0.092) 

*** 

0.178 

I feel happy 

when I spend 

time with my 

friends 

  21.782 (1.516) 

*** 

0.148 

Health   12.006 (1.258) 

*** 

0.124 

Use of time   -12.603 

(0.893) *** 

0.166 

The way I look   2.356 (0.907) 0.028 

Number of 

physical 

education 

classes 

  -31.573 

(1.474) *** 

0.220 
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Intra-school 

variance 

1162.255 453.225 384.563  

Inter-school 

variance 

6567.788 6137.290 4437.026  

ICC 15.014% 12.675 % 5.656 %  

AIC 419858.556 409264.300 368311.980  

BIC 420001.750 409306.630 404903.030  

Deviance 209985.143 204589.486 202344.578  

Percentage of 

variance 

explained 

 61.004% 66.912 %  

 * p < 0.05; ** p < 0.01; *** p < 0.001 

Discussion and conclusions 

This research intended to study the influence of the student well-being questionnaire 

variables on mathematical literacy in PISA 2018, as said questionnaire was included for the 

first time in this edition. This paper is, therefore, considered novel, as it is one of the first 

studies to comprehensively address the student well-being variables associated with 

performance.  

Specific objective 1: profile of high and low achievers in mathematics 

With regard to the first objective, aimed at describing the profile of students with the 

highest and lowest scores in mathematics, it was found that the profile of students with the 

highest score in mathematical literacy consists of students who do not have or do not see to 

their mother's partner or their father's partner (which may be due to the absence of said 

person) when something is bothering them, and who spend time with their friends four days 

or less right after school.  
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It is prescriptive to note that all of these predictors are related to social well-being. 

One possible explanation for these results may be through achievement goal theory (the 

ability to work hard to demonstrate competence in educational, sporting and/or family 

settings) and social comparison theory. In this regard, a longitudinal study by Zhou et al., 

(2020) with adolescents, examined how achievement goals relate to the subjective well-being 

of adolescents in the school context. To this end, they addressed a theoretical model that 

specified that academic social comparisons and self-esteem would serve as mediators in the 

relationship between achievement goals and well-being. The findings revealed that the 

domain objectives (For example: "I want to learn as much as possible from this class") 

showed successive indirect associated on subjective well-being at school through social 

comparisons, academic comparisons and self-esteem. Therefore, in the absence of close 

social relationships or negative communication with the mother/father figure, the ability to 

understand and interact in the social world may be affected and, thus, so may their academic 

performance (Shirley et al., 2020). 

 

Specific Objective 2: importance of well-being variables that influence mathematical 

performance 

In this sense, it is coherent that, with regard to the second objective, which consisted 

of identifying the variables that most affect performance in mathematics, the three predictors 

with the greatest impact were the following: How easy is it for you to talk to your mother's 

partner about things that really bother you? How easy is it for you to talk to your father's 

partner about things that really bother you? And, how many days a week do you usually 

spend time with your friends right after school? Also, it is prescriptive to note that all of these 

predictors are related to social well-being. 
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The study by Molina-Muñoz et al. (2023) indicates that students' emotions are closely 

related to their performance in mathematics. That is, the emotional state, corresponding to the 

individual component of students' psychoemotional well-being, the academic or school 

component and the social component are related to the score or grade obtained in 

mathematics.  

In this context, adolescence is a critical period of development both psychologically 

and psychopathologically. During this stage, problems with parents and friends have been 

shown to increase adolescents' depressed mood (Fiorilli et al., 2019). Specifically, regarding 

the predictors of depression, self-esteem is the most important, followed by maternal and 

paternal emotional availability (Babore et al., 2016). A longitudinal study confirmed a 

reciprocal relationship in parent-child cohesion, self-esteem and academic achievement 

(Wang et al., 2021), with significant bidirectional relationships observed between self-esteem 

and well-being at school (Yang et al., 2020). These results can be explained from a socio-

ecological perspective. That is, social well-being can be interpreted as the result of an 

individual's interaction with different social settings; thus, the personal characteristics of a 

schoolchild, when interacting with their family and educational context, will affect the 

quality of their well-being. In this case, the family and the school as microsystems offer 

opportunities to develop the sense of belonging to different meaningful groups (Widlund et 

al., 2018). In particular, the prediction of adolescents' subjective well-being is heavily related 

by the direct effect of perceived family support (Gutiérrez et al., 2021).  

In this sense, school-based parental involvement acts as a powerful predictor of 

achievement and school learning environment (Park et al., 2017) as, according to the meta-

analysis by Smith et al. (2020), they work together to promote child development through 

activities that link both environments and contribute to the academic and social and 

emotional competencies of schoolchildren. An even greater difference was found when the 
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mother provides this support. When parents attend meetings with management and teachers, 

and participate in extracurricular activities, it influences student performance in different 

school subjects (Murillo & Hernández, 2020). In this sense, it is important to encourage 

parents’ participation and involvement in the school, such as becoming teaching assistants, 

outdoor volunteers or school board members (Fleer and Rillero, 1999). 

The meta-analysis conducted by Sheridan et al. (2019) examined the effects of family 

and school interventions on schoolchildren's social-behavioural competence and mental 

health. It showed that interpersonal and relational processes (that is, communication, 

collaboration and parent-teacher relationship) and tangible structural elements (that is, 

involvement at home, behavioural support) bring benefits to these competencies and the 

mental health of schoolchildren. This interpersonal context may play an important role in 

promoting general well-being and reducing distress by meeting the key psychological needs 

for autonomy, competence and relatedness, which would explain the relationship between the 

number of days per week spent with friends and academic performance (Buzzai et al., 2020; 

Cosentino & Karwowski, 2019).  

 

Specific objective 3: predictors of mathematical literacy 

In relation to the third and final objective, intended to determine the predictor 

variables of mathematical literacy, it should be noted that students who talk to their mother's 

and/or father's partner (broken homes) score 16.102 and 14.687 points lower, respectively. 

However, those who talk to teachers when something is bothering them scored 20.757 points 

higher. In addition, students who are satisfied with their health, with the use of their time or 

with all the material things they have score 12-15 points higher. Similarly, those who feel 

quite or extremely happy when they are with their friends away from home scored 21.782 
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points higher. Nevertheless, those who feel that they are sometimes or almost always 

controlled by their parents or guardians score 8.548 points less on average.  

These aspects can be explained due to the control of emotions (emotional intelligence 

and emotional state) as they can affect adolescents' resilience and motivation, in addition to 

academic performance and the adoption of healthy lifestyle habits (Trigueros et al., 2019; 

Urrila et al., 2017). In this line of argument, it was shown that adolescents with little parental 

support are less motivated, with poorer academic performance and higher levels of alcohol 

consumption (Moral-García et al., 2020). In this sense, several systematic reviews (Cobo et 

al., 2017; Iglesias-Díaz & Romero-Pérez 2021; Tomé et al., 2021) conclude that well-being 

can be learned in the classroom as schools play a critical role in positive socialisation, in 

establishing and maintaining cultural values due to the fact that students spend a large part of 

their time there. Furthermore, according to the meta-analysis conducted by Tan et al. (2020), 

the socio-economic level of families has some bearing on these aspects. These findings call 

for integrated educational policies and practices to foster students' sense of belonging, feeling 

of integration and contribution to their schools and family relationships (López et al., 2021). 

Therefore, teachers and parents should cultivate students' well-being by focusing not only on 

present life satisfaction and positive affect, but also on positive feelings regarding the future, 

given that they are associated with subsequent academic achievement (Wu et al., 2020). 

Moreover, within the domain of physical activity, it is noteworthy that students who 

engage in moderate physical activities 5 to 7 days a week score 15.576 points higher 

compared to those who engage in moderate physical activities four days or less. Similarly, 

students who attend physical education class zero, three or more days score 31.573 points 

less compared to those who attend between one and two days.  

The results obtained are similar to those found in the research conducted by Gómez-

Fernández & Albert (2020), and show that physical activity can play an important role in 
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academic performance. The results suggest a positive association between the number of days 

per week engaging in moderate physical activities and performance in scientific, reading and 

mathematical literacy. However, more days per week of vigorous physical activities was 

associated with lower scores in reading and science. Therefore, these authors emphasise that 

the associated of physical activity on children and young people need to be further 

investigated. With regard to physical education classes, these results can be explained by the 

increased motor engagement time in these classes in two sessions per week (55 minutes) 

compared to schools that choose to teach three sessions per week (45 minutes). In other 

words, in 45-minute sessions there is less optimisation of motor engagement time, which may 

prevent increased physiological engagement time, understood as the time in the physical 

education class in which students work at sufficiently significant intensities so as to produce 

organic and academic improvements (Rodríguez et al., 2020). 

In view of the above and based on the study conducted by Jorge & González (2017), 

it is necessary to develop research the implementation of education and intervention 

programmes for family life in order to create changes regarding the way children are raised, 

disciplinary practices and the attention that parents pay to their children, so as to promote an 

optimal educational climate for learning, healthy lifestyle habits and the development of 

skills. It is also clear that there is a need to implement programmes that work on students' 

emotions through emotional education, which will have positive influence on both students’ 

psychosocial environment and their academic performance (Gil et al., 2019; Govorova et al., 

2020).  

In line with the study objective, it was observed that the student well-being variables 

that most affect mathematical literacy are related to social well-being, both in the absence of 

communication with the mother’s or father's partner and in interaction with friends. At the 

same time, the role of physical education and moderate physical activity as performance 
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predictors should be highlighted. These results are of particular interest to the educational 

society; family, school and students, as an increase in student well-being may lead to 

improved mathematical literacy.   

Based on these findings, it is necessary to ask what the school can do to promote 

student well-being. In this regard, the school must primarily improve school climate: 

approaches to learning and assessment, pedagogy, accountability measures, interpersonal 

relationships, commitment to social-emotional learning and school connectedness, i.e. 

healthy relationships with different educational agents such as parents and peer friendships 

(Clarke, 2020; Gutiérrez et al., 2021). Likewise, intervention programs should be developed 

within the educational context to improve the emotional intelligence of the parents' partners 

in order to obtain greater emotional stability in the schoolchildren (Molina-Muñoz et al., 

2023; Jungert et al., 2020).  

At the same time, the aim should be to increase students' personal growth. And 

personal growth requires fostering commitment, interest, meaning and purpose. And along 

with these characteristics would also be self-esteem, optimism, resilience, physical and 

emotional vitality and self-determination (Gil-Madrona et al., 2019; Gómez-Fernández & 

Albert, 2020; López et al., 2021).  

Faced with this situation, teachers have the enormous challenge and, at the same time, 

the enormous opportunity to develop well-being in the classroom in favour of students, since 

no student can be left out of the group's learning for any reason (Govorova et al., 2020; 

Iglesias-Díaz & Romero-Pérez, 2021).  

Finally, it should be noted that, from a methodological point of view, the Random 

Forest method is more accurate than regression trees, as it shows a lower estimation error 

(RMSE). This is in line with the studies carried out by Lantz (2013) and Raschka & Mirjalili 
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(2019). Therefore, the use of the Random Forest algorithm is recommended when working 

with predictive models. 

Limitations and future research 

Nevertheless, these findings should be interpreted with caution.  Regarding the magnitude of 

the effect of predictors, low and moderate effect sizes were found. Care must be taken when 

interpreting them as, although the effect size is intended to represent a "real" effect in the 

population, it is important to understand that effect size estimates can be influenced by 

sampling and measurement. Samples that are too large or are non-random, as is the case in 

this research, may produce biased effect size estimates that should be interpreted with caution 

(Ferguson, 2009).   

This study is not only based on an exploratory analysis of mathematical literacy using 

machine learning algorithms, but also on a predictive model (hierarchical linear model), 

taking into account the nested structure of the educational data, in addition to providing the 

effect size of each predictor. Nonetheless, it should be borne in mind as a limitation that the 

results do not allow us to conclude in terms of causality and, therefore, it would be interesting 

to use structural equation models or covariance structures in the future, which are suitable for 

analysing the type of relationship (direct, indirect or non-causal) and the meaning of the 

relationships in non-experimental designs. 
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