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Abstract 

The increased online presence and use of technology by today’s adolescents has created new 

places where bullying can occur. The aim of this thesis is to specify a prediction model that can 

accurately predict the risk of cyberbullying victimization. The data used is from a survey 

conducted at five secondary schools in Pereira, Colombia. A logistic regression model with 

random effects is used to predict cyberbullying exposure. Predictors are selected by lasso, tuned 

by cross-validation. Covariates included in the study includes demographic variables, dietary 

habit variables, parental mediation variables, school performance variables, physical health 

variables, mental health variables and health risk variables such as alcohol and drug 

consumption. Included variables in the final model are demographic variables, mental health 

variables and parental mediation variables. Variables excluded in the final model includes 

dietary habit variables, school performance variables, physical health variables and health risk 

variables. The final model has an overall prediction accuracy of 88%. 
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1. Introduction 

Adolescents in Colombia are today more connected than ever and frequently online on different 

social networks on their phones and computers (Ministerio de Tecnologías de la Información y 

las Comunicaciones, 2012). A consequence of the increased use of electronic devices and online 

presence is that bullying and harassment can continue outside of the school environment through 

text messages and social media. A recent study on cyberbullying in Colombia show that 10.7% 

of secondary school students had been victims of cyberbullying (Herrera-López, Romera & 

Ortega-Ruiz, 2017). Research has shown that there are risk factors associated with cyberbullying 

victimization, previous studies on health risk factors associated with cyberbullying show that 

female cyber-victimized students have higher odds for drug use later in life and cyber-victimized 

male students are more likely to smoke (Kritsotakis, Papanikolaou, Androulakis & Philalithis, 

2017).  

Drug use among adolescents is a global problem but what makes Colombia unique is the long 

history of drug related problems. Moreover, a large number of illegal drugs are still being 

produced in Colombia, primarily cocaine, making illegal substances easy to access (Observatorio 

de Drogas de Colombia, 2016). The level of drugs consumed during late adolescence has been 

shown to influence the degree of continued use of drugs in adulthood (Bates & Labouvie, 1997) 

therefore, adolescence is a time important to examine in order to understand the reasons of drug 

use later in life. Earlier studies on the consequences of drug use in adolescence shows that the 

use of illegal substances is associated with an increased involvement in crime and a decreasing 

likelihood of graduating from high school and going to college (Newcomb & Bentler, 1988). 

The purpose of this study is to investigate possible relationships between cyberbullying and 

health risk behaviors, with a focus on substance use, and present a predictive model for the risk 

of cyberbullying victimization. This study uses survey data collected in 2016 at five secondary 

schools in Pereira, Colombia. Pereira is a city with 474,356 habitants located in the Colombian 

coffee region, a part of the country where the use of illegal drugs is twice as high as the national 

mean (Observatorio de Drogas de Colombia, 2016). The most recent statistics on drug use 

among the school population in Colombia shows that country wide almost 12% of 

schoolchildren have tried any illegal substance. For the departments located in the Colombian 

coffee region the number of schoolchildren that have tried any illegal substance is around 19% 
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(Observatorio de Drogas de Colombia, 2011). Thus, having a good understanding of the 

predictive factors related to cyberbullying is important in order to foresee both online and offline 

bullying and propose measures to stop them. 

The rest of the thesis is organized as follows. In Section 2 a description of the analyzed data is 

presented. Section 3 consists of an account of the methods used in this thesis. The results are 

presented in Section 4 and the thesis is concluded with a discussion and conclusion in Section 5. 

A complete list of candidate variables is placed in the Appendix. 

2. Data 

This thesis uses cross sectional data collected in Pereira, Colombia by Marcela Olaya Bucaro in 

collaboration with Universidad Tecnológica de Pereira (The Technological University of Pereira) 

for the master thesis “Lifestyle risk factors and socioeconomic factors in youths from Pereira, 

Colombia and Uppsala Sweden” (Olaya Bucaro, 2017). The data collection was done using a 

modified version of the questionnaire “Liv och hälsa ung” (Life and Health youth) developed by 

“Region Uppsala”. The modified questionnaire consists of 70 questions about the student’s life 

and health. The survey consists of two main parts, one concerning lifestyle risk factors and the 

other about socioeconomic predictors. The questions encompassed topics such as the students 

smoking habits, alcohol consumption, drug use, use of prescription medication, parent’s 

employment status, type of residence and general health status.  

The survey was given to students in grades ten and eleven at five secondary schools in Pereira, 

Colombia. The sampling technique used for the data collection was convenience sampling but 

with an effort from the researcher to reflect the different socioeconomic levels in the city (Olaya 

Bucaro, 2017). Three public schools and two private schools that are located in different 

neighborhoods of the city were chosen. In Colombia, the socioeconomic levels differ greatly 

between public and private schools, since the private schools often have high tuition fees 

(Pereyra, 2008).   

The final dataset contains a total of n=328 observations. A list of all candidate variables is 

presented in appendix A. Some descriptive statistics of the sample are presented in Table 1. The 

students included in the study are between 14 to 18 years and older and the sample has an 

approximately equal gender distribution. A majority of the participants were attending a public 
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school. The outcome variable that we are interested in is “Have you during the last three months 

been exposed to bullying, intimidations or harassments via mobile phones, Facebook Twitter or 

other social media?” (No=0, Yes=1). Of the participating students 86.3% answered that they had 

not been exposed cyberbullying and 12.8% have reported that they have been exposed to 

cyberbullying in the past three months. 

Table 1 Sample characteristics of the 328 observations 

                      Variable  n (%) 

Gender  

 

Boy 

Girl 

 

 144 (43.9) 

184 (56.1) 

Age 14 years 

15 years 

16 years 

17 years 

18 years or older 

 

 6 (1.8) 

71 (21.6) 

110 (33.5) 

67 (20.4) 

74 (22.6) 

School School 1 

School 2 

School 3 

School 4 

School 5 

 

 50 (15.2) 

54 (16.5) 

96 (29.3) 

27 (8.2) 

101 (30.8) 

Have you ever used narcotics? 

(n=318) 

No 

Yes 

 

 235 (71.6) 

83 (25.3) 

Have you during the last three 

months been exposed to bullying, 

intimidations or harassments via 

mobile phones, Facebook Twitter 

or other social media? (n=325) 

 

 

 

No 

Yes 

 

 

  

 

283 (86.3) 

42 (12.8) 

School drift type Private 

Public 

 77 (23.5) 

251 (76.5) 
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3. Methods 

The statistical software R version 3.4.2 was used for the statistical analyses and the statistical 

package IBM SPSS Statistics version 25 was used for data management and imputation of 

missing values. 

3.1 Multiple imputation 

Multiple imputation is a method for imputing missing values by generating multiple complete 

datasets, analyzing the complete datasets and pooling the results (Rubin, 1987). Multiple 

imputation in SPSS uses a Markov Chain Monte Carlo (MCMC) algorithm known as Fully 

Conditional Specification (FCS) and logistic regression to predict categorical variables. In a 

simulation study Graham, Olchowski and Gilreath (2007) concluded that for imputing simulated 

data containing 10% missing values, for an acceptable 1% power falloff compared to 100 

imputations, 20 imputed datasets are recommended. However, 20 imputations are simply a rule 

of thumb, which is not universally guaranteed to be a reasonable choice. The data analyzed for 

this thesis contained 1.5% missing values. In this study, the number of imputations is chosen 

such that the pooled coefficients are stabilized in the sense that adding an additional imputed 

dataset does not change the estimates with more than 0.05, which results in 10 imputed datasets. 

3.2 Generalized linear mixed models (GLMM) 

Generalized linear mixed models are an extension of generalized linear models (GLM) that 

allows the inclusion of both fixed and random effects. Since the data were collected at five 

different schools it is unreasonable to assume independence between the students within the 

schools. However, Marcela Olaya Bucaro (2017) applied logistic regression to this dataset under 

the assumption of independent observations. In order to account for the within school correlation 

a logistic regression model with a random effect for the schools is used. A random effect 

captures the correlation better than a fixed effect. As mentioned previously, the outcome variable 

is “Have you during the last three months been exposed to bullying, intimidations or harassments 

via mobile phones, Facebook Twitter or other social media?”. The inclusion of the random effect 

allows us to account for the correlation within a school but under the assumption of 

independence between schools. 
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3.3 Least Absolute Shrinkage Selector Operator (lasso) 

The dataset analyzed in this thesis contains 70 variables, 60 of those variables where used as 

potential predictors. In order to do a variable selection and only include the relevant variables the 

lasso is used to select covariates. This was done using the R package glmmLasso (Groll, 2017).  

The lasso is a regression technique for variable selection and shrinkage (Tibshirani, 1996). The 

benefit of using lasso is that it performs parameter estimation and variable selection 

simultaneously. It is well known that lasso tends to outperform the classic estimation and 

selection approach in terms of a better prediction. To not include redundant variables is 

important in order to not overfit the data and produce a model with good prediction (Hair, Black, 

Babin & Anderson, 2010). For a review of lasso, the reader is directed to Tibshirani (2011). 

In order to determine the optimal tuning parameter lambda (λ) for the lasso regression 5-fold 

cross validation is used to minimize the out-of-sample misclassification rate, the process was 

repeated for each imputed dataset. The cross-validated lambda tunes lasso for out-of-sample 

prediction. Standard errors, confidence intervals and p-values are not presented since it is not 

fully justified and remains challenging to compute and interpret those measures when using lasso 

regression, especially for the zero estimates (Tibshirani, 2011). 

4. Results 

The pooled estimates of the ten imputed datasets is presented in Table 2, all other variables that 

are not presented in Table 2 are set to zero by the lasso regression. Only six of the 60 initial 

candidate variables are non-zero, including gender, the use of prescription drugs both pain 

medication and antidepressants, whether the student’s parents have set up rules for internet use 

and school drift type. Variables set to zero by the lasso and therefore excluded in the final model 

includes dietary habit variables, school performance variables, physical health variables and 

health risk variables including all variables related to substance use, alcohol consumption and 

smoking habits. 
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Table 2 Pooled model estimates and odds of the non-zero coefficients and variance of the random effect 

Variable 

 

Fixed effects 

 Estimate                            Odds      

Intercept  -4.0002                              0.0183                                   

 

Gender 

 

   Boy 

   Girl 

  

 

Reference                          Reference                    

1.3351                                3.8004 

Medication on prescription 

against headache or other type of 

pain  

 

   Never 

   Occasionally 

   Daily or almost daily 

 

  

 

 

 

Reference                        Reference                                 

-0.0260                              0.9743 

0.2110                               1.2349 

Medication on prescription 

against depression, sleep 

disorder or anxiety 

 

   Never 

   Occasionally 

   Daily or almost daily 

 

  

 

 

 

Reference                        Reference                              

-0.4816                             0.6178                      

0.7653                               2.1496 

Someone has treated you 

unfairly because of your gender 

 

   No 

   Yes, once 

   Yes, twice or more 

 

  

 

 

Reference                       Reference                                         

0.9932                          2.6999     

0.2513                            1.2857 

Parents set up any rules for your 

internet use  

 

   No 

   Yes 

 

  

 

 

Reference                      Reference                                        

1.3813                           3.9801 
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Table 2 (cont.)   

Variable 

 

Fixed effects 

 Estimate                            Odds      

School drift type 

 

   Private 

   Public 

  

 

Reference                     Reference                                       

-0.0794                         0.9237 

 

Variable   

Random effects 

 

School 

Variance 

   

 0.2049 

 

 

 
Table 3 Pooled confusion matrix with a threshold of 0.5 

  Observed 

cyberbullied 

   No Yes 

Predicted 

cyberbullied 

No 281 36 

Yes 3 8 

 

Predictive accuracy of the prediction model is measured with a confusion matrix (Hair et al., 

2010). Table 3 is a confusion matrix of the observed and predicted class. The model has an 

overall prediction accuracy of 88% but the specified model underestimates the number of 

cyberbullied observations and classifies 81% of the observations incorrectly as not cyberbullied. 

However, the false positive rate of is only 1%. 

From Table 2, it can be seen that the risk of cyberbullying exposure is higher for girls compared 

to boys, with odds of 3.8004. Moreover, there is an increased risk of cyberbullying victimization 

for the students that has been treated unfairly because of their gender, odds of 2.6999 for once 

and odds of 1.2857 for one or more times. There is lower risk of cyberbullying exposure in 

public schools compared to private schools with odds of 0.9237. If the students’ parents have set 

up rules for the internet use, such as how much, how long you can surf on the internet and which 

pages and games they can visit and use there is an increase in the risk of cyberbullying 

victimization with odds of 3.9801. Daily or almost daily use of prescription medication against 

headache or other type of pain and against depression, sleep disorder or anxiety is associated 

with an increased risk of cyberbullying with odds of 1.2349 respectively 2.1496. While only an 
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occasional use of prescription medication against headache or other type of pain and against 

depression, sleep disorder or anxiety is associated with a decreased risk of cyberbullying 

victimization with odds of 0.9743 respectively 0.6178. 

5. Discussion & Conclusion 

The purpose of this thesis was to specify a model that is able to correctly predict the risk of 

cyberbullying victimization. Six out of 60 candidate covariates are left in the final model, chosen 

by lasso. The final model has an overall accuracy of 88 % but misclassifies the majority of 

cyberbullied observations, meaning that there may be factors not captured by the survey that are 

vital in order to accurately predict the risk of cyberbullying victimization. The majority of 

candidate covariates were not included in the final model including the variables relating to 

illegal substance use, alcohol consumption or smoking habits, indicating that for the current data 

there is no signs of a relationship between cyberbullying victimization and substance use. This is 

contrary to previous research that has shown significant relationships between health risk factors 

and cyberbullying victimization (Kritsotakis et al., 2017; Sánchez, Navarro-Zaragoza, Ruiz-

Cabello, Romero & Maldonado, 2017). A possible reason for this is that the mentioned studies 

are focused on university students and that could be an indicator that possible drug and alcohol 

related problems might occur later in life after cyberbullying exposure. Moreover, the mentioned 

studies have not used methods to account for the correlation within levels of the data, such as 

correlation within the same school or class. More research is needed to assess the relationship 

between cyberbullying victimization and drug use in secondary school students and the short-

term effects of cyberbullying exposure. 

Parental mediation of internet use is the single most influencing factor in the prediction model. 

Students that have rules set up by their parents for their internet use have a higher likelihood of 

being exposed to cyberbullying, while no rules set by the parents is associated with a lower risk 

of cyberbullying victimization. Studies on parental mediation of internet use shows that 

restrictive parental mediation increases the risk of cyberbullying victimization while other less 

restrictive types of mediation lowers the likelihood of cyberbullying exposure (Wright, 2017). 

Wright (2017) suggests that restrictive mediation leads to children being less experienced with 

the internet and therefore easier targets of cyberbullying. This could be an indication that 

restrictive mediation might be the most common type of parental mediation in this sample. 
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Further research is necessary into how parents in Colombia regulate their child’s use of 

electronic devices and how it can influence the risk of exposure to cyberbullying.  

The results also show that there is a higher likelihood for girls compared to boys to be exposed to 

cyberbullying, this goes against previous research that have shown that male students are more 

likely to be victims of cyberbullying compared to female students (Wong, Cheunga & Xiaob, 

2018) and other studies that found no differences in victimization between the genders (Li, 

2006). The results of this thesis show that students who have been treated unfairly due of their 

gender have an increased risk of cyberbullying victimization, this is likely related to finds in 

previous research that boys are more likely to be cyberbullies (Li, 2006; Hong, Lee, Espelage, 

Hunter, Patton, Rivers, 2016). That could mean that the cyberbullying in the studied sample is 

partly due to sexism and previous research show that bullying in school in part is gendered 

harassment of sexist nature, this in accordance with feminist theory of hegemony in society of 

male and heterosexual values (Meyer, 2008). 

The result that the daily or almost daily use of medication against depression increases the risk of 

cyberbullying exposure is in line with previous results that have shown that cyberbullying 

victims are more likely to be depressed (Wright, 2016). Similarly, that daily or almost daily use 

of prescription medication against headache or other type of pain increases the risk of 

cybervictimization is consistent with previous research that cyberbullying victims are more 

likely to have psychosomatic problems such as headaches, abdominal pain, and sleeping 

problems (García-Maldonado, Martínez-Salazar, Saldívar-González, Sánchez-Nuncio, Martínez-

Perales & Barrientos-Gómez, 2012). However, the results in this thesis suggests that if a student 

only uses prescription medication against headache or other type of pain and against depression, 

sleep disorder or anxiety only occasionally the risk of cyber bullying exposure is lower. It is 

unclear why this difference exists and further investigations would be necessary to investigate 

possible causes to this. 

Further the results show that public school students have a lower likelihood of cyberbullying 

victimization than private school students. This is contrary to previous research that have shown 

that public school students are more likely than private school students of being cyber-victimized 

(Topçu, Erdur-Baker & Çapa-Aydin, 2008). Moreover, Hong, et al. (2016) shows that a student’s 

socioeconomic status affects the likelihood of cyberbullying victimization, a lower 
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socioeconomic status is significantly associated with a higher likelihood of cyberbullying 

victimization. Further research would be necessary into differences between public and private 

schools in the Colombian setting and how socioeconomic status affects the risk of cyberbullying 

exposure. Cyberbullying is often claimed to be an extension of traditional offline bullying and 

not a separate phenomenon (Olweus & Limber, 2018; Sharma, Kishore, Sharma, Duggal, 2017). 

The survey used to collect the data had no questions about offline bullying so it is not possible to 

know from the available data if there exist a relationship between cyberbullying and traditional 

bullying. 

There are several limitations to lasso regression, such as that the lasso will select only one 

variable from a group of correlated coefficients and cannot select more non-zero coefficients 

than the number variables when the number of variables in the dataset is larger than the number 

of observations (Hastie, Tibshirani & Friedman, 2009). An alternative is to use other shrinkage 

and variable selection techniques such as Elastic net (Zou & Hastie, 2005) that can overcome 

some of the limitations of the lasso. When using linear models a limitation is that it assumes a 

form for the covariates. Alternatives to using generalized linear model methods includes among 

other to instead specify a generalized additive model (GAM) (Hastie & Tibshirani, 1990) to 

capture the potential nonlinearity of the data with the help of smooth functions. Other limitations 

of this thesis are the low sample size and the missing values in the data. Moreover, the data is 

cross-sectional and does only contain information about cyberbullying in the past three months. 

Therefore, it is not possible from this data to assess any long-term effects of cyberbullying. 

Previous studies (e.g., Kritsotakis et al., 2017) about cyberbullying have shown that exposure to 

cyberbullying many years back influences the current drug and alcohol use. Finally, a future 

prediction model could potentially be improved by adding other variables that captures factors 

omitted by the survey used in this thesis, for example variables relating to internet use such as 

time spent on social media.  
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Appendix A: Complete List of Candidate Variables Used in the lasso Regression 

 

Variable 
 

  

Gender 

 

Boy 

Girl 

 

 

Age 

 

14 years 

15 years 

16 years 

17 years 

18 years or older 

 

 

How do you live? 

 

In a leasehold flat 

In a condominium (apartments which are owned) 

In a row-house, linked house or in a house  

Other type of resident 

 

 

Fathers occupation 

 

Work 

On sick leave/disability pension? 

Unemployed 

Studying 

On paternity leave/homemaker 

Other/don’t know 

 

 

Mother occupation 

 

Work 

On sick leave/disability pension? 

Unemployed 

Studying 

On maternity leave/housewife 

Other/don’t know 
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How are you feeling 

 

Very good 

Good 

Neither good nor bad 

Bad 

Very bad 

 

 

How satisfied are you with your life? 

 

Very satisfied 

Satisfied 

Neither satisfied nor dissatisfied 

Dissatisfied 

Very dissatisfied 

 

 

Headache 

 

Never 

Rarely      

Sometimes       

Often      

Always 

 

 

Migraine 

 

Never 

Rarely      

Sometimes       

Often      

Always 

 

 

Stomach ache 

 

Never 

Rarely      

Sometimes       

Often      

Always 

 

 

Tinnitus 

 

Never 

Rarely      

Sometimes       

Often      

Always 
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Fatigue 

 

Never 

Rarely      

Sometimes       

Often      

Always 

 

 

Ache neck/shoulders 

 

Never 

Rarely      

Sometimes       

Often      

Always 

 

 

Ache back/hip 

 

Never 

Rarely      

Sometimes       

Often      

Always 

 

 

Ache hands/knees 

 

Never 

Rarely      

Sometimes       

Often      

Always 

 

 

Ache legs/feet’s 

 

Never 

Rarely      

Sometimes       

Often      

Always 

 

 

Stressed 

 

Never 

Rarely      

Sometimes       

Often      

Always 
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Anxious/Nervous 

 

Never 

Rarely      

Sometimes       

Often      

Always 

 

 

Sad 

 

Never 

Rarely      

Sometimes       

Often      

Always 

 

 

Happy 

 

Never 

Rarely      

Sometimes       

Often      

Always 

 

 

Prescription free drugs against headache or other 

pain 

 

Never  

Occasionally    

Daily or almost daily 

 

 

Medical prescription drugs against headache or 

other pain 

 

Never  

Occasionally    

Daily or almost daily 

 

 

Medical prescription drugs against depression, 

sleep problems or anxiety 

 

Never  

Occasionally    

Daily or almost daily 

 

 

Difficulties to fall asleep 

  

Never      

Rarely     

Sometimes      

Often     

Always 
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Restless sleep 

 

Never      

Rarely     

Sometimes      

Often     

Always 

 

 

Nightmares 

 

Never      

Rarely     

Sometimes      

Often     

Always 

 

 

Persistently tired 

 

Never      

Rarely     

Sometimes      

Often     

Always 

 

 

Has someone treated you unfairly due to your 

gender 

  

No     

Yes, once        

Yes, twice or more 

 

 

Has someone showed you appreciation 

 

No     

Yes, once        

Yes, twice or more 

 

 

Has someone treated you unfairly due to your 

gender 

 

No     

Yes, once        

Yes, twice or more 

 

 

Has someone treated you unfairly because of your 

sexual orientation 

 

No     

Yes, once        

Yes, twice or more 

 

 

Have you been physically/mentally mistreated by 

an adult? 

No 

Yes, once 

Yes, several times 
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Have your parents set up any rules for your 

internet use? 

 

No 

Yes 

 

 

Do you usually use the Internet at night? 

 

No 

Yes 

 

 

How do you usually spend times with your 

friends? 

 

Trough social medias, e.g, Facebook, texting, e-mail 

We meet, e.g, at home, community youth center or 

outside 

 

 

How often do you eat breakfast? 

 

Every day    

4-6 days    

1-3 days    

Rarely/never 

 

 

How often do you eat cooked lunch? 

 

Every day    

4-6 days    

1-3 days    

Rarely/never 

 

 

How often do you eat cooked dinner in the 

evening? 

 

Every day    

4-6 days    

1-3 days    

Rarely/never 

 

 

How much do you move per day? 

 

Less than 15 minutes per day 

15- 29 minutes per day 

30-59 minutes per day 

One hour or more per day 

 

 

How often do you usually exercise during your 

spare time, more than 30 minutes? 

 

Every day 

4-6 times a week 

2-3 times a week 

Once a week 

1-3 times a month 

Less than once a month 

Never 
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Bike or walk to school? 

Never  

  

Once or a few times/year  

A few times/month 

At least once/week 

Almost every day      

                                                               

 

Bike or walk to extracurricular activities? Never  

Once or a few times/year  

A few times/month 

At least once/week 

Almost every day 

 

 

Eat fast food, for example pizza, hamburger or 

fries? 

 

Never  

Once or a few times/year  

A few times/month 

At least once/week 

Almost every day 

 

 

Eat/drinks chips, candy, soda or similar? 

 

Never  

Once or a few times/year  

A few times/month 

At least once/week 

Almost every day 

 

 

Eat fruit, vegetables or berries? 

 

Never  

Once or a few times/year  

A few times/month 

At least once/week 

Almost every day 

 

 

Do you smoke? 

 

No, I have never smokes 

No, but I’ve tried  

No, I’ve stopped smoking 

Yes, I smoke sometimes 

Yes, I smoke daily 
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How often have you been drinking alcohol during 

the last 12 months? 

 

Never 

Every two months or more unfrequently 

Around once a month 

2-4 times a month 

1-2 times a week or more 

 

 

Have you ever used narcotics? 

 

No 

Yes 

 

 

How many times have you used hash/marijuana? 

 

Never           

Once          

2-10 times        

11-20 times         

More than 20 times 

 

 

How many times have you used other narcotics 

than hash/marijuana? 

  

Never           

Once          

2-10 times        

11-20 times         

More than 20 times 

 

 

How much do you like school? 

  

Very much 

Much 

“So-so”  

Not so much 

Not at all 

 

 

Do you usually skip school? 

 

No, never 

Yes, sometimes during the term 

Yes, once a month 

Yes, 2-3 times a month 

Yes, once a week 

Yes, several times a week 
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Have you not-passed any subject? 

  

No, not in any subject 

Yes, 1-2 subjects 

Yes, 3-4 subjects 

Yes, 5 or more subjects 

 

 

School year 

 

10 

11 

 

 

School drift type 

 

Private 

Public 

 

 


