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Abstract 

 

Background:  

Child and Adolescent mental health disorders (MHD) are a global issue that pose a huge burden 

for individuals, families, society, and the economy, impeding the transition from childhood to 

adulthood. About half of all mental disorders in adulthood start showing symptoms from 

adolescence, and symptoms of mental illness in childhood increase the risk of mental health 

problems later in life. Identifying specific mental health patterns within children helps to plan 

targeted interventions and improves their mental wellbeing. Frequently used methods to identify 

subgroups within population with similar pattern of behavior include latent class models and 

clustering algorithm. However, these methods may not be effective when analyzing the behaviours 

reported by multiple sources and may lead to inaccurate findings. The application of multilevel 

extension of latent class models has not yet been explored in clustering schools, where children 

are nested and show similar pattern of behaviour within school. The purpose of the study was to 

identify mental health subgroups among children in schools and clusters of schools using 

assessments by multiple informants, considering the variability of these subgroups across different 

school environments.  

Objectives:  

The objectives of this thesis are: i) to analyze the mental health patterns in children by using 

assessments from multiple informants and comparing these patterns with those identified by a 

single informant; ii) to capture the heterogeneity of mental health patterns of children across 

individual school and clusters of schools, based on the patterns of mental health within schools; 

and iii) to assess the effect of school-level and individual-level factors on clusters of schools and 

the mental health patterns of children, respectively.      

Methods:  

Healthy Child Manitoba Office of the Government of Manitoba, Canada, conducted Manitoba 

Grade 5 Menta Health Survey across all schools in Manitoba in 2015/2016. The data collected 

includes information on students' behaviour over the last six months, or the current school year, as 

reported by teachers and students themselves. This thesis project proposes using joint latent class 
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analysis to classify students into the mental health patterns based on these dual assessments. The 

latent patterns represent the underlying mental health classes across these assessments. The 

optimal number of mental health patterns and classes were decided using fit indices such as 

information criteria and likelihood ration tests (LRT). The study also extended this analysis to a 

multilevel joint latent class analysis to accommodate the nested structure of the data, specifying 

categorical latent variable to cluster schools. This approach assessed whether mental health 

patterns vary across different schools, clustering them based on the prevalence of mental health 

patterns among students. Finally, we investigated the effects of school-level and children-level 

factors on clusters of schools and mental health patterns using multinomial logistic regression.  

Results: 

We identified six mental health classes (high, moderately high, medium, mild, mild internalizing 

and low risk) for each informant, as well as three mental health patterns: high-risk, low-risk and 

self-reported risk, integrating assessments from both teachers and students. The high-risk pattern 

(19.3%) consisted of students identified as high mental health risk by both self-report and teacher 

assessment, while the low-risk pattern (38.3%) included students deemed low risk on both reports. 

A third pattern (42.4%) emerged, labeled self-reported risk, comprising students reporting 

moderate to high risk themselves but assessed as low to mild risk by teachers. Furthermore, three 

clusters of schools were identified: high-risk (30 schools, 10.6%), low-risk (76 schools, 26.8%), 

and student-reported risk (178 schools, 62.6%), based on variations of mental health patterns 

among schools. Male students, students who born in Canada, and those engaged in bullying 

activities reported by teachers had higher odds of being in the high-risk and self-reported risk 

patterns compared to their counterparts. Moreover, a higher prevalence of bullying in school 

settings was associated with increased odds of being in the high-risk and student-reported risk 

school clusters. 

Conclusions and significance:  

This study provides an approach for classification to effectively manage information provided by 

multiple informants by considering the possible correlation among assessments and within higher-

level groups. This approach will serve as a valuable tool for researchers working with data from 

multiple sources within a hierarchical framework. This approach will enable the evaluation of the 

impact of group-based intervention plans using information from multiple sources. The mental 
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health patterns identified in this study offer insights for policymakers to develop training program 

for teachers and implement targeted interventions to prevent the long-term effects of mental health 

disorders. This research provides valuable information about factors that can inform the 

development of targeted interventions tailored to the specific needs of students. This enables 

educators and policymakers to plan interventions more effectively, ensuring that resources are 

allocated efficiently, and interventions are tailored to address the root causes of mental health 

issues within school settings.  

 

Keywords: Mental health problems, Children, Latent class analysis, Multilevel data, Multiple 

informants, Multilevel joint latent class analysis. 
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1. Introduction 

Mental health refers to the condition of the mind that allows a person to acquire life skills, use 

those skills to be productive, handle the stress of everyday life, and contribute to society 1. It is 

important to pay extra attention to nurturing mental health during childhood and adolescence 

because symptoms of mental health problems often begin to appear during these stages and can 

continue into adulthood. When children are mentally healthy, it means they have emotional and 

social skills, can cope with various situations, and behave appropriately for their age 2. Mentally 

healthy children have a good perspective toward their life, perform well at school and at home, 

and have good relationships with their peers. Some characteristics that are considered normal 

during childhood development may actually indicate more serious mental health conditions in 

children 3. Those characteristics can impact a child’s development and hinders a smooth 

transition into adulthood 3,4. Adults with mental health disorders often reflect on the impact of 

their mental health conditions during childhood and express regret for not receiving help during 

that time.  

Common mental health disorders among children include anxiety, depression, obsessive-

compulsive, attention-deficit/hyperactivity disorder (ADHD), aggression, and oppositional 

defiant behaviour. 50% of mental health problems of course of life occur during childhood and 

adolescence and about 10-20% of children worldwide experience mental health problems 5–8. 

Although mental health illness is common among children, most of them remain unknown 5,9. 

Identification of mental health problems at early stage has important role to reduce the negative 

impact on children’s development 5. It is important to note that the specific types of mental 

health disorder experienced by children can vary depending on the context. For example, 

conduct problems and ADHD 10–12 are often more noticeable at home, while externalizing 

problems and behavioral disorders are more prevalent in school setting 13–15. Children usually 

report their internalizing problems 16,17. Collecting information from multiple sources can 

improve the accuracy of identifying mental disorders in children 18,19.  

In the field of mental health, researchers are currently identifying patterns of mental health 

disorders among children and categorizing subgroups with similar symptoms or behaviour within 

a population. By studying these subgroups, practitioners can better understand the prevalence of 

different patterns of mental health conditions, factors that influence these disorders, and plan the 
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most effective interventions for each specific mental health pattern 20. These efforts aim to 

improve the overall condition of children with mental health issues.  

Mental health profiles are created based on variations in various aspects of behaviour/symptoms. 

Different profiles show different outcomes in the future. Some profiles show better physical 

health, improved peer relationships, and good academic outcomes in the long run, despite having 

some symptoms of mental disorders 21. It is also important to distinguish between children who 

already have mental disorders and those who are at risk of developing them, as separate 

interventions are necessary for each group to achieve successful outcomes.  

In studies that aim to identify mental health disorders among children, a common approach is to 

use a cut-off method. This method categorizes children into two groups: mentally healthy or 

mentally unhealthy, based on their total score on a checklist of symptoms 21,22.  However, this 

method may introduce large variability within each group since one group can have a wide range 

of scores. This approach also tends to force individuals to fit into common mental health patterns 

within the population 23. There have been debates regarding labeling of certain mental health 

patterns as just good or bad. Some argue that patterns that exhibit a mix of characteristics should 

be separated from conventional mental disorder groups 21,24. It is important to recognize that 

there are several subtypes of mental health profiles within the population, and researchers should 

employ methods that allow for exploration of those subtypes in their studies 23,25.  

To identify mental health subgroups, several alternative statistical techniques have been applied. 

These techniques are chosen based on specific requirement and type of information about mental 

health indicators. Popular methods to discover subgroups within the population belong to a finite 

mixture modelling subset 26. Techniques aim to capture the existing heterogeneity for grouping 

most similar individuals and creating enough distinctness among the groups like latent class 

models, clustering algorithm 27–30. Cluster algorithms classify individuals within a population 

into clusters based on set of variables, calculating similarity and dissimilarity using distance 

among individuals 31–33. Unlike probability-based models, cluster algorithms does not support 

statistical tests to check the clusters 34.   

Latent class models also group individuals into latent classes based on the response for a set of 

variables where individuals within class show similar pattern of response and between classes 

have different patterns 20,35. Latent class model assigns probability of belonging to a class to each 
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individual and assumes that variables are independent of each other within a latent class 36. It has 

been used in various fields to identify subgroups within population e.g., classifying internet users 

based on the purpose of using internet 37, adolescents based on their interest toward tobacco 

products 38. In the field of mental health, latent class model also identified mental health 

conditions among children based on specific symptom, disorder, combination of disorders, 

symptoms reported by multiple sources or domains of mental health problems 20. Mental health 

subgroups identified through LCA include high/severe, moderate, slight/mild or low level of 

disorder group 39–42, multimorbid/high risk class, internalizing problem, externalizing problem 

group 43–45, intermediate conduct problems with high ADHD and oppositional defiant disorder 

(ODD), intermediate ADHD and ODD but low/no conduct problems group 46,47, problematic 

behavior at home group, at school, cross-context (both school and home), problems reported by 

mother, reported by teacher and generalized problem (reported by mother and teacher) group 

30,48.  

Multilevel latent class analysis, extended version of LCA, considers the nested structure of data 

(lower-level units belong to higher-level units, e.g., students from several schools) and model the 

dependency among individuals occurred due to the nested structure 36. Parametric and 

nonparametric version of multilevel latent class model incorporates this dependency in different 

ways where parametric version includes random effects for higher-level units and non-parametric 

version not only classify individuals into latent classes but also higher-level units into latent 

clusters based on the heterogeneity of lower-level classes 49. Studies to discover mental health 

patterns modeled the dependency among observations due to nested structure of the data using 

parametric version and classification of higher-level units were not conducted 50,51.  

In most studies, information used for latent class analysis was gathered from a single informant. 

In studies that did consider symptoms reported by multiple informants, all symptoms were 

included in the same latent class model, regardless of the informant 30,48. However, this approach 

may violate the assumption of the latent class model because symptoms reported by different 

informants for the same children may be correlated. Unfortunately, this correlation was not 

considered in those studies.    

In this study, we proposed a joint Latent Class Analysis (LCA) to identify mental health patterns 

among students using data from multiple informants, such as reports from both teachers and 
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students themselves. We compared these mental health patterns using multiple informant data 

with those obtained from a single informant, such as Student’s self report or Teacher’s report. We 

also proposed multilevel joint LCA by extending the joint LCA to consider the nested structure 

of the data where students were nested within schools. This allowed us to identify clusters of 

schools based on difference in the prevalence of student’s mental health patterns. Additionally, 

we explored the effects of student-level and school-level factors on mental health patterns and 

clusters of schools, respectively. 
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2. Literature Review 

The literature review consists of five sections. The first section describes the mental health of 

children and the importance of identifying different subgroups within population. The second 

section reviews the statistical methods used to identify these subgroups based on observed 

information. The third section reports on the mental health subgroups identified in various 

studies. The fourth section provides the overview of the Strength and Difficulties Questionnaire 

(SDQ), and fifth section reviews individual and contextual factors that influence the mental 

health of children. The final section outlines the objectives of this thesis study, which use the 

data from a mental health survey conducted on Grade-5 students across Manitoba Province.  

2.1 Child Mental Health 

Approximately 14% of children aged 10-19 worldwide experience mental health problems 52, but 

most of those children go undiagnosed and untreated 8. In the US, this percentage rises to nearly 

20% for children aged 3-17 53. In Canada, about 1.2 million children and youth are affected by 

mental issues, with this number increasing to over 7 million among those in their mid-20s 54. 

Unfortunately, only about one in five children and youth with mental health problems receive the 

appropriate care they need. In 2020, about 23% of hospitalization for children and youth (age 5 

to 24) in Canada were due to mental health problems 55. A 2016 report from the Manitoba Center 

for Health Policy (MCHP) revealed that 14% of children in Manitoba have mental illness while 

8.5% have behavioural disorders 56. Being mentally healthy is crucial for children as it allows 

them to develop appropriately, acquire social skills, maintain emotional well-being, and 

contribute positively to their family and society 1,2. Mental health problems can disrupt normal 

childhood growth and have long-lasting effects into adulthood when the proper support is 

lacking. Early intervention for mental health problems in childhood has been shown to have 

long-lasting effect in preventing disorders in adulthood, but unfortunately, many children do not 

receive effective support for early symptoms of mental problems 57. As a result, these symptoms 

often progress into severe mental disorders, leading to a continued prevalence of mental 

disorders in the population 58.  

Psychological problems can broadly be classified into two main types of symptoms: internalizing 

problems and externalizing problems 59. Internalizing problems encompass emotional symptoms 

and peer relationship problems, while externalizing problems includes conduct problems and 
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hyperactivity/inattention 60. Internalizing problem refers to attitudes and behaviors that are 

directed inwardly 59 and often goes unnoticed by others.  These behaviors are influenced by 

negative emotions and can manifest as anxiety, depression/sadness, fear, social withdrawal, 

physical sickness, low confidence, and difficulty in verbal communication 45,60–64. Emotional 

symptoms such as somatic, depressed, unhappiness, nervousness, low confidence, fear can arise 

from internal factors or external environments 65. Despite their prevalence, these symptoms often 

go undetected 66. Children who experience peer relationship problems, such as social withdrawal, 

exclusion, difficulty making friends, and being bullied, face long-term challenges in social and 

emotional adjustment 67. Children with internalizing problems have difficulty to make friends at 

school and seem to avoid conversation with peers and teachers purposefully 62,68, show poor 

academic achievements, irregularity in school, poor communication and social skill 65,69–72 and 

have an increased risk of developing mental disorder such as antisocial behaviour, anxiety 

disorder, and depression 73.  

Externalizing problems, in contrast to internalizing problems, are directed toward others and 

easily noticeable by people 64. These problems include hyperactivity, losing temper, fidgeting, 

bullying others, lying, distracted, impulsive, stealing, and inattention. These problems can lead to 

behavioural disorder, delinquency, substance dependence, and attention-deficit/hyperactivity 

disorder (ADHD) 45,63,74,75. Conduct problems, such as losing temper, fighting, lying, stealing, 

bullying others, and disrespecting adults, often results in detention at school, skipping classes, 

dropping-out from school, having poor relationship with peers and less friends 76,77. About 3% 

school-going children experience conduct disorder 78, and this disorder in childhood increases 

the risk of developing anti-social personality in the long run 79. Hyperactivity/Inattention, such as 

restlessness, fidgeting, being distracted easily, being impulsive, and difficulty in focusing or 

being attentive, can develop into attention-deficit/hyperactivity disorder (ADHD) and impulsive 

disorder 80. Children with ADHD tend to have bad peer relationship and unstable friendships 77, 

suffer academically, may not develop mentally according to their age 81. Externalizing problems 

have been found to be associated with academic difficulties 82, school dropout, and 

underachievement in school 83.    

Pro-social behaviour, which reflects positive development, is an additional domain of mental 

health. Pro-social behaviours are actions directed toward others with the intention of helping 
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them, such as being considerate of someone’s feeling, sharing thing, helping people in need, 

being kind to others and offering help 84. People show pro-social behaviours with the urge to ease 

some’s suffering/pain and sympathy/empathy helps one person to understand other’s pain, 

circumstances, problems 85. Pro-social behaviour is often seen as the opposite of anti-social 

behaviour 86 and discourage aggressive behaviour toward others, fostering positive peer 

relationships 87.  

The classification of individuals based on their mental health problems has long been a topic of 

concern in the field of mental health research and practice. This issue continues to be debated 

due to the nature of classification itself 88–90. The accurate classification of individuals is 

important for practitioners and researchers to improve the care for mental problems and develop 

targeted intervention plan 20. Especially accurate differentiation among children with symptoms 

can have a significant impact on their long-term outcome as social and behavioural development 

largely depends on the condition during childhood 91,92. It is crucial to investigate the factors 

influencing various mental health problems, the growth of children with and without problems 

and the severity in occurrence of different forms of mental health problems within a population 

20,90. Current approaches, such as Diagnostic and Statistical Manual of Mental Disorders (DSM-

5-TR) 93 and cut-off point method, provide pre-determined groups of mental health, but may not 

accurately represent the common mental health profiles in population 20,21,90. The literature on 

mental health profiles of children argued in the favor of the existence of heterogeneity within 

pre-specified groups, subtypes of common mental health issues, as well as varying levels of 

difficulties 23,25,90,94,95.  

However, the issue of classification becomes complicated due to the co-existence of multiple 

problems within research samples 96,97. Comorbidity, refers to the co-existence of multiple 

mental disorders in one individual, is commonly observed in both clinical and community studies 

98. Displaying the symptoms of comorbid condition of mental disorder is common among 

children 99,100 and children with externalizing problems found to have internalizing problems 

during adulthood 45,60. The high correlation between internalizing and externalizing symptoms 

suggests the presence of underlying factors that influence mental problem and co-occurrence of 

disorders 45,63. Using strategy to screen one disorder by excluding other disorder made the 

interpretation of the mental disorder results problematic and the high rate of comorbidity among 
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disorders implies that “pure” disorder instance (only depression or only anxiety) would not be a 

representative of the population 101. To fulfill the purpose of identifying the symptoms or issues 

within children effectively, collecting information from different perspectives is recommended as 

some symptoms might not be noticeable to one perspective, but to other 18,19. Perspectives of 

parents and teachers on the behaviour of children bring more information to the table along with 

the self-reported assessment from children 17,102–104. Mental disorders among children have been 

found to be situation-specific, highlighting the importance of including multiple perspectives on 

children’s symptoms and behaviour 19,48,105. Parents were more prone to identify conduct 

problems, ADH 10–12; self-report mostly validated the presence of internalizing problems 16,17, 

and conduct problems, externalizing problems and behavioural disorders were more noticeable 

by teachers compared with other mental problems 13–15.  

2.2 Statistical Methods for Identifying Subgroups 

This section discusses common statistical methods used to identify subgroups within a 

population by analyzing their response pattern for a specific topic.  

2.2.1 Latent Class Analysis (LCA) 

Latent Class analysis is a person-centered statistical approach which clusters the respondents into 

subgroups based on their response for a set of observed variables 106,107. The resulted subgroups 

are identified as Latent Classes and the variables whose responses are used to label the classes 

are called Indicators. Human behaviors and choices are believed to be guided by unobserved (or 

latent) characteristic and that characteristic or variable worked as explanatory variable to explain 

the relationship of the observed variables (which are the indicators here) 108,109. Latent Classes 

are the categories of unobserved characteristic or latent variable. LCA identifies classes with 

individuals providing similar responses for indicators and individuals from different classes are 

different from each other based on the responses to indicators. LCA has several advantages over 

other traditional methods to identify mental health subgroups like cut-off point method. 

Traditional methods leads to cluster almost similar individuals in different subgroups and degree 

of heterogeneity can be high within a subgroup 20. LCA applies maximum likelihood estimation 

method to separate individuals into different classes which consists of homogenous individuals 

and are heterogenous externally 27. LCA is a model-based method which provides fit statistics 

based on which researchers choose final model and enables the comparison among models 110,111. 
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Moreover, LCA reports probability for each individual belonging to a specific class and 

classification error resultant from fitting the model in hand.  

LCA can cluster individuals into classes based on the responses for a set of categorical or 

continuous variables (indicators) 112. Usually LCA indicates the analysis to cluster individuals 

into classes based on categorical indicators whereas the term “Latent Profile Analysis” is used to 

refer to the same techniques for continuous indicators 112.  We preferred to use LCA to refer to 

this analysis. We used “Classes” and “Profiles” interchangeably for the rest of the study and 

indicated the type of indicator separately. For LCA using continuous indicators, all indicators are 

assumed to follow normal distribution and the means and covariance structures of the indicators 

are specific to each class. According to the research interests and nature of the responses of 

indicators, the covariance structure can take different forms. The general form of LCA with 

continuous indicators, wherewith class specific means and variances of indicators are used, can 

lead  to overparameterization and less reliable results 113,114. However, to reduce the bias and 

preserve the structure of the raw data, it is recommended to have class-specific variances of 

indicators 115–118.  

LCA has been utilized in various studies to classify individuals into distinct groups based on 

complex characteristics. One study employed LCA to classify the internet users into different 

classes, such as traditional use, knowledgeable use, and interactive use, based on their frequency 

of internet use and reasons for using the internet 37. Another study employed LCA to identify 

groups of individuals based on their complex characteristics considering bariatric surgery into 

three groups based on their concerns: cost, benefit, and procedure 119. Similarly, LCA was 

employed to classify pediatricians into two groups: poorly trained with poor satisfaction and 

trained with high satisfaction based on their performance, perception, satisfaction toward 

managing sleeping problems among children 120. Study on population-based cohort of adults in 

Tehran identified four groups of Metabolic Syndrome profiles: low risk group, metabolic 

syndrome with diabetes medicine, without diabetes medicine group and another group with low 

high-density lipoprotein (HDL) and high triglyceride based on their socio-demographic and 

behavioural characteristics using latent class model 121. Another study discovered three groups 

among younger adults from Southern Connecticut based on their curiosity, interest to try and 

experiment tobacco products: influenced by all tobacco products (e.g., cigarettes, e-cigarettes, 
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hookah, cigars, smokeless tobacco), influenced by e-cigarettes, hookah, and blunts, and mostly 

not influenced by any products 38. LCA reported five classes of families based on several 

measures of socio-economic status using student health and well-being survey data of UK and 

the classes were nonworking families, highly affluent families, deprived families, lower affluent, 

and affluent families with deprived schools 122. Using an econometric approach of latent class in 

a field experiment, four groups of individuals were identified based on their food purchase 

behaviour and preference: prestige lovers, ambitious shoppers, shoppers concerned about product 

functionality and shoppers with high income and preference for expensive brands 123.     

2.2.2 Multilevel Latent Class Analysis (MLCA) 

A multilevel extension of the latent class model is employed to analyze data that has a nested 

structure. This is referred to as multilevel latent class model 49,124. The nested structure implies 

that there are multiple observations within each group, such as multiple measurements from 

individuals, and individuals sampled from higher-level entities. Responses collected from 

students (lower level) belonged to several schools (higher level) comprise nested data structure 

where observations of students from same school tend to be similar in nature and different than 

students from other schools. This produces the dependency among responses of students from 

same schools. The multilevel modeling takes this dependency into account to avoid the violation 

of independency assumption in the latent class model and to prevent bias in parameter estimation 

49,124. If researchers ignore the nested structure of the data, it can lead to poor classification of 

lower-level units 125 and the selection of incorrectly specified models 126.  

Two approaches are used in the multilevel latent class modelling to account for the dependency 

caused by the nested structure. The first approach is the parametric approach, which allows for 

random-effects of lower-level latent class across higher-level units. The second approach is the 

non-parametric approach, which classifies not only lower-level units but also higher-level units 

into latent classes 49. As the number of lower-level latent classes increases, the parametric 

approach becomes compute-intensive 127. The random-effects of higher-level units are assumed 

to follow normal distribution for the parametric approach, while the non-parametric approach 

considers a multinomial distribution 128. This makes the non-parametric approach 

computationally lighter and does not depend on the assumption of normality 35. Another 

advantage of the non-parametric approach is that it provides meaningful insights and explanation 
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of the dependency due to the higher-level units. It can show severe characteristics in some 

higher-level units and the absence of the same characteristics in others 129. This clustering of 

higher-level units allows for the discovery of whether the presence of a specific lower-level class 

is higher in some higher-level units and absent in others.   

MLCA has been widely applied in various fields for different purposes. For example, it has been 

used to cluster cities in Taiwan based on the internet use segments. In one study, Taiwan was 

clustered into three class: Metropolitan, Southern Northern Taiwan, based on the response on 

internet usage from consumers from 25 cities 37. MCLA has also been used to cluster higher-

level units such as universities based on their student’s research practices 130. Another study used 

MCLA to cluster residential areas based on residents alcohol dependency 131. Additionally, 

MCLA has been applied to cluster countries based on their ownership of financial products 132.  

The MLCA model has also been applied to large-scale data from the health-care industry in the 

Netherlands. The final model provided two classes at employee level and two classes at team 

level 36. The “Diverse class” at the employee level consisted of employees with high level of 

work variation, diversity, and creative work. On the other hand, the “Structured class” had a low 

level of work variation and a high level of repetitive work. At the team level, the “Diverse 

group” included a higher proportion of teams with diverse employees, while most of the teams in 

the “Uniform group” consisted of structured employees.  

The parametric version of MLCA was applied on smoking behaviour of Community Drug and 

Alcohol Survey (CDAS) data among 9th grade students from several communities in the United 

States 35. The model reported three student-level classes: heavy-smokers, moderate smokers, and 

non -smokers. The chance of belonging to any student level class was allowed to vary across the 

communities. This model supported the fact that, the chance of girl belonging to heavy smoker 

group might be higher for some communities and very low for some other communities. The 

non-parametric MLCA model discovered two community-level clusters: high use communities 

and low use communities, along with the three student-level class from the same response data. 

However, the parametric model was found to be the best fit for the data.  

2.2.3 Cluster Analysis 
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Cluster analysis is a method to classify individuals based on their similarities and dissimilarities 

in some criteria 31. The goal is to group individuals into clusters where individuals within a 

cluster are similar to each other, while individuals from different clusters are different from each 

other based on those criteria 133. The similarity and dissimilarity among individuals are decided 

through classification procedure which relied on density of population or closeness/distance 

between individuals 32,33. There are several clustering techniques that are used as per the situation 

of the research like hierarchical techniques (subtypes: agglomerative or divisive), optimizing 

techniques, density or mode-seeking techniques, clumping techniques. To compute the similarity 

or dissimilarity between individuals, measurements like Manhattan distance, correlation, and 

mutual information are commonly used 33,134. These measurements help quantify the degree of 

similarity or dissimilarity between individuals in the clustering process.  

The resulting clusters in the cluster analysis depend on the researcher’s choice for techniques and 

measurements. Cluster analysis reports clear-cut membership of individuals in clusters 134,135. 

Cluster analysis is not based on probabilistic model like latent class analysis and it assumes 

association among variables within a cluster to show similarity between individuals 135,136. 

Examples of using cluster analysis in studies include clustering college students based on their 

performance on perfectionism 137, clustering countries based on the poor living condition and 

work condition for people with disabilities (such as high risk of poverty cluster) 138, and 

clustering authors from social science and humanities based on their publication patterns 139.  

However, there are several disadvantages of cluster analysis compared to latent class analysis. 

Firstly, the cluster analysis does not use probabilistic model like LCA, which allows for the 

inclusion of different form of the model with different restrictions and supports statistical tests to 

validate the findings. Secondly, cluster analysis does not provide different formal fit indices to 

compare models, as LCA does. Thirdly, the choice of clusters in cluster analysis is more arbitrary 

compared to the classes of LCA. Fourthly, cluster analysis does not allow for the analysis of 

mixed types of variable. Lastly, cluster analysis does not report any error due to 

misclassification, as it does clear-cut assignment of individuals in clusters 34,110.  

2.3 Mental Health Subgroups within Population  

In of the field of mental health, researchers aim to classify participants into different subgroups 

within a population in order to plan targeted interventions for these subgroups. These studies 
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may focus on specific mental health disorder, symptom, or a broad range of mental health 

conditions. By investigating subgroups of mental health, researchers have discovered several 

intermediary levels different from conventional “all-or-nothing” classes. This suggests that 

mental health conditions can be better understood and addressed by considering the various 

subgroups and their specific needs. 

LCA is recommended for analyzing complex concept structure like mental health and 

developmental psychopathology. It helps to capture the heterogeneity within a population and 

study individual psychological aspects 20,140–142. LCA is an inductive approach that investigates 

subgroups and identifies non-conventional subgroups. A cross-sectional study on students of 

United Kingdom aged 8-9 years explored anxiety profiles by applying latent class model on 

continuous scores for general, test and math anxiety. Four ordinal anxiety profiles: high anxiety, 

moderate anxiety, slight anxiety and low anxiety profiles were discovered with slight anxiety 

profile having most students 39. Similar age group in another study on social and separation 

anxiety depicted two classes after analysing through latent class model which are high/moderate 

problem and low problem class 40. Two samples: one consists of children who were referred for 

mental health services and another of nonreferred children from USA were analyzed to explore 

comorbidity of anxiety and depression. Latent class analysis reported three classes among 

children for both samples separately and those classes represented the combination of anxiety 

and depression. The classes were different from each other in terms of severity of anxiety and 

depression together and supported the comorbid status 143.  

In a study conducted in Western China, a Mental Health Test (MHT) was used to assess anxiety 

among children. LCA was applied, and three types of children were identified: low risk, mild risk 

and high risk 144. Another study conducted in Netherlands focused on identifying subtypes of 

ADHD among children aged 10. The study used six response samples: 1) conditions of boys 

reported by mother, 2) boys reported by father, 3) girls reported by father, 4) girls reported by 

mother, 5) boys reported by teachers, and 6) girls reported by teachers, separately. Investigator 

reported subtypes of ADHD from latent class analysis like no/mild symptoms of ADHD type, 

mild inattentive, severe inattentive, hyperactive-impulsive, severe ADHD type for separate 

samples 145. A study in the US focused on attention problem among children. LCA was used to 

analyze non-referred children and clinically referred children separately.  For non-referred 
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children, three latent classes were identified: low/none, mild and moderate attention problem 

classes. For clinically referred children, three classes were identified: mild, moderate and severe 

attention problem classes 41.  

A study on Dutch twins for ODD reported four groups of children based on symptoms reported 

by mothers through multilevel LCA 51. The multilevel LCA model incorporated the dependency 

among twins through estimating robust standard error and the identified classes were no/low 

symptom class, defiance problem class, irritation problem class, and high problematic class. 

Similar studies focusing on specific symptom/disorder or combination of closely related mental 

issues discovered ordinal mental health classes like high/severe, moderate, slight/mild or low 

problem classes through latent class technique 146,147.  

 Classes being different from each other based on type and risk were discovered on the studies 

investigating combination of symptoms or disorders. In a school-based study on elementary 

school-going children in the Netherlands, indicators of conduct problems, oppositional defiant 

disorder (ODD) problems, attention-deficit/Hyperactivity (ADH) problems were analyzed 

together using latent class analysis for categorical indicators. Three classes: intermediate conduct 

problems and high ADH and ODD problems, intermediate ADHD and ODD but low conduct 

problems, and low for all problem class were found among those children 46,47. Another study on 

US children aged 6-18 years and children (aged 7, 10 and 12 years) from the Netherlands 

explored the obsessive-compulsive behavior subgroups among children through the application 

of latent class analysis. Authors reported four subgroups:  no symptom group, worries and has to 

be perfect group, thought problems group and obsessive compulsive disorder group 148. Only 

conduct problem among children from New Zealand was assessed through latent class technique 

but the condition of children was reported by mother and teachers. Latent class model was 

applied on two dichotomous variables: one representing child having conduct problems as per 

mother and another representing teacher’s perspective. Study discovered four subgroups of 

children: no conduct problem, mother-reported, teacher reported, and generalized conduct 

problem group (children with conduct problem as per both mother and teacher) 48. Similar 

subgroups were discovered for conduct problems among children from US where total 10 ordinal 

variables (five for parent’s and 5 for teacher’s perspective) representing conduct issues of a child 

were analyzed through latent class analysis 30. Studies considering the multiple perspective to 
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identify mental health subgroups included all variables representing different perspectives in the 

same latent class model and reported the subgroups based on that latent class model with the 

assumption of variables being independent of each other in each subgroup. Symptoms of mental 

problems of children reported by multiple informants using same set of questions might 

introduce correlation among the responses of same questions from informants.  

In a cross-sectional study on children with disabilities in Sweden, cluster analysis techniques 

were employed to group children into different clusters based on their mental health symptoms. 

Fiver clusters were identified among children 149. These clusters were named conduct problem 

cluster, emotional problem, prosocial difficulties, all difficulties, and no symptom cluster. The 

clusters were determined based on the mean score for mental difficulties scale of children in each 

cluster. Another study was conducted in Sweden using data from 2017-18 Health Behaviour in 

School-aged Children (HBSC) survey on children aged 11 years. Cluster analysis was applied to 

measures such as headache, backache, stomach problems, depressed, anger issue, anxious, 

sleeping problems, dizziness and self-reported overall health 150. Four clusters were identified. 

One cluster included participants with good health status, another included participants with poor 

health status, third included individuals with high symptoms of mental issues, and last one 

included individuals with average symptoms and overall health. A study conducted in Canada 

analyzed survey responses regarding the change in mental health condition of autistic children 

after COVID-19 pandemic using cluster analysis technique 151. The study identified two clusters, 

namely deteriorated clusters and unchanged clusters. The clustering technique was applied to six 

indicators representing two domains of mental health problems which were internalizing 

problems (indicators: depressed, anxious and OCD) and externalizing problems (indicators: 

inattentive, hyperactive and irritation). In another study involving participants aged 9-17 from 

Italy who had a history of non-suicidal self-injury, cluster analysis was used to identify mental 

health subgroups 152. The analysis was based on indicators representing social competence, social 

problems, and affection problem. The researchers reported four clusters among those participants 

as 1) moderate affection problems with good social functioning, 2) socio-affective difficulties, 3) 

good with socio-affection and 4) low affection problem with low social competency.  

2.4 Strength and Difficulties Questionnaire (SDQ) 
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Screening instruments are used in studies to target specific symptoms or disorders. One such 

instrument is the Strength and Difficulties Questionnaire, which assesses mental health 

conditions in children. The SDQ covers internalizing (emotional symptoms and peer relationship 

problems) and externalizing difficulties (conduct problems and hyperactivity/inattention) and 

pro-social behaviour through 25 statements 153. Informants, such as parents, teachers, or children 

themselves, respond to these statements based on their observations of the child being screened. 

The SDQ can serve as an initial assessment tool for clinical diagnosis and measuring treatment 

outcomes 154. Previous studies have used the SDQ to determine the prevalence of common 

mental health disorders and their risk factors among children. Conventional cut-off methods for 

difficulties scores were used to define these disorders 64,66,155–157. Some studies have also used 

responses to SDQ statements related to mental health to discover subtypes and combination of 

common mental health problems. For example, a study in Spain involved children aged 6-8 

reported four mental health groups using the SDQ: high difficulties group, internalizing 

difficulties, externalizing difficulties and well-adjusted (high score for pro-social behaviour and 

low for all difficulties) group 63. Similar subgroups were discovered among elementary school 

children in Pennsylvania using the SDQ, with teachers reporting on the children’s externalizing 

and internalizing problems 60.Another study on adolescents from the Netherlands using 

adolescent and parent versions of SDQ reported six subgroups: no problems group, borderline 

hyperactivity problems, borderline conduct and social problems, emotional problems, emotional 

and social problems and overall problems group 19. Adolescents were unable to distinguish the 

borderline conduct and social problem group and emotional problem group from no problem 

group whereas parents reported at least one problem for each group. Five subgroups were 

reported based on the responses provided by parents through SDQ among children with 

disabilities in Sweden 149. The subgroups were no problem group, conduct problem, emotional 

problem, all problems and prosocial problem group.  

2.5 Factors Associated with Mental Health Patterns 

The development of children usually depends on conditions and environment in which they grow 

up. Various factors within those conditions or environment can have a negative impact on the 

mental and physical development of children. Researchers are investigating various factors, such 

as personal, environmental, or contextual, that can influence the mental conditions of children.  
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The risk, symptoms and prevalence of mental disorders have consistently shown gender 

difference, which has led researchers in the field of mental health to focus on gender as a 

significant factor. The national survey of Great Britain of 2004 reported that among primary 

school children, internalizing problems are higher in girls and externalizing problems are higher 

in boys 158. A study on sample aged 12-15 years from central Norway found that depression 

symptoms were more common among girls than boys 159. Similarly a study involving high 

school students in western China revealed that females had a higher risk of anxiety compared to 

males 144. According to a meta-analytic review of 166 studies, sadness and anxiety were 

significantly higher among girls than boys while boys showed higher level of anger 160. Studies 

on children with and without disabilities reported that boys had higher risk of hyperactivity issue 

compared with girls 64,160–163. Studies on depression have identified factors that increase the risk 

of depression, and these factors were more commonly found among women, ultimately leading 

to a higher prevalence of depression among them 164. The studies mentioned above have 

highlighted the gender difference in mental health problems. Additionally, when identifying 

subgroups within the population based on symptoms of mental health issues, the gender of an 

individual could possibly influence the placement of individual in any given subgroups. 

Therefore, gender is a crucial factor that needs to be studied in mental health field. Thus, 

understanding is important in order to design targeted interventions for specific mental health 

patterns, taking into consideration the characteristics of gender that is more prevalent in that 

group.   

The condition and characteristics of school are important to analyze in order to protect children’s 

mental development, as they spend most of their time there. This has been a major focus in this 

field 165–167. Negative experiences with peers and mistreatment by older students can influence 

children's development, causing them to withdraw from social interactions, peer relationships, 

verbal communication with others and show increased level of depression, anxiety 168.  

A cohort of Dutch school students were examined to understand the effect of bullying on their 

behaviour and attitude in school. The authors reported their findings for four groups of students: 

bully, victims of bully, bully-victim (who bullied others and got bullied) and uninvolved 169. The 

bully and bull-victim groups showed higher level of aggressive behaviour compared to the 

uninvolved and victim groups, with the uninvolved groups displaying the lowest level of 
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aggressions. Victims and bully victims experienced the most social isolation, and bully-victims 

were the least liked by others. A cross-sectional study conducted in the US on school students 

aged 6 to 10 years found that both victims of bullying and those who bully others showed 

externalizing symptoms of mental disorders, such as violent attitudes 170. Children who are bully, 

victim or bully-victim at school are evidently showing higher risk of having mental health 

problems. Schools where bullying occurs to some extent may have a greater number of students 

with various mental issues. The bullying environment in school can be an influential factor for 

mental health problems, providing valuable insights for planning school-based interventions.   

Difference between immigrants and non-immigrants in mental health problems has found to be 

mixed in nature from previous studies. According to community health survey in Canada, the 

prevalence of mental disorder among immigrant population was lower compared to Canadian-

born individuals, and those who recently immigrated had the lowest level of depression and 

alcohol problems 171. Studies conducted in British Colombia and Ontario on children also found 

that the prevalence of mental disorders were lower for immigrant children compared to the non-

immigrant children, which was reflected in the number of children seeking mental health 

services 172–174. Also, the difference in using mental health services among immigrants and non-

immigrants might have happened due to barriers in seeking help for immigrants such as 

language, unaware of services, stigma of mental health problems. However, immigrant children 

were found to have a higher risk of depression and anxiety disorders, which could be attributed 

to the challenging experiences they faced after migration 174. Mental disorders were less 

prevalent among immigrants compared to the non-immigrants based on nationally representative 

survey in U.S. but the prevalence increased to be at same level over time 175. The difference 

among immigrants and non-immigrants in mental health conditions may be related with the 

cultural settings, sociodemographic factors and other factors related to their home country. These 

differences may also impact the chance of having different mental health problems with different 

severity.  Including immigrant status as a factor in the research can provide insights into the 

influence of immigration status on mental health patterns.   

2.6 Objectives    

In this thesis project, we aimed to propose multilevel joint latent class analysis using data from 

multiple informants/sources (teacher’s reports and youth self reports) to identify the patterns of 
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mental health problems among children in Manitoba. We also examined whether these patterns 

vary across schools and explored individual and contextual predictors associated with these 

patterns and clusters respectively.  

To the best of our knowledge, existing literature has not considered the possible correlation 

among responses from multiple perspectives and the nested structure of the data when 

identifying mental health patterns among children. Previous studies have typically identified 

subgroups based on the symptoms reported by either parents/guardians, teachers, or children 

themselves. Some studies have included multiple perspectives but either investigated them 

separately or together without considering possible correlation. A few studies have considered 

the multilevel/nested structure of the data, where lower-level units (e.g., students) are nested 

within higher-level units (e.g., schools). However, these studies have often mitigated the 

dependency among lower-level units by incorporating random effects for heterogeneity across 

higher-level units, without considering the classification of higher-level units.  

Therefore, our thesis project aimed to address these gaps by proposing a multilevel joint latent 

class analysis that considers the correlation among responses from multiple informants and the 

nested structure of the data.       

Firstly, we proposed the joint latent class analyses for items reported by teachers and students 

simultaneously. We introduced a latent pattern variable to represent the connection between the 

two informants. We compared the patterns of mental health identified by the joint LCA approach 

with that by separate LCA for items teacher-reported and students reported items.   

Secondly, we proposed multilevel joint LCA to explore whether there was the heterogeneity in 

these mental health patterns across schools.  By incorporating the multilevel structure, we 

examined if there were variations in school clusters, which could be explained by an underlying 

latent variable.  

Thirdly, we investigated how individual and contextual factors were associated with these mental 

health subgroups identified by multilevel joint LCA. In the selected multilevel joint LCA model 

structure, we included student-level factors such as sex, Canadian-born and bullying as student-

level factors to investigate the effects of these factors on latent mental health patterns of students. 
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We also added the school level factors such as students bullying at school to examine their 

impact on the latent clusters of schools. 
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3. Methodology 

3.1 Grade-5 Mental Health Survey 

The Grade 5 Mental Health Survey was conducted in Manitoba during the 2015/2016 school 

year by the Healthy Child Manitoba Office (HCMO), in collaboration with the Manitoba 

Association of School Superintendents, Manitoba School Boards Association, Manitoba Teachers 

Society 176. The survey aims to assess the mental health condition of Grade 5 students using the 

Strength and Difficulty Questionnaire, which was completed by both students and their teachers. 

This questionnaire consisted of 25 items that assess attributes related to children’s behaviour, 

including both positive and negative attributes. These items covered five domains of behaviour: 

1) Emotional Symptoms, 2) Conduct Problems, 3) Hyperactivity/Inattention, 4) Peer relationship 

Problems and 5) Prosocial Behaviour. Informants responded to each item by choosing one option 

from a 3-Likert scale (“Not True”, “Somewhat True”, “Certainly True”) to indicate the extent to 

which the item applied to the student. 

The survey consisted of three questionnaires: i) SDQ for teachers, ii) SDQ for students and iii) 

“More Information about Yourself” for students. Students completed the SDQ based on their 

feeling and experience over the last six months, while teachers provided their perspective on 

student’s behaviour over the same time period, or sometimes over the past year. The 

questionnaire completed by Teachers to assess the behaviour of students contains exact same 

items 177, but the wording was slightly changed in the version of questionnaire for Student’s self-

reporting 178.  The teacher version included additional questions to assess whether the student has 

any difficulties in areas such as emotions, concentration, behaviour or social interactions. It also 

asked about the duration of these difficulties, the level of suffering experienced by the student, 

and whether these problems affected the entire class or the teacher 179. Personal information 

collected included student ethnicity, birth-country, self-reported health and mental health 

condition, age and sex.  

3.1.1 Ethics Approval 

This thesis used the existing Manitoba Grade 5 mental Health survey dataset to investigate the 

mental health subgroups among grade 5 students during 2015/2016 school year by applying 

proposed joint latent class models. The ethical approval to conduct investigation of the data had 
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previously approved by Health Research Ethics Board of University of Manitoba (H2017:233). 

Since we are using this data for this graduate thesis project, we also obtained ethics approval 

from Health Research Ethics Board of University of Manitoba (H2024:004).  

3.2 Data 

The original dataset had information of 11406 grade-5 students from 412 schools in Manitoba. 

Both teachers and students themselves reported the same set of 25 SDQ items. 

3.2.1 SDQ for Students 

The SDQ for students provided 25 variables representing 25 items which covered the five 

domains of student’s self-reported behaviour. All 25 items were measured in 3-Likert scale (“Not 

True=0”, “Somewhat True=1”, “Certainly True=2”) and yielded 25 ordinal variables in data.    

3.2.2 SDQ for Teachers 

The SDQ for teachers provided 25 variables representing 25 items which covered the five 

domains of student’s behaviour identified by teachers. Same as students’ part, all 25 items were 

measured in 3-point Likert scale (“Not True=0”, “Somewhat True=1”, “Certainly True=2”) and 

yielded 25 ordinal variables in data.  

3.2.3 Student’s Personal Information 

As part of student’s personal information, one variable presented the sex of students and another 

variable represented the self-rated mental well-being of student through 5-point Likert scale 

(“Excellent=0”, “Very good=1”, “Good=2”, “Fair=3”, and “Poor=4”). One dichotomous variable 

measured whether student was born in Canada (“Yes=1”, “No=2”). 

3.3 Data Analysis 

Data analysis was conducted using R software version 4.1.2 and LatentGold software version 

6.0. Data were processed before conducting latent class analyses. Five items in prosocial domain 

(Q1, Q4, Q9, Q17, and Q20) were reverse coded as “Not True=2”, “Somewhat True=1”, 

“Certainly True=0” for teacher’s and student’s variables. Self-reported mental well-being of 

students was recoded as “Excellent=4”, “Very good=3”, “Good=2”, “Fair=1”, and “Poor=0”. For 

Student’s and Teacher’s questionnaire individually, the scores for emotional symptoms, conduct 
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problems, hyperactivity-inattention, peer problems and prosocial behavior domains were 

calculated from 25 items 180. The scores were calculated by summing values of valid items of 

each domain, then dividing the scores with the number of valid items, then multiplying the result 

with 5. In this way, even if one item was missing, the score was not missing for a domain and 

reduce the amount of information loss. We obtained in total 10 scores (five from student’s 

perspective and five from teacher’s perspective). High scores on a domain indicate high level of 

difficulties experienced by students in that area. The observations with missing information for 

any of these scores were removed from the dataset. We also removed observations with missing 

for covariates such as sex, Canadian-born etc. The demographics and distribution of domain 

scores for students, both before and after removing observations, showed no significant 

differences, indicating that the missing data had little impact on the overall results. To reduce 

biasness, accurately select model and by considering the complexity of the proposed models, the 

number of students per group is restricted to be at least 10. So, we removed observations of 

students who belonged to those schools from which less than 10 student’s information was added 

in this data. Finally, information of 8167 students from 284 schools and 31 division was included 

in the analysis. Two variables were created based on the item "Often fights with other youth or 

bullies them" from the Teacher's questionnaire: one variable to indicate if the student is a bully at 

an individual level, and another variable to measure the prevalence of bullying at school. This 

item reported by teachers was converted (recoded “Not True=0” and “Somewhat True=1”, 

“Certainly True=1”) into a dichotomous variable (Yes/No) to determine if the student is a bully 

or not. The percentage of students who were bullies was used as a measure of the prevalence of 

bullying at school. A British cut-offs 181,182 for categorizing the scores of SDQ domains into three 

categories: “normal”, “borderline” and “abnormal” was used to identify students with difficulties 

score in abnormal range according to self-report and teacher’s report. The cut-offs are different 

based on whether it was reported by teachers or students and the slightly adjusted cut-offs for 

continuous scores of SDQ domains were presented in Table A1 of Appendix.  

3.3.1 Identifying Mental Health Classes among Students 

3.3.1.1 Latent Class Analysis (LCA) 
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We applied the latent class model with five domain scores reported by teachers as indicators and 

separately to five domain scores reported by students themselves. Five domain scores were 

treated as continuous indicators, which were used to group students into different latent classes.  

Consider 𝑌𝑖 = (𝑌𝑖1, 𝑌𝑖2, … … … , 𝑌𝑖𝐾) where 𝑌𝑖𝑘 represents the response of individual 𝑖 for 

continuous indicator 𝑘 with 𝑖 = 1,2, … … … , 𝑛 and 1 ≤ 𝑘 ≤ 𝐾. The simple Latent Class model 

for 𝐾 continuous indicators is: 

𝑓(𝑌𝑖) = ∑ 𝑃(𝐶 = 𝑡)𝑓(𝑌𝑖|𝐶 = 𝑡)

𝑇

𝑡=1

 

Where 𝐶 represents the latent variable containing T latent classes as categories with 1 ≤ 𝑡 ≤ 𝑇. 

Different form of LP model can be obtained by specifying different form for 𝑓(𝑌𝑖|𝐶 = 𝑡). 

Assuming all continuous indicators follows class -specific multivariate normal distributions, the 

form becomes: 

𝑓(𝑌𝑖|𝐶 = 𝑡) = (2𝜋)−𝑇/2 |Σ𝑡|−1/2 exp {−
1

2
(𝑌𝑖 − 𝜇𝑡)  ́Σ𝑡

−1 (𝑌𝑖 − 𝜇𝑡)} 

In this model, each latent class has its own mean 𝜇𝑡 and variance-covariance matrix Σ𝑡. Another 

model which assumes that all covariances are zero is known as the most restrictive model. This 

model holds the local independence assumption. This model takes form as follows: 𝑓(𝑌𝑖) =

∑ 𝑃(𝐶 = 𝑡) ∏ 𝑓(𝑌𝑖𝑘|𝐶 = 𝑡)𝐾
𝑘=1

𝑇
𝑡=1  with 𝑃(𝐶 = 𝑡) =

exp (𝛾𝑡)

∑ exp (𝛾𝑡)𝑇
𝑡=1

 and  𝑓(𝑌𝑖𝑘|𝐶 = 𝑡) =

1

√2𝜋𝜎𝑘𝑡
2

 𝑒𝑥𝑝 {−
(𝑌𝑖𝑘−𝜇𝑘𝑡)2

𝜎𝑘𝑡
2 } . 

The variance-covariance matrix Σ𝑡 can specified in different form. It is possible to specify some 

off-diagonal elements to be zero and others not based on the pair of indicators. Also, we can 

specify the model with class-independent variances by replacing the 𝜎𝑘𝑡
2  by 𝜎𝑘

2 or Σ𝑡 by Σ. This 

yields a more restrictive version of latent class model where classes are different from each other 

based on the mean values of the indicators and variances for indicators are same across all 

classes. The violation of local independence assumptions can lead to a poorly fitted latent class 

model. Usually, the number of latent classes are increased to obtain the better fitted model and 

fulfill the assumption. This might provide complex model as better fit. Another way is to relax 
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this assumption for the model by adding the direct relationship between indicators which have 

large value for bivariate residuals indicating strong relationship. The parameters of the LCA for 

continuous indicators is obtained by maximizing the log-likelihood as follows,  

log 𝐿 = ∑ log 𝑓(𝑌𝑖)

𝑛

𝑖=1

 

which is known as maximum likelihood (ML) estimation technique through expectation-

maximization (EM) and Newton-Raphson (NR) algorithm 183. If the indicators are non-normally 

distributed, robust ML estimation techniques is applied 184. The log- likelihood might not reach 

its global solution and might be stuck at local 185. To solve this problem, there was a set of 

random start values, and the model was iterated several times. This procedure increases the 

chance of getting a global solution with large number of random start values and iterations 

26,27,183. Fit indices of several models of different values for 𝑇 was compared to select the optimal 

number of classes 𝑇. After selecting the number of classes 𝑇, students were assigned to mental 

health classes based on posterior class membership probabilities.  

Model Specification: For latent class analysis models, we used four different 

specifications for variance-covariance matrix 𝜮𝒕: a) Class-dependent diagonal 𝜮𝒕 – all 

covariances are assumed to be zero and variances are dependent on classes ; b) Class-

independent diagonal 𝜮𝒕 – all covariances are assumed to be zero and variances are independent 

of classes; c) Class-dependent unrestricted - variances and covariances are dependent on classes; 

and d) Class-independent unrestricted 𝜮𝒕 – variances and covariances are independent of classes.  

Table 3.1: Specifications for variance-covariance matrix of the latent class models 

Five domain scores reported by Teachers Five domain scores reported by Students 

a) Class-dependent diagonal 𝜮𝒕 a) Class-dependent diagonal 𝜮𝒕 

b) Class-independent diagonal 𝜮𝒕 b) Class-independent diagonal 𝜮𝒕 

c) Class-dependent unrestricted 𝜮𝒕 c) Class-dependent unrestricted 𝜮𝒕 

d) Class-independent unrestricted 𝜮𝒕 d) Class-independent unrestricted 𝜮𝒕 

We started by fitting models with diagonal 𝜮𝒕 to maintain the local independency assumption of 

indicators. The models with diagonal variance-covariance matrix 𝜮𝒕 gave bivariate residuals for 
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each combinations of indicators which were larger than 2. This indicates that there is local 

dependency among indicators. Because of this, we fitted models with unrestricted 𝜮𝒕 to relax the 

local independency assumptions for each combination of indicators, starting from the 

combination with highest bivariate residuals. We were informed that there was local dependency 

among every combination of indicators. So, we concluded to run models with unrestricted 𝜮𝒕. 

We compared the Class-dependent unrestricted 𝜮𝒕 models and Class-independent unrestricted 𝜮𝒕 

models and concluded that class -dependent unrestricted 𝜮𝒕 models performed better in terms of 

information criteria values [Table A2 of Appendix]. LCA provided one set of mental health 

classes among students based on the indicators reported by teachers and another set of mental 

health classes based on the indicators reported by students themselves.   

3.3.1.2 Joint Latent Class Analysis (Joint LCA) 

In previous section, we conducted separate LCA on indicators reported by teachers and students 

themselves. However, our objective is to explore groups of students based on their mental health 

condition reported by both teachers and students simultaneously. The data contains responses for 

the same students on same indicators from two sources (informants), which may introduce 

correlation among same indicators from different sources. This might violate the local 

independence assumption of LCA for indicators. To address this, we proposed introducing 

another latent variable (latent pattern) to capture the correlation among same indicators from 

different sources. This approach provided mental health patterns which is the combination of 

mental health classes from sources.  

Suppose we have responses for 𝑛 individuals on 𝐾 continuous indicators from 𝑆 sources and 

these indicators are representing a common idea. The response of one individual from source 𝑠 is 

denoted as 𝑌𝑖
𝑠 = (𝑌𝑖1

𝑠, 𝑌𝑖2
𝑠, … … … … , 𝑌𝑖𝐾

𝑠) where 𝑌𝑖𝑘
𝑠 represents the response for 𝑘 indicator of 

𝑖 individual from source s with 1 ≤ 𝑘 ≤ 𝐾. Joint LCA assumes that 𝑛 individuals can be 

classified into 𝑇 classes of an unobserved latent variable 𝐶𝑠 for each source 𝑠 which directs the 

responses of individuals for these 𝐾 indicators. And latent classes from sources are assumed to 

be associated with each other as responses are for same indicators from different sources and this 

association is measured using another latent variable 𝐺 (Latent Pattern). This yields joint LCA 

model with 𝑇 classes and 𝐿 patterns from responses for 𝐾 continuous indicators from 𝑆 sources. 
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Figure 3.1: Graphical example of a joint LCA 

The model or probability of a responses pattern 𝑌𝑖 (response of one individual) can be written as 

𝑃(𝑌𝑖) = ∑ 𝑃(𝐺 = 𝑙) ∏ {∑ 𝑃(𝐶𝑠 = 𝑡 | 𝐺 = 𝑙) 𝑓(𝑌𝑖
𝑠|𝐶𝑠 = 𝑡)

𝑇

𝑡=1

}

𝑆

𝑠=1

𝐿

𝑙=1

 

Where, a)  𝑓(𝑌𝑖
𝑠|𝐶𝑠 = 𝑡) represents the multivariate normal density function,  

b) 𝑃(𝐶𝑠 = 𝑡 | 𝐺 = 𝑙) = 𝜂𝑡|𝑙
𝑠  represents the probability of belonging to class 𝑡 for source 𝑠 for a 

given pattern 𝑙,  

c) 𝑃(𝐺 = 𝑙) = 𝛾𝑙 represents the probability of belonging to pattern 𝑙.  

This model assumes that each latent class has its own set of mean 𝜇𝑡 and variance-covariance 

matrix Σ𝑡 and these parameters of classes are equal for sources to maintain the same classes for 

sources which ensures invariant interpretation of classes across sources. This model holds the 

following local independence assumptions: 

a) The continuous indicators for source 𝑠 are conditionally independent of each other given a 

latent class for source 𝑠; 𝑠 = 1, … … , 𝑆. 

b) The latent classes of all sources are conditionally independent of each other given a latent 

pattern.  
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This model takes form as follows: 

 𝑃(𝑌𝑖) = ∑ 𝑃(𝐺 = 𝑙) ∏ {∑ 𝑃(𝐶𝑠 = 𝑡 | 𝐺 = 𝑙) ∏ 𝑓(𝑌𝑖𝑘
𝑠|𝐶𝑠 = 𝑡)𝐾

𝑘=1
𝑇
𝑡=1 } 𝑆

𝑠=1
𝐿
𝑙=1  

= ∑ 𝛾𝑙 ∏ {∑ 𝜂𝑡|𝑙
𝑠  ∏ 𝑓(𝑌𝑖𝑘

𝑠|𝐶𝑠 = 𝑡)𝐾
𝑘=1

𝑇
𝑡=1 } 𝑆

𝑠=1
𝐿
𝑙=1  

with  𝑓(𝑌𝑖𝑘
𝑠|𝐶 = 𝑡) =

1

√2𝜋𝜎𝑘𝑡
2

 𝑒𝑥𝑝 {−
(𝑌𝑖𝑘−𝜇𝑘𝑡)2

𝜎𝑘𝑡
2 } . 

As mentioned in LCA, the violation of LCA is mitigated by increasing the number of categories 

of latent variables (here, latent classes and latent patterns). Also, if needed, this assumption is 

relaxed by allowing the possible dependence in the model. The parameter of the model with 

different number of latent classes and latent patterns are usually estimated by maximum 

likelihood method. The log-likelihood function which is maximized by this method is: 

log 𝐿 = ∑ log 𝑃(𝑌𝑖)

𝑛

𝑖=1

 

Parameter estimation of joint LCA follows the techniques like the LCA. In addition, the 

expectation step of EM algorithm applies forward-backward variant 186 and NR algorithm applies 

forward recursion scheme 187 to incorporate the structure of large of individuals per sources 183. 

Then the optimal number of classes 𝑇 and number of patterns 𝐿 are selected by comparing the 

several models of different values for 𝑇 and 𝑀 based on fit indices.  

 Model specification: Simple LCA suggested that there was local dependency among the 

pairs of indicators and supported class-dependent unrestricted 𝜮𝒕 models. Based on that 

information, we fitted joint LCA models with class-dependent unrestricted 𝜮𝒕. The Joint LCA 

reported mental health classes and mental health patterns among students based on both sets of 

indicators reported by teachers and students themselves. 

3.3.1.3 Statistical Criteria for Model Selection 

Final class model was selected based on statistical criteria and interpretability of the classes and 

patterns and several criteria were considered to evaluate models. For selecting final model for 

both LCA and joint LCA, following selecting criteria were considered:  
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• Information Criteria (IC): Lower value for ICs indicates better model. In practical, it is 

common to decrease value of ICs as the number of classes increase and not reach any 

minimum point. In such instances, the values of ICs are plotted to visually detect the 

class after which only small decrease happen with each additional class, known as “elbow 

plot”.  

Table 3.2: Information Criteria 

Information Criteria Formulae 

Akaike Information Criteria (AIC)188 −2𝐿𝐿 + 2𝑃 

AIC3189 −2𝐿𝐿 + 3𝑃 

Consistent Akaike Information Criteria 

(CAIC)190 
−2𝐿𝐿 + (1 + log(𝑛))𝑃 

Bayesian Information Criteria (BIC)191 −2𝐿𝐿 + log(𝑛) 𝑃 

Sample-size Adjusted BIC192 −2𝐿𝐿 + log (
𝑛 + 2

24
) 𝑃 

 

• Voung-Lo-Mendell-Rubin adjusted likelihood ratio test (VLMRLRT): This test compares 

a model of 𝑇 class with another model of 𝑇 − 1 class and reported p-value. If the 𝑝-value 

is insignificant, model of 𝑇 − 1 class is better model than model of 𝑇 class.  

• Bootstrap likelihood ratio test (BLRT): This test works as same as VLMRLRT.  

• Average Latent Class Posterior Probability: This diagnostic statistic represents the 

average probability of classifying individuals correctly through the model in hand. 

Researchers suggested having the average probability for each class of the model greater 

than 0.90 but if other statistical criteria supported as model, the value between 0.80 to 

0.90 is acceptable.  

• Entropy 𝑅2: Another diagnostic statistic indicates how the model correctly defines the 

classes, and the value of entropy should be close to 1. 

• Class size: Researcher suggests that classes should not contain fewer than 50 cases or 5% 

of sample size but if the statistical criteria supported the model with small classes and 

conceptually makes sense, the model with small classes can be selected.   
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First, Information criteria were used to compare the models. BIC and sample-size adjusted BIC 

are commonly reported in studies and these incorporate penalties for complexity and number of 

parameters. The model with the lowest values for ICs is the better fitted model. Second, 

likelihood ratio test was utilized to compare two neighbouring models. The p-value indicates the 

better model. Average latent class posterior probability, entropy 𝑹𝟐, and class size are diagnostic 

criteria, and the final class was not selected solely based on these. But these classification 

diagnostics were considered while selecting final class as addition to support the final model. 

Along with statistical criteria, theoretical knowledge and the interpretability of the classes was 

considered while selecting the final model. It is to avoid selecting a solution with too complex or 

too simple model and high statistical value which does not make sense practically. 

3.3.2 Identifying Mental Health Clusters among Schools 

To achieve our second objectives, we applied a non-parametric version of multilevel LCA on the 

five domain scores from both teachers and students. This approach takes into account the nested 

structure of the data, allowing us to classify not only students into latent classes but also schools 

into latent clusters based on mental health classes/patterns of students. Furthermore, we 

employed a proposed multilevel joint LCA to analyze the combined five domains score reported 

by teachers and students. This analysis provided insight into the mental health patterns among 

students as well as the mental health clusters among schools. Later, we compared the mental 

health clusters among schools obtained from this analysis with the clusters derived from separate 

multilevel LCAs based on the reports from teachers and students individually.  

3.3.2.1 Multilevel Latent Class Analysis (MLCA) 

Multilevel Latent Class Analysis (LCA) is the extended version of latent class analysis for 

continuous indicators which is modified to consider the nested structure of the data and explore 

the heterogeneity in mental health classes across school. Suppose there are 𝑛 number of 

observations from 𝐽 groups for 𝐾 continuous indicators. 𝑌𝑖𝑗 = (𝑌𝑖𝑗1, 𝑌𝑖𝑗2, … … , 𝑌𝑖𝑗𝐾) indicates the 

set of response of individual 𝑖 of group 𝑗 where 𝑌𝑖𝑗𝑘 denotes the response of individual 𝑖 of group 

𝑗 for continuous indicator 𝑘 with each group having 𝑛𝑗  observations, 𝑖 = 1,2, … … … , 𝑛, 1 ≤ 𝑗 ≤

𝐽 and 1 ≤ 𝑘 ≤ 𝐾.The non-parametric version of Multilevel Latent class analysis model for 𝐾 

continuous indicators can be written as 
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𝑓(𝑌𝑖𝑗) = ∑ 𝑃(𝑊 =   𝑚)

𝑀

𝑚=1

(∑ 𝑃(𝐶 = 𝑡 |𝑊 =   𝑚)𝑓(𝑌𝑖𝑗|𝐶 = 𝑡, 𝑊 =   𝑚)

𝑇

𝑡=1

) 

Where 𝐶 and 𝑊 represent the latent variables of level-1 class and level-2 cluster respectively, 

𝑃(𝑊 =   𝑚) =
exp (𝛿𝑚)

∑ exp (𝛿𝑚)𝑀
𝑚=1

 , 𝑃(𝐶 = 𝑡 | 𝑊 =   𝑚) =
exp (𝛾𝑡𝑚)

∑ exp (𝛾𝑡𝑚)𝑇
𝑡=1

 and 𝑓(𝑌𝑖𝑗|𝐶 = 𝑡, 𝑊 =   𝑚) =

(2𝜋)−𝑇/2 |Σ𝑡𝑚|−1/2 exp {−
1

2
(𝑌𝑖 − 𝜇𝑡𝑚)  ́Σ𝑡𝑚

−1 (𝑌𝑖 − 𝜇𝑡𝑚)}. By replacing the 𝑓(𝑌𝑖𝑗|𝐶 = 𝑡, 𝑊 =

  𝑚) with 𝑓(𝑌𝑖𝑗|𝐶 = 𝑡), we get the restricted version of non-parametric multilevel latent class 

model which let the items-conditional probability density to be independent of group-level units 

where 𝑓(𝑌𝑖𝑗|𝐶 = 𝑡) = (2𝜋)−𝑇/2 |Σ𝑡|−1/2 exp {−
1

2
(𝑌𝑖 − 𝜇𝑡)  ́Σ𝑡

−1 (𝑌𝑖 − 𝜇𝑡)}. The non-parametric 

multilevel model can use different forms of variance-covariance matrix and mean of continuous 

indicators as per the behavior of the data by means of specifications of 𝑓(𝑌𝑖𝑗|𝐶 = 𝑡). As 

mentioned in LCA, the 𝑓(𝑌𝑖𝑗|𝐶 = 𝑡) takes another form under local independence assumptions 

and the violation of this assumption is treated using the usual ways.  

The parameters of the multilevel LCA for continuous indicators is obtained by maximizing the 

log-likelihood as follows,  

log 𝐿 = ∑ ∑ log 𝑓(𝑌𝑖𝑗)

𝑛𝑗

𝑖=1

𝐽

𝑗=1

 

The estimation procedure of multilevel LCA is similar to LCA and the upward-downward 

scheme 49 is used in expectation step of EM algorithm with forward recursion scheme 187 for NR 

algorithm to accommodate the nested structure 183. The final number of patterns at student-level 

𝑇 and number of clusters at school-level 𝑀 are selected by comparing the fit indices of the 

models with different values of 𝑀 and 𝑇. We had two sets of mental health clusters among 

schools from the application of MLCA on indicators reported by teachers and self-reported 

indicators separately.   

3.3.2.2 Multilevel Joint Latent Class Analysis (Multilevel Joint LCA) 

Multilevel joint LCA is the extension of joint LCA to incorporate the nested structure of the data 

and reported mental health clusters among schools from the distribution of mental health patterns 

among students. In MLCPA model, there are three latent variables: latent class and latent pattern 
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variable (student-level) and latent cluster variable (school-level). Consider 𝑌𝑖𝑗
𝑠 =

(𝑌𝑖𝑗1
𝑠, 𝑌𝑖𝑗2

𝑠, … … , 𝑌𝑖𝑗𝐾
𝑠) indicates the set of response of one individual from source 𝑠 where 𝑌𝑖𝑗𝑘

𝑠 

denotes the response of individual 𝑖 of group 𝑗 for continuous indicator 𝑘 from source 𝑠 with 

each group having 𝑛𝑗  observations, 𝑖 = 1,2, … … … , 𝑛, 1 ≤ 𝑗 ≤ 𝐽 and 1 ≤ 𝑘 ≤ 𝐾. The multilevel 

joint LCA model (non-parametric version) is constructed with 𝑀 clusters, 𝐿 patterns and 𝑇 

classes from the responses for 𝐾 indicators from 𝑆 sources.  

 

Figure 3.2: Graphical example of a multilevel joint LCA 

The model for 𝑌𝑖𝑗 can be written as,  

𝑃(𝑌𝑖𝑗) =  ∑ 𝑃(𝑊 =   𝑚)

𝑀

𝑚=1

 (∑ 𝑃(𝐺 = 𝑙 |𝑊

𝐿

𝑙=1

= 𝑚) ∏ {∑ 𝑃(𝐶𝑠 = 𝑡 | 𝐺 = 𝑙) 𝑓(𝑌𝑖𝑗
𝑠|𝐶𝑠 = 𝑡)

𝑇

𝑡=1

}

𝑆

𝑠=1

) 
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Where, a) groups are classified into 𝑀 clusters of latent cluster variable 𝑊, 𝐺 represents latent 

pattern variable and 𝐶𝑠 represents latent class variable,  

b) 𝑓(𝑌𝑖𝑗
𝑠|𝐶𝑠 = 𝑡) represents the multivariate normal density function,  

c) 𝑃(𝐶𝑠 = 𝑡 | 𝐺 = 𝑙) represents the probability of belonging to class 𝑡 for source 𝑠 for a given 

pattern 𝑙,  

d) 𝑃((𝐺 = 𝑙 |𝑊 = 𝑚) represents the probability of belonging to pattern 𝑙 for a given cluster 𝑚,  

e) 𝑃(𝑊 = 𝑚) represents the probability of belonging to cluster 𝑚.   

This model assumes that each latent class has its own set of mean 𝜇𝑡 and variance-covariance 

matrix Σ𝑡 and these parameters of classes are equal for sources to maintain the same classes for 

sources. Also, this conditional density is not dependent on group and this model holds the 

following local independence assumptions: 

a) The continuous indicators for source s are conditionally independent of each other given a 

latent class for source 𝑠; 𝑠 = 1, … … , 𝑆. 

b) The latent classes of all sources are conditionally independent of each other given a latent 

pattern.  

c) The latent patterns of all individuals of group 𝑗 are conditionally independent of each other 

given a latent cluster of group 𝑗.  

This model takes form as follows:  

𝑃(𝑌𝑖𝑗) =  ∑ 𝑃(𝑊 =   𝑚)𝑀
𝑚=1  (∑ 𝑃(𝐺 = 𝑙 |𝑊 = 𝑚) ∏ {∑ 𝑃(𝐶𝑠 = 𝑡 | 𝐺 =𝑇

𝑡=1
𝑆
𝑠=1

𝐿
𝑙=1

𝑙) ∏ 𝑓(𝑌𝑖𝑗𝑘
𝑠|𝐶𝑠 = 𝑡)𝐾

𝑘=1 })  

= ∑ 𝛿𝑚
𝑀
𝑚=1  (∑ 𝛾𝑙|𝑚 ∏ {∑ 𝜂𝑡|𝑙

𝑠  ∏ 𝑓(𝑌𝑖𝑗𝑘
𝑠|𝐶𝑠 = 𝑡)𝐾

𝑘=1
𝑇
𝑡=1 }𝑆

𝑠=1
𝐿
𝑙=1 )  

with  𝑓(𝑌𝑖𝑘
𝑠|𝐶 = 𝑡) =

1

√2𝜋𝜎𝑘𝑡
2

 𝑒𝑥𝑝 {−
(𝑌𝑖𝑘−𝜇𝑘𝑡)2

𝜎𝑘𝑡
2 } . The violation of local independence 

assumption is solved through previously mentioned ways. The log-likelihood function which is 

maximized to estimate the parameters of this model is: 
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log 𝐿 = ∑ ∑ log 𝑃(𝑌𝑖𝑗)

𝑛𝑗

𝑖=1

𝐽

𝑗=1

 

ML estimates of the multilevel joint LCA are obtained using EM and NR algorithm where the 

expectation step of EM algorithm uses both forward-backward 186 and upward-downward 

schemes 49 and NR algorithm uses forward recursion scheme 187. The expectation step is 

modified due to the structure of data where individuals are nested within groups and large 

number of individuals per sources 183. The local solution situation is avoided through iterating 

the model with several random start values as mentioned in LCA. Comparing the fit indices of 

the model with different values of 𝑀, 𝑇 and L, the final number of classes, patterns and clusters 

are selected. The application of multilevel joint LCA provided health cluster among schools by 

using the responses provided by teachers and students themselves for indicators of mental health.  

3.3.2.3 Statistical Criteria for Multilevel Model selection  

Information Criteria were used to select the final class as instructed in latent class analysis part. 

It is computationally intensive to run several combinations of latent classes and clusters or latent 

classes, patterns, and clusters simultaneously. We first selected the final number of latent classes 

through LCA and then choose optimal clusters through MLCA. Similarly, for proposed joint 

analysis, we ran joint LCA to select optimal number of latent classes and patterns and then 

extended the model to multilevel joint LCA to select final number of latent clusters for schools. 

The final number of latent classes and patterns were selected using the same formulae of 

Information Criteria as mentioned in latent class part and to select the optimal number of latent 

clusters for schools, the below modified formulas of ICs were used where the number of groups 

(schools) was used as sample size. 

Table 3.3: Information Criteria for Multilevel model 

Criterion 
Formulae (based on total number 

of groups as sample size) 193 

Consistent Akaike Information Criteria (CAIC)  −2𝐿𝐿 + (1 + log(𝐽))𝑃 

Bayesian Information Criteria (BIC)  −2𝐿𝐿 + log(𝐽) 𝑃 

Sample-size Adjusted BIC −2𝐿𝐿 + log (
𝐽 + 2

24
) 𝑃 
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3.3.3 Effects of student-level and school-level covariates 

We investigated the effect of student-level covariates, such as sex, self-reported mental well-

being, bullying and Canadian born status, on the mental health patterns among students derived 

from the multilevel joint LCA. Further, we explored the influence of school-level covariates, 

including bullying at school, on the mental health clusters among schools.  

The extension of multilevel joint LCA to include the student and school-level covariates is to 

understand the effects of student-level covariates on the latent pattern memberships and school-

level covariates on the latent cluster memberships. The extension is allowing individual-level 

covariates to influence only pattern memberships, not latent classes because covariates might 

affect the local independence of latent classes within a given pattern 194.  Assume we have two 

covariates, 𝑋1𝑖𝑗: student-level covariate and 𝑋2𝑗: school-level covariate, then, 

𝑃(𝐺 = 𝑙 |𝑋1𝑖𝑗, 𝑊 = 𝑚) =
exp (𝛽0𝑙|𝑚 + 𝛽1𝑙|𝑚𝑋1𝑖𝑗)

∑ exp (𝛽0𝑙|𝑚 + 𝛽1𝑙|𝑚𝑋1𝑖𝑗)𝐿
𝑙=1

 

Where 𝛽′𝑠 measures the change in log-odds of belonging to pattern 𝑙 compared to the reference 

pattern 𝐿 for one-unit change in covariate 𝑋1𝑖𝑗 and 𝛽′𝑠 can be assumed to be same for all clusters 

(e.g., 𝛽1|𝑚 = 𝛽1|1 = ⋯ = 𝛽1|𝑀).  

And  

𝑃(𝑊 = 𝑚 |𝑋2𝑗) =
exp (𝜆0𝑙 + 𝜆1𝑚𝑋2𝑗)

∑ exp (𝜆0𝑙 + 𝜆1𝑚𝑋2𝑗)𝐿
𝑙=1

 

Where, 𝜆′𝑠 denote the change in the log-odds of belonging to cluster 𝑚 compared to reference 

cluster 𝑀 for one-unit change in covariate 𝑋2𝑗.  

The extended multilevel joint LCA model can be written as,  
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𝑃(𝑌𝑖𝑗|𝑋1𝑖𝑗, 𝑋2𝑗)

=  ∑ 𝑃(𝑊 =   𝑚|𝑋2𝑗)

𝑀

𝑚=1

 (∑ 𝑃(𝐺 = 𝑙 |𝑋1𝑖𝑗, 𝑊

𝐿

𝑙=1

= 𝑚) ∏ {∑ 𝑃(𝐶𝑠 = 𝑡 | 𝐺 = 𝑙) ∏ 𝑓(𝑌𝑖𝑗𝑘
𝑠|𝐶𝑠 = 𝑡)

𝐾

𝑘=1

𝑇

𝑡=1

}

𝑆

𝑠=1

) 
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4. Results 

4.1 Sample Characteristics 

Table 4.1 presents the final sample of 8167 students from 284 schools across 31 divisions that 

were used for the analysis. The sample consisted of 4054 (49.60%) girls and 4113 (50.40%) 

boys, with 82.80% of students being Canadian born. Among these students, 3101 (38%) rated 

their mental health as excellent, while 182 (2.20%) rated as poor. According to teacher’s report, 

77.7% of 8167 students did not engage in fighting or bullying their peers. The average 

percentage of students reported by teachers to be involved in bullying behaviour at school was 

22.33 (±12.14). 

Table 4.1: Characteristics of Students (n = 8167) from Manitoba Grade-5 Mental Health Survey 

Variables N (%) 

Sex  

Female 4054 (49.60) 

Male 4113 (50.40) 

Teacher-reported bullying incidents  

No 6343 (77.70) 

Yes 1824 (22.30) 

Self-rated Mental Health  

Poor 182 (2.20) 

Fair 535 (6.60) 

Good 1712 (21.00) 

Very Good 2637 (32.30) 

Excellent 3101 (38.00) 

Canadian born  

Yes 6762 (82.80) 

No 1405 (17.20) 

Table 4.2 shows the means and standard deviations for five SDQ domains based on reports from 

teachers and students. On average, students reported experiencing higher level of difficulties 

compared to what their teachers reported. Alternatively, teachers reported higher levels of 

prosocial difficulties compared to what students reported by themselves.  

Table 4.2: Outcome of five domains from two perspectives, mean (±std. dev) 

Domain Scores Self report Teacher’s report 
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Emotional difficulties 3.14 (±2.37) 1.92 (±2.30) 

Peer difficulties 2.38 (±1.94) 1.45 (±1.93) 

Conduct difficulties 1.72 (±1.74) 1.17 (±1.93) 

Hyperactivity difficulties 3.53 (±2.28) 3.08 (±3.14) 

Prosocial difficulties* 2.10 (±1.72) 2.27 (±2.48) 

*Prosocial difficulty is the opposite of prosocial behaviour. The higher the score, the greater the 

challenges or problems in this area.   

The cut-offs suggested by Goodman were used to classify the students into three categories: 

“normal”, “borderline” and “abnormal”; this categorization was created based on data from a 

community sample in England and various epidemiological studies 177,178. Different cut-off 

values were recommended depending on whether it was self-reported by students or reported by 

teachers. These cut-offs were slightly adjusted to better align with the continuous SDQ sub-scale 

scores, which are shown in Appendix. Table 4.3 presents the percentage of students falling into 

the “abnormal” range on each SDQ sub-scale, as reported by teachers and students separately. 

Table 4.3: Percentage of students with scores in the abnormal range on SDQ sub-scales reported 

by teachers and students 

Domains Self report Teacher’s report 

Emotional difficulties 9.8% 9.1% 

Peer difficulties 7.3% 9.4% 

Conduct difficulties 7.7% 12.9% 

Hyperactivity difficulties 10.3% 17.0% 

Pro-social difficulties 3.7% 11.7% 

Teacher reported higher percentage of students in the abnormal category compared to students’ 

report across various domains. However, students reported a higher percentage of themselves 

experiencing abnormal emotional difficulties than what their teachers reported. The disparity 

between the average difficulties and the percentage of student in abnormal category stemmed 

from the distribution of scores reported by teachers and students. The low average difficulties 

score in teachers’ report reflected a mix of many students with low scores and a notable 

proportion with high scores. In contrast, the high average difficulties score in students’ report 
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resulted from fewer students with low scores compared to teachers’ report and a fair of amount 

of students with high scores.  

4.2 Identifying Mental Health Classes/Patterns among Students 

4.2.1 Latent Class Analysis 

4.2.1.1 Informant: Student 

LCA models, utilizing the scores of five SDQ domains reported by students as indicators, were 

used to identify the patterns of mental health among students. LCA was conducted for one to 

nine classes models and the final model was selected by comparing the results across different 

models. Table 4.4 presents the goodness of fit statistics of the LCA models using self-reported 

scores for strengths and difficulties domains.  

Table 4.4: Goodness of fit statistics of LCA models [Informant: Student] 

Model LL AIC BIC SABIC VLMRLRT 

p-value 

1 Class -54083.1894 108206.3787 108346.5359 108282.9797 - 

2 Class -46099.7871 92281.5743 92568.8964 92438.6062 0.0000 

3 Class -40294.6937 80713.3874 81147.8746 80950.8504 0.0046 

4 Class -35655.8552 71477.7104 72059.3625 71795.6044 0.0000 

5 Class -32522.7962 65253.5923 65982.4094 65651.9173 0.0000 

6 Class -30477.3976 61204.7952 62080.7773 61683.5512 0.0000 

7 Class -29667.6408 59627.2816 60650.4288 60186.4686 0.0000 

8 Class -27651.2383 55636.4766 56806.7887 56276.0946 0.0000 

9 Class -27129.8664 54635.7327 55953.2098 55355.7818 0.0000 

 

 The results of information criteria showed that the BIC, AIC, and SABIC values 

continued to decrease as the number of classes increased. But after six-class models, the further 

increase in number of classes did not show equivalent reduction in these values. Notably, the 

more parsimonious model with five-class provided classes that closely resembled those of six-

class model, with the latter revealing two unique classes not identified in the former. The classes 
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in the six-class and seven-class models were largely similar and additional class in seven-class 

model did not provide extra information compared to six-class model. Thus, we selected the six-

class model as the final model based on fit indices, parsimony and interpretability of classes. The 

entropy R2 values for six-class model was 0.986, and the lowest value of average latent class 

posterior probability was 0.979, both falling within an acceptable range.  The profile plot for six-

class model is shown in Figure 4.1, where the lines represent the classes, x-axis represents five 

SDQ indicators, and y-axis shows the mean score of the indicators.  

 

Figure 4.1: Profile plot of Six-class LCA model [Informant: Student] 

 In the profile plot of six-class model [Figure 4.1], Class 1, comprising 9.6% of students, 

represented individuals with an overall low risk, characterized by the absence of peer-

relationships and conduct difficulties. Class 2 had mild internalizing risk without conduct 

difficulties, while Class 3 consisted of students with a mild risk profile, making it the largest 

class at 21.9%, followed closely by Class 2 at 21.5%. Class 4, accounting for 17.0% of students, 

displayed an overall medium risk level, whereas students in Class 5 (11.5%) showed overall a 

moderately high risk.  The highest overall high risk was observed in Class 6, encompassing 

18.4% of students, who exhibited elevated externalizing difficulties compared to other classes.  

Prevalence of Abnormal Scores Across Mental Health Classes: The percentage of 

students with scores in the abnormal range according to the British three-fold classification in 
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each domain by mental health classes from self-report is presented in Table 4.5. The students 

classified in the high-risk class consistently exhibited higher rates of abnormal scorers while 

those in the low-risk class consistently displayed lower rates across all domains compared to 

other classes. Among students in the mild-internalizing risk class, 4.7% had abnormal scores for 

emotional difficulties and 3.6% for peer-difficulties, with relatively lower percentages in other 

domains. As the level of mental health classes advanced from low to high based on the mean 

scores of sub-scales, there was a corresponding increase in the percentage of students with score 

in abnormal range across all domains. 

Table 4.5: Percentage of Students with Scores in the Abnormal Range on SDQ Sub-scales by 

mental health classes [Informant: Student] 

Classes Emotional Peer Conduct Hyperactivity Pro-social 

Low 0.9% 0.0% 0.0% 0.8% 0.6% 

Mild internalizing 4.7% 3.6% 0.0% 1.8% 1.1% 

Mild 6.7% 3.8% 0.0% 4.5% 2.2% 

Medium 9.2% 5.7% 0.0% 9.9% 3.2% 

Moderately high 13.5% 10.3% 0.0% 16.8% 3.9% 

High 22.6% 19.4% 42.0% 28.6% 10.5% 

 

4.2.1.2 Informant: Teacher 

Similar analysis procedures were employed to teacher-reported mental health scores as we did 

for student-reported scores. Table 4.6 show the statistical fit measures for the LCA models 

utilizing five sub-scale scores reported by teachers.  

Table 4.6: Fit statistics of LCA models [Informant: Teacher] 

Model LL AIC BIC SABIC VLMRLRT 

p-value 

1 Class -51125.9576 102291.9153 102432.0724 102368.5162 - 

2 Class -26893.6164 53869.2329 54156.555 54026.2648 0.000 

3 Class -17133.1291 34390.2583 34824.7454 34627.7213 0.000 

4 Class -12064.0434 24294.0868 24875.7389 24611.9807 0.000 

5 Class -9245.1207 18698.2413 19427.0585 19096.5663 0.000 

6 Class -4268.2669 8786.5338 9662.5159 9265.2898 0.000 

7 Class -2164.262 4620.524 5643.6711 5179.711 0.000 
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8 Class -397.7105 1129.421 2299.7331 1769.039 0.000 

9 Class 1180.29 -1984.5799 -667.1028 -1264.5309 0.000 

 

The AIC values decreased with the addition of classes in the model, showing a consistent pattern 

with the BIC and SABIC values. We focused on the BIC values, which depicted a diminishing 

rate of decrease after the 6-class model. After comparing the classes of six-class model and other 

models, we found that there were variations among the classes from six-class solution and those 

of five-class solution. Seven and eight-class models depicted classes which were largely like six-

class model, only distributed closely related students in different classes. Finally, we selected six-

class model as the final model considering fit, interpretability and parsimony and profile plot of 

this model is depicted in Figure 4.2. The smallest class within six-class model consisted of 8% of 

the students. The average latent class posterior probabilities and the entropy were greater than 

0.90 for the six-class solution.   

 

Figure 4.2: Profile plot of Six-class LCA model [Informant: Teacher] 

In the profile plot of the six-class model [Figure 4.2], Class 1, comprising 14.2% of students, 

represented individuals with no or low risk, and Class 2, the largest class at 26.2%, exhibited 

mild risk with no peer and conduct difficulties and mild other difficulties. Class 3, consisting 

19.7% of students, showed no conduct difficulties but moderate internalizing difficulties. Class 4 
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(12.2%) included students with mild to moderate risk, while Class 5 (8.4%) comprised students 

with moderate risk levels. Class 6 was the overall high-risk class, with 19.2% students exhibiting 

more externalizing and pro-social difficulties compared to other classes.  

Prevalence of Abnormal Scores Across Mental Health Classes: Table 4.7 illustrates 

the percentage of students exhibiting scores in abnormal range based on British cut-offs in each 

domain for each mental health classes from teachers’ report. Among students classified with 

high-risk class, the percentages of students with scores in abnormal range were higher compared 

to students in other classes. In the moderate internalizing risk class, 10.3% of students had 

abnormal scores for emotional difficulties, a rate similar to the 10.4% observed in the mild 

moderate risk class. However, 9.4% of students had scores in abnormal range for peer difficulties 

within moderate internalizing risk class, higher than that of mild moderate risk class. Notably, 

among students belonging to no/low risk classes, no student had abnormal scores in any domain. 

As the classes progressed from low to high based on the mean values of domain scores, the 

prevalence of students with scores in abnormal range increased across all domains. 

Table 4.7: Percentage of Students with Scores in the Abnormal Range on SDQ Sub-scales by 

mental health classes [Informant: Teacher] 

Classes Emotional Peer Conduct Hyperactivity Pro-social 

No/low 0.0% 0.0% 0.0% 0.0% 0.0% 

Mild 2.3% 0.0% 0.0% 4.2% 1.8% 

Moderate internalizing 10.3% 9.4% 0.0% 6.2% 4.5% 

Mild moderate 10.4% 8.4% 0.0% 20.1% 13.0% 

Moderate 13.2% 11.5% 0.0% 28.1% 18.3% 

High 21.3% 29.3% 67.7% 51.9% 38.0% 

 

4.2.2 Joint Latent Class Analysis (Joint LCA) 

 We fitted joint LCA models where the parameters for classes were assumed to be equal 

across two informants to maintain measurement invariance of classes. The joint LCA models 

provided mental health classes for each informant and mental health patterns representing 

combinations of mental health classes from both informants. We started with fitting a series of 
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joint LCA models with various combination of latent classes and latent patterns. Table 4.8 

reports the fit statistics of the joint LCA models that converged.  

Table 4.8: Fit statistics for a series of joint latent class model with different number of classes 

and patterns 

Number of 

Classes 

Number of 

Patterns 

LL BIC AIC SABIC 

2 1 -140967 282312 282017.7 282178.5 

2 -140637 281678.6 281363.2 281535.6 

3 1 -131527 263631.3 263182.8 263427.9 

2 -131084 262790.3 262306.8 262571.1 

4 1 -124833 250441.5 249838.8 250168.2 

2 -124160 249157.4 248505.6 248861.8 

5 1 -111003 222979.4 222222.6 222636.2 

2 -110457 221968 221148.1 221596.2 

6 1 -108648 218467.1 217556.1 218054 

2 -108063 217395.8 216407.7 216947.7 

3 -107589 216547.5 215482.3 216064.5 

7 1 -103978 209324.4 208259.2 208841.3 

2 -104223 209931.8 208775.5 209407.5 

 

The joint LCA model with seven mental health classes and one mental health pattern had lowest 

values across all information criteria [Table 4.8], followed by the model with six-class and three-

pattern. The classes from six-class and three-pattern model were considerably similar to the 

classes from seven-class and one-pattern model. Students which could be identified in the same 

class were distributed in the neighbouring classes in the model with seven-class. Considering 

interpretability of classes and patterns, we selected the six-class and three-pattern joint LCA 

model as the final model (BIC=216547.5; AIC=215482.3). 
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Figure 4.3: Profile plot of six-class/three pattern joint LCA model 

The profile plot of six-class and three-pattern model can be seen in Figure 4.3. Low risk class 

had low mean over all domains and high-risk class had high mean value across all domains. 

Table 4.9 presents the estimated mean parameters of the domains for each class under the final 

model. 

Table 4.9: Estimated means of the domains for each class under six-class and three-pattern joint 

LCA model 

Classes Emotional Peer Conduct Hyperactivity Pro-social 

Low 0.664 0.000 0.000 0.000 0.531 

Mild internalizing 2.008 1.469 0.000 2.368 1.532 

Mild 2.565 1.887 1.000 3.608 2.329 

Medium 3.040 2.281 2.00 4.141 2.587 

Moderately high 4.106 3.135 3.600 4.694 2.464 

High 3.530 3.579 4.970 6.949 5.302 

 

While we maintained equal class parameters across informants, the prevalence percentages of 

students in each class were allowed to vary across informants. This means that although the rules 

for categorizing students remained the same, the distribution of students across classes differed 
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depending on the informants. Table 4.10 presents the percentages of students belonging to a 

specific class based on the self-report and teacher’s report separately. The prevalence of mild 

internalizing risk was higher compared to other classes for both informants. Teachers reported 

21.9% of students belonging to low risk, whereas students reported only 3.0% to be in this 

category. On the other hand, 26.7% of students were categorized as moderately high risk based 

on students’ self-reports, while only 4.0% of students were in the moderately high-risk class 

based on teacher’s report. 15.2% of students were placed in the high-risk class by teachers, 

whereas 3.2% of students belonged to that class according to self-report.  

Table 4.10: Class prevalence percentages of students by informants under six-class and three-

pattern joint LCA model 

Classes Self-report Teacher’s report 

Low 3.0% 21.9% 

Mild internalizing 28.1% 38.2% 

Mild 21.9% 12.2% 

Medium 17.0% 8.5% 

Moderately high 26.7% 4.0% 

High 3.2% 15.2% 

 

Table 4.11 shows the estimated conditional probabilities of class membership for each informant 

for a mental health pattern based on the reports by both teachers and students. For students in the 

high-risk pattern, there was a higher likelihood of being classified in the high-risk or moderately 

high class by both informants, with probability of 0.6351 being in the high-risk class in the 

teacher’s report and the probability of 0.4633 being in the moderately high-risk class in student’s 

report. In the low-risk pattern, 47.5% of students in the teacher’s report were classified as the 

mild internalizing risk class and 41.8% as low-risk class, while 48.7% of students in the self-

report were placed in the mild internalizing risk class. In the self-reported risk pattern, 31.7% of 

students from self-report belonged to the moderately high class and 21.4% to the medium class, 

while in the teacher’s report, 44.6% of students belonged to the mild internalizing class and 8% 

to low-risk class. The most common pattern was self-reported risk (42.4%), followed by low risk 

(38.3%) and high risk (19.3%).   
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Table 4.11: Estimated probabilities of belonging to a particular class based on a certain report for 

each pattern and pattern prevalence percentages of students under six-class and three-pattern 

joint LCA model 

Patterns Classes Self-report Teacher’s report 

High risk (19.3%) Low 0.0037 0.0161 

Mild internalizing 0.0483 0.0684 

Mild 0.1001 0.0802 

Medium 0.1857 0.1198 

Moderately high 0.4633 0.0805 

High 0.199 0.6351 

Self-reported risk 

(42.4%) 

Low 0.006 0.0822 

Mild internalizing 0.1551 0.4462 

Mild 0.2993 0.2455 

Medium 0.2139 0.1163 

Moderately high 0.3177 0.0636 

High 0.008 0.0462 

Low risk (38.3%) Low 0.0607 0.4187 

Mild internalizing 0.4868 0.4752 

Mild 0.21 0.0433 

Medium 0.1235 0.0402 

Moderately high 0.1162 0.0105 

High 0.0029 0.0121 

 

Table 4.12: Prevalence of student’s self-rated mental health by three latent patterns under the 

six-class and three-pattern joint LCA model  

Self-rated 

Mental Health 

High-risk pattern Self-reported risk pattern Low-risk pattern 

Poor 88 (5.6%) 71 (2.1%) 23 (0.7%) 

Fair 193 (12.2%) 271 (7.8%) 71 (2.3%) 

Good 432 (27.4%) 814 (23.5%) 466 (14.9%) 

Very good 426 (27.0%) 1184 (34.2%) 1027 (32.8%) 

Excellent 439 (27.8%) 1120 (32.4%) 1542 (49.3%) 

 

Table 4.12 presents the prevalence of students reporting their mental health on a scale from poor 

to excellent, based on latent patterns from the joint model. We found that percentage of students 

who rated their mental health as poor, fair and good were higher in high-risk and self-reported 

risk pattern compared to the low-risk pattern. About half of students from low-risk pattern rated 

their mental health as excellent, which was higher than those in high-risk and self-reported risk 
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patterns. Among students in the low-risk and self-reported risk patterns, around 32% and 34% of 

them rated their mental health as very good, while about 28% of students from high-risk pattern 

rated their mental health as very good.   

Comparison of patterns from joint LCA with classes from LCA: When comparing the 

patterns identified by the joint LCA model with the classes derived from a simple LCA based on 

self-report in Figure 4.4, we found that about half of the students classified in the high-risk 

pattern by the joint LCA were also categorized in the high-risk class, with about 20% falling into 

the moderately high-risk class according to the LCA model based on self-report only. For 

students in the low-risk pattern identified by the joint model, more than 70 % of them were 

assigned to the low or mild internalizing risk class according to the LCA model based on 

student’s report only. Additionally, more than half of the students classified in the self-reported 

risk pattern by the joint LCA were classified into higher levels of risk classes (high, moderate 

and medium risk classes) according to the LCA model based on the self-report only. 

 

Figure 4.4: Comparison of patterns from joint LCA model with classes from simple LCA model 

for self-report 

When comparing the latent patterns derived from the joint LCA model with the latent classes 

identified by a simple LCA model based on teacher’s report only in Figure 4.5, we found that 
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about 90% of students classified in high-risk pattern by joint LCA were classified in the high-risk 

class according to LCA model based on the teacher’s report only. More than 70 % of students 

classified in the low-risk pattern by joint LCA model were classified into low or mild risk classes 

according to LCA model based on the teacher’s report only. On the other hand, for students in the 

self-reported risk pattern identified by joint LCA model, about 30% of them were classified into 

lower level of risk classes (low/no and mild risk classes) and 28.5% into moderate internalizing 

risk class according to the simple LCA model based on the teacher’s report only.  

 

Figure 4.5: Comparison of patterns from joint LCA model with classes from simple LCA model 

for teacher’s report 

The joint LCA model effectively served as a bridge between the latent classes identified by self-

reports and teacher’s report separately. The latent patterns generated by the joint LCA model 

were the composite of the latent classes identified based on both teachers’ and students’ reports.  

4.3 Identifying Mental Health Clusters among Schools 

4.3.1 Multilevel Latent Class Analysis (MLCA) 

4.3.1.1 Informant: Student 
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 The conventional latent class analysis of students’ self-reports identified six latent classes 

representing different mental health profiles. To account for the hierarchical structures of the 

data, where students are nested within schools, we expanded the six-class solution. By 

comparing one to seven clusters for schools, we aimed to identify school clusters based on the 

distribution of six student-level classes. The fit statistics of these multilevel LCA models are 

presented in Table 4.13.  

Tabel 4.13: Fit Statistics of multilevel LCA models considering six-class among students 

[Informant: Student] 

Model LL BIC CAIC SABIC 

1-Cluster 6-Class -14295.3456 28618.9361 28623.9361 28603.0809 

2-Cluster 6-Class -14231.1599 28524.4586 28535.4586 28489.5772 

3-Cluster 6-Class -14214.654 28525.3405 28542.3405 28471.4329 

4-Cluster 6-Class -14209.0635 28548.0534 28571.0534 28475.1196 

5-Cluster 6-Class -14202.8355 28569.4912 28598.4912 28477.5311 

6-Cluster 6-Class -14198.0801 28593.8744 28628.8744 28482.8881 

7-Cluster 6-Class -14193.6766 28618.9612 28659.9612 28488.9487 

When comparing the information criteria values across models with one to seven school 

clusters, both BIC and CAIC values favored the two-cluster model, but SABIC favored three-

Cluster models. Upon further exploration of two-cluster and three-cluster models, we ultimately 

chose the three-Cluster model as our final model. 
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Figure 4.6: Distribution of classes within Clusters for Six-class and Three-cluster MLCA model 

[Informant: Student] 

Figure 4.6 shows the distribution of student-level classes within school-level clusters. 

Figure 4.6 revealed that among 284 schools, Cluster 1 (High-risk schools) comprised 27 schools, 

Cluster 2 (Moderate-risk schools) included 214 schools, and Cluster 3 (Low-risk schools) 

encompassed 43 schools.  

High-risk schools exhibited the highest proportion of students in Class 6 (High risk) and Class 4 

(Medium risk), with a notably low representation of students in Class 1 (Low risk). Conversely, 

low-risk schools had the highest proportions of students in Class 2 (Mild internalizing risk) and 

Class 1 (Low risk). Moderate risk schools predominantly consisted of students in Class 3 (Mild 

risk). In addition, there was a slight variation in the proportion of students in Class 5 (Moderately 

high-risk) for the Moderate risk cluster (12.20%) and the High-risk cluster (12.97%). The 

proportions of students in Class 4 (Medium risk) were 19.02% and 17.39% in High-risk and 

Moderate-risk clusters, respectively.  

4.3.1.2 Informant: Teacher 

 The conventional latent class analysis of teacher’s report identified six latent classes 

representing different mental health profiles. To accommodate the hierarchical structure of the 

data, where students are nested within schools, we extended the six class LCA model. By 

comparing one to nine clusters for schools, we aimed to identify school clusters based on the 

distribution of six student-level classes. Table 4.14 represents the fit statistics for these multilevel 

LCA models. 

Table 4.14: Fit Statistics of multilevel LCA models considering six-class among students 

[Informant: Teacher] 

Model LL BIC CAIC SABIC 

1-Cluster 6-Class -14136.369 28300.9829 28305.9829 28285.1277 

2-Cluster 6-Class -13966.0234 27994.1855 28005.1855 27959.3041 

3-Cluster 6-Class -13898.1952 27892.423 27909.423 27838.5154 

4-Cluster 6-Class -13877.2554 27884.4372 27907.4372 27811.5034 

5-Cluster 6-Class -13857.4574 27878.7351 27907.7351 27786.775 

6-Cluster 6-Class -13842.8112 27883.3364 27918.3364 27772.3502 
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7-Cluster 6-Class -13832.5768 27896.7615 27937.7615 27766.749 

8-Cluster 6-Class -13824.5911 27914.684 27961.684 27765.6453 

9-Cluster 6-Class -13817.7916 27934.9788 27987.9788 27766.9139 

 

 Among models with one to nine school clusters, BIC and CAIC value favoured the five 

clusters and four clusters model respectively. SABIC value continued to decrease until the eight-

cluster model, after which it slightly increased for the nine-cluster model. After examining the 

plot of these values in Figure 4.7, we discovered that the elbow point of the plot occurred at the 

three-cluster model. Additionally, increasing the number of clusters beyond three did not result in 

a noticeable decrease in these values. Considering fit and parsimony, we decided to select three-

cluster and six-class model as the final model.  

 

Figure 4.7: Plot of Information Criteria of multilevel LCA [Informant: Teacher] 

Figure 4.8 shows the distribution of school-level classes in school-level clusters for the final 

model. Figure 4.8 revealed that Cluster 1 (Moderate-high risk schools) included 117 schools, 

Cluster 2 (Mild-risk schools) comprised 105 schools and Cluster 3 (Low-risk schools) 

encompassed 62 schools. 

Low risk schools exhibited the highest proportions of students in Class 1 (No/low risk) and Class 

2 (Mild risk). Mild risk schools had highest proportion of students in Class 2 (Mild risk) and 

Class 3 (Moderate internalizing risk). Moreover, the Mild risk schools and Low risk schools 
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displayed nearly identical proportions of students across other classes. Moderate-High risk 

schools predominantly consisted of students in Class 6 (High risk) and Class 3 (Moderate 

internalizing risk).  

 

Figure 4.8: Distribution of classes within Clusters for Six-class and Three-cluster MLCA model 

[Informant: Teacher] 

4.3.2. Multilevel Joint Latent Class Analysis (Multilevel Joint LCA) 

Using joint LCA, we identified six classes and three patterns that reflect various mental health 

patterns derived from both students’ self-report and teachers’ report. To address the hierarchical 

nature of the data, with students nested within schools, we extended the six-class and three-

pattern solution. Our goal was to determine school clusters by comparing one to six clusters 

based on the distribution of mental health patterns among students.  

Table 4.15 presents the fit statistics for the multilevel joint LCA models. BIC value was lowest 

for the four-cluster model, CAIC values was lowest for the four-cluster model and SABIC 

supported the five-cluster model. The clusters from four-cluster, five-cluster and three-cluster 

models were compared with each other. After considering the parsimony and interpretability of 

the model, we selected the three-cluster model for the school-level as the final model 

(BIC=16897.9303; SABIC=16872.562).  
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Table 4.15: Fit statistics for a series of multilevel joint LCA models with six-class and three 

pattern 

Clusters LL BIC CAIC SABIC 

1 -8567.6307 17146.5594 17148.5594 17140.2173 

2 -8457.13 16942.5049 16947.5049 16926.6498 

3 -8426.3692 16897.9303 16905.9303 16872.562 

4 -8416.1324 16894.4036 16905.4036 16859.5222 

5 -8408.7242 16896.534 16910.534 16852.1395 

6 -8405.8933 16907.8192 16924.8192 16853.9116 

 

Table 4.16 provides the conditional probability of mental health patterns given a particular 

cluster of schools and the classification of schools based on the distribution of these patterns. The 

high-risk cluster consisted of schools where about 54.8% of students exhibited high-risk patterns, 

while the low-risk cluster included schools with a higher probability of students displaying low-

risk pattern. The third cluster consisted of schools where the students were more likely to exhibit 

a self-reported risk pattern, indicating that students fell into the medium to high-risk class based 

on self-reports and the mild risk class based on teachers’ reports. This student-reported risk 

cluster encompassed 62.6% of schools.   

Table 4.16: Estimated conditional probabilities of belonging to a specific pattern given a 

particular cluster of schools under the final multilevel joint LCA model 

Patterns Clusters 

Student-reported risk 

(n=178; 62.6%) 

Low risk 

(n=76; 26.8%) 

High risk 

(n=30; 10.6%) 

High risk 0.2078 0.0938 0.5484 

Self-reported risk 0.4273 0.2413 0.2669 

Low risk 0.3649 0.6649 0.1846 
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Comparison of clusters from joint model with clusters from separate models: 

Figures 4.9 and 4.10 compare clusters obtained from multilevel joint LCA with those from 

separate multilevel LCAs. The multilevel LCA based solely on students’ self-report identified 

three school clusters: high risk, low risk, and moderate risk clusters. Conversely, the multilevel 

LCA based only on teachers’ report categorized schools into three clusters: low risk, mild risk 

and moderate high-risk clusters. In contrast, the joint multilevel LCA models integrated both 

self-report and teachers’ report revealing three clusters: high risk, low risk and student-reported 

risk clusters. Schools classified under the high-risk cluster in the joint model corresponded to the 

moderate high-risk cluster in the teacher-report-only model and were placed in either the high or 

moderate risk cluster based solely on self-reports. 

 

Figure 4.9: Comparison of clusters from multilevel joint LCA model with simple LCA model 

for self-report 

The student-reported risk cluster in the multilevel joint LCA model mainly comprised of schools 

that were mostly placed in moderate risk cluster based solely on self-report. Conversely, 50% of 

schools in the student-reported risk cluster from joint model were categorized into either the low 

or mild risk clusters based on only teachers’ report. Additionally, the majority of schools in the 

low-risk cluster of the joint model were classified into either low or mild risk cluster in the 

separate model based on teacher’s report. And most of the schools in low-risk cluster of joint 
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model were clustered into either low or moderate risk cluster in the separate model based on self-

report.  

 

Figure 4.10: Comparison of clusters from multilevel joint LCA model with simple LCA model 

for teacher’s report 

Therefore, the joint model generated clusters that were the combination of clusters of schools 

discovered through analyzing self-report and teacher’s report separately. Contrary to clusters 

defined by different risk levels obtained through separate models, the joint model revealed a 

distinct cluster of schools where the majority of students self-reported being in the moderate risk, 

while teachers reported a mixture of risk classes.  

4.4. Effects of student-level and school-level covariates 

The mental health patterns and clusters obtained from final joint LCA and multilevel join LCA 

models were used to assess the influence of various factors. We examined the effects of student-

level factors on the mental health patterns among students and school-level factors on mental 

health clusters of schools. Table 4.17 shows the effects of student-level factors- such as sex, 

bullying at school, and Canadian-born status - on mental health patterns. Female students and 

students not bullying their peers at school were less likely to be associated with high risk and 

self-reported risk patterns compared to the low-risk pattern. Canadian-born students were more 
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likely than immigrant students to be linked with the high risk on both reports rather than the low-

risk pattern.  

Table 4.17: Multinomial logistic regression results for student-level factors – estimated odds 

ratios and 95% confidence intervals 

Factors Patterns* d.f. Chi-square p-value 

High risk Self-reported risk 

Sex [Ref=male] 

Female 0.212 [0.178, 0.252] 0.491 [0.444, 0.543] 2 195.3683 <0.001 

Teacher-reported bullying incidents [Ref=Yes] 

No 0.007 [0.005, 0.009] 0.136 [0.106, 0.174] 2 29.1562 <0.001 

Canadian-born [Ref=No] 

Yes 1.570 [1.246, 1.977] 1.089 [0.957, 1.238] 2 11.8778 0.0026 

*Reference category was low risk pattern 

Table 4.18 presents the effects of school-level factor - specifically, the percentage of students 

engaging in bullying behavior at school - on school clusters. As each point increased in the 

percentage of students bullying at school, the odds of belonging to the high-risk cluster increased 

by 42% and the odds increased by 17% for student-reported risk cluster compared to the low-risk 

cluster.  

Table 4.18: Multinomial logistic regression results for school-level factors – estimated odds 

ratios and 95% confidence intervals 

Factor Clusters* d.f. Chi-square p-value 

Student-reported 

risk 

High risk 

Percentage of 

students 

engaging in 

bullying 

behaviour at 

school 

1.178 [1.126, 1.233] 1.425 [1.317, 1.542] 2 27.6737 <0.001 

*Reference category was low risk cluster 
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5. Discussions and Conclusions 

5.1 Discussion 

This study proposed a joint latent class model to identify mental health classes and patterns by 

integrating the perspectives from both teachers and students. By extending the joint latent class 

model to a multilevel joint latent class model, we could also assess whether the distribution of 

these mental health patterns varied across schools. Our joint latent class model introduced an 

additional latent variable, latent pattern, to capture dependencies among same indicators from 

different sources. In addition, our multilevel extension of joint LCA incorporated another latent 

variable, latent cluster, to address dependencies among students within a higher-level group 

(school). Consequently, the joint model not only reflected individual perspective but also 

revealed interconnected patterns, thus enhancing our comprehension of student’s mental health.  

In our study, students reported experiencing more internalizing and externalizing difficulties on 

average compared to their teachers’ reports. Previous literature using SDQ has shown that self-

report usually underestimates the difficulties compared to teachers’ reports 178. However, one 

study focusing on a clinical sample of adolescents aged 11-17 found that student reported higher 

emotional and conduct difficulties than what their teachers reported 11. The discrepancies in 

findings across studies emphasizes the importance of study characteristics and the involvement 

of other factors contributing to these divergent outcomes.  

Upon examining the prevalence of students whose difficulty scores fell within the abnormal 

range for SDQ sub-scales, it was found that more students reported abnormally high scores in 

emotional difficulties compared to teachers' reports. Emotional symptoms like unhappy, 

depressed, anxious, self-conscious etc. are not easily observable or visible to others except for 

the individual experiencing them, leading to teachers potentially under reporting internalizing 

issues 65,195,196. Conversely, teachers’ report showed higher proportions of students being in 

abnormal range on other difficulties (peer, externalizing and pro-social difficulties) compared to 

students’ report. Teachers form their perceptions of students by observing their behavior during 

classroom activities and interactions with peers,  focusing on issues that may hinder teaching 15. 

Some researchers also discussed that teachers might find behavioral issues to be more 

burdensome compared to emotional issues due to the effect of disruptive behaviour in classroom 

learning environment 13,14,197. The discrepancies in outcomes between the two informants in our 
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study highlight the importance of considering multiple perspectives to enhance the identification 

of mental health risks in children.  

Through proposed joint LCA analysis, this study discovered six mental health classes (high, 

moderately high, medium, mild, mild internalizing and low risk) for each informant. By 

integrating these classes from both self-report and teachers’ assessment, three mental health 

patterns: high risk, low risk and self-reported risk patterns among students were identified. The 

high-risk pattern (19.3%) consisted of students identified as high mental health risk by both self-

report and teacher assessment, while low risk pattern (38.3%) included students deemed low risk 

on both reports. Additionally, a third pattern (42.4%) emerged, labeled self-reported risk, 

comprising students reporting moderate to high risk themselves but assessed as low to mild risk 

by teachers. This group of students represented the discrepancy among perspectives and the 

importance of considering perspectives from multiple informants, as these provided both 

subjective insights and objective observations on mental health issues. Moreover, this indicated 

towards barriers like gaps in awareness, understanding, and communication between teachers 

and students concerning mental health 198–200.  

Tailed education and training programs for teachers can enhance their awareness and 

understanding of mental health issues. Programs targeting the collaboration among teachers, 

students, and mental health professionals are valuable for bridging perspectives. This 

collaboration enables teachers to identify and report any mental health concerns they observe in 

students. Students, in turn, feel empowered to share their challenges with teachers, fostering a 

supportive environment. and professionals integrate these perspectives to offer personalized 

interventions. The comparison of mental health patterns derived from joint LCA model with 

those obtained from separate LCAs offered notable advantages in integrating the perspectives of 

both teachers and students while effectively handling the dependencies inherent in the data 

structure. The proposed joint model discovered mental health patterns among students, capturing 

the combined insights from both sources, aligning with the vision of the proposed model.  

Our analysis of exploring the effects of sex on mental health patterns revealed that female 

students were less likely to belong to high risk or self-reported risk pattern, indicating females 

having low risk compared to males. This finding contradicted with the conclusions of previous 

studies. In the study on a community sample of students aged 14-19 from Spain 201, gender 
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differences were reported in terms of SDQ domains reported by students themselves. Female 

students had higher prevalence of having high scores for total difficulties. Also, emotional 

difficulties and behavioural difficulties were more prevalent among female and male students 

respectively. Another study on secondary school students from Austria reported that females 

perceived to have more overall problems compared to males 202. Girls were found to have more 

mental health problems than boys, indicating girls at higher risk based on adolescents from 

population-based study of Finland 203. 

 A cross-national study also reported similar findings and mentioned that cultural variation and 

gender equality condition in respective countries can influence the gender gap and the direction 

(boys might have higher mental health issues in some countries) 204. Depression and anxiety 

symptoms were more common among girls compared to boys in the data of Canadian Health 

Behaviour in School-aged Children (HBSC) study, but they had not considered any other 

symptoms like conduct, hyperactivity or pro-social problems 205. Although previous research has 

reported consistent findings, our study presents contrasting results. This suggests that there may 

be more complexities to consider in understanding the topic, emphasizing the importance of 

continued exploration and refinement of our understanding. 

Compared to immigrants, students who born in Canada were more likely to be classified as high 

risk in both teacher’s report and self-report in our study. This finding is corroborated by previous 

studies. A study on grade 7 and 8 students in Montreal reported that Canadian-born students had 

higher level of emotional and behavioural problems compared to the immigrants counterparts 

(Cambodian and Central American) 206. Another study in Montreal reported Caribbean and 

Filipino adolescents having less behavioural issues compared to Canadian-born counterpart 207. 

This result is related to the assumptions obtained from population studies on migrated children 

that immigrants typically exhibit superior health outcomes relative to the native-born population 

of the host country or the populace they relocate to 206,208. This hypothesis derives from empirical 

observations indicating that immigrants frequently present with more favorable health statuses 

upon arrival in their new country than the prevailing demographic and may sustain this 

advantage for a period following immigration 207. 

The proposed multilevel joint LCA provided three clusters of schools: student-reported risk (178 

schools, 62.6%), low risk (76 schools, 26.8%) and high-risk (30 schools, 10.6%) clusters based 
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on the variations of mental health patterns among schools. Our study uncovered a distinct cluster 

that deviates from conventional categories as either low risk or high risk. Student-reported risk 

being the largest cluster of schools suggested that in most of the schools, students reported 

themselves to have moderate to high risk of mental problems while teachers reported students 

having low to mild risk. Previous literature mentioned that teachers did not feel confident to 

identify mental health problems of students 15 and even if they reported some students, most of 

them were being reported for their behavioural problems 14. Furthermore, Teachers expressed a 

lack of sufficient training in identifying mental health issues of students and there is a tendency 

among teachers to overlook internalizing problems 209. The student-reported cluster of schools 

comprised those institutions where teachers might not have understanding or received adequate 

training to identify students' symptoms of mental problems but students themselves reported 

their behaviour when asked through in-depth psychological evaluation. Policymakers should 

implement training programs for teachers to recognize children's mental health issues effectively. 

They should also prioritize creating supportive school environments that encourage open 

communication between students and teachers. By investing in teacher training and promoting 

supportive school environments, policymakers can significantly increase the chance of early 

identification of mental issues.  

Through separate LCAs based on data from a single informant, clusters were identified that 

varied in terms of risk levels (e.g., high, low, mild, etc.). However, through a joint analysis that 

incorporated perspectives from both informants, we discovered clusters that integrated 

viewpoints from both sources. 

Our analysis revealed that students not engaged in bullying activities reported by teachers were 

less likely to have high or self-reported risk. Our findings are quite similar to what other studies 

have discovered. The study using Youth and Mental Health Study in Norway found that those 

involved in bullying in adolescence tended to have higher risk of mental health problem in 

adulthood 210. Adolescents engaging in bullying or physical fights are usually more prone to have 

overall high difficulties across all domains especially in emotional, peer and conduct difficulties 

211. Students who bully others experienced heightened levels of behavioral and emotional 

challenges, as well as difficulties at school 212. Consistent findings across multiple studies 
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indicate the significant impact of bullying on mental health, revealing its association with mental 

problems among students. 

This study also explored the influence of the prevalence of bullying in schools on clusters of 

schools and discovered that as the prevalence of bullying increased within schools, the likelihood 

of a school being in high risk or student-reported risk clusters also increased. The prevalence of 

bullying increased within a school setting, indicating that both the students who engaged in 

bullying behavior and those who were victims of bullying increased. Thus, those students were 

reported having difficulties through the questionnaire by teachers and/or students themselves. 

Consequently, these students were categorized into the high-risk or self-reported risk group. As 

the number of students in the high-risk or self-reported risk group rose in a school, it ultimately 

led to the classification of the school itself as a high-risk school or student-reported risk school. 

This finding suggests adopting policies and intervention plans focusing on preventing bullying to 

reduce its occurrence in school setting and providing counselling or support services to both 

bullies and victims. 

In conclusion, based on the application of proposed methods on grade 5 mental health survey, we 

suggest the proposed methods for analyzing the data from multiple informants simultaneously 

and identify the higher-level groups based on the variation of individual-level classes. 

Additionally, the study outcomes recommended the use of multiple informants to integrate 

diverse perspectives on mental health of students. This study suggests policymakers to organize 

training for teachers, intervention programs targeting teachers, students and mental health 

professionals to foster a supportive environment and to reduce the incidence of bullying at 

school.  

5.2 Limitations and Future research 

This study has some limitations and offers some suggestions for future research. There is a 

possibility of response and recall biases due to the self-reported data. Additionally, the dataset 

lacked more information on school-level factors, restricting a comprehensive understanding of 

variations among schools. Future research with access to more comprehensive school-level data 

would be invaluable in enhancing our understanding of the multifaceted dynamics that contribute 

to classification of schools based on student’s mental health. More research is needed to 

understand what other factors make certain schools to be high risk or low risk in terms of mental 
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health problems. This knowledge is important for designing mental disorder prevention programs 

that can be effective enough by targeting those factors which will change the situation. 

Moreover, the results from latent class analysis are very sample-sensitive, and we did not 

conduct cross-validation due to the potential underrepresentation of small class observations in 

both training and test datasets. Therefore, the findings may be limited to the current dataset. 

Analyzing different datasets could potentially reveal different latent classes. 

In our proposed joint LCA, we constrained the definition of classes to be invariant over 

informants. Further research can be conducted by incorporating the variation in the definition 

and interpretation of classes by measuring item-response parameters to be different over 

informants/sources. In addition, we assigned equal weights to information from both sources in 

the joint model. Future research could explore assigning varying weights to these sources for 

assessing whether one source can provide more insights into student’s mental health condition 

than the other. Furthermore, the relationship among domains of psychological problems can be 

explored through casual inference and other machine learning techniques like random forest 

model can be utilized to identify subgroups within the population in future studies.  

5.3 Significance 

Early identification of symptoms of mental health conditions is crucial in preventing the onset of 

severe mental disorders later in life. The primary objective of this thesis research was to identify 

patterns of mental health problems. Identification of groups with various mental health patterns 

will help policymakers and health practitioners to develop the targeted intervention and treatment 

plans that are tailored to the specific needs of these groups. 

When assessing psychological status, it is common practice to gather reports from multiple 

informants (such as patient themselves, clinicians, and guardians) to ensure a more accurate 

judgment since the reports varies across informants. The proposed joint latent class offered a 

valuable tool for analyzing the information from these informants. This approach integrated 

several informants’ view and provided more valid assessment of mental health conditions. In 

addition, the multilevel joint latent class model addressed the dependency among observations 

due to the nested structure of the data. In cluster-based intervention studies, it is crucial to 

consider the non-independence of observations within clusters when analyzing the data. The 

proposed method not only combined the perspectives of multiple informants but also mitigated 
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the correlation among informant reports and the dependency of observations within groups or 

clusters.      

To gain a comprehensive understanding of an individual's mental health problems, it is crucial to 

examine the contextual and perspective differences in mental health conditions. Another 

objective of this research was to explore the symptoms of students' mental health conditions 

from both the students' and teachers' perspectives simultaneously. This study obtained mental 

health patterns based on multiple perspectives and compared them with the mental health classes 

derived from each perspective individually. This comparative analysis provided the insights into 

the contribution of multiple informants in detecting mental health problems among children. 

Considering that students spend a significant amount of time at school and share the same 

environment, it is likely that they may exhibit similar mental health conditions. Therefore, this 

study also investigated the heterogeneity among schools in terms of mental health patterns and 

reported that certain patterns were more prevalent in some schools compared to others. This 

study provides valuable insight to policymakers for school-oriented intervention programs 

targeting teachers, students and mental health professionals together.  

The final objective of this study was to examine the effect of student-level and school-level 

factors on mental health patterns and clusters. The findings informed females, not engaging in 

bullying activities, being immigrants and having good subjective mental health influenced the 

students to have lower risk of mental health problems. This will guide to create intervention 

plans that address the unique needs of individuals and the overall population. 

By understanding the mental health patterns among students and the effect of factors on different 

conditions, the study will serve as a guide for tailoring intervention plan for children as per 

individual and population needs. This will involve implementing intervention plan, 

understanding the potential implications, and anticipating the expected outcome. The ultimate 

goal is to promote successful development from childhood to adulthood and reduce the risk of 

mental disorders in adulthood.    
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Appendix 

Table A1: Categorization of continuous scores of SDQ domains  

 Three-bound categorization 

Normal Borderline Abnormal 

Self-report 

Emotional difficulties [0, 5.50) [5.50, 6.50) [6.50, 10] 

Peer Difficulties [0, 3.50) [3.50, 5.50) [5.50, 10] 

Conduct difficulties [0, 3.50) [3.50, 4.50) [4.50, 10] 

Hyperactivity difficulties [0, 5.50) [5.50, 6.50) [6.50, 10] 

Pro-social difficulties [0, 4.50) [4.50, 5.50) [5.50, 10] 

Teacher’s report 

Emotional difficulties [0, 4.50) [4.50, 5.50) [5.50, 10] 

Peer Difficulties [0, 3.50) [3.50, 4.50) [4.50, 10] 

Conduct difficulties [0, 2.50) [2.50, 3.50) [3.50, 10] 

Hyperactivity difficulties [0, 5.50) [5.50, 6.50) [6.50, 10] 

Pro-social difficulties [0, 4.50) [4.50, 5.50) [5.50, 10] 

 

Table A2: BIC values of LCA models for self and teacher’s report 

 Number of Classes 

1 2 3 4 5 6 7 8 9 

Self-report 

Profile-

independent 

unrestricted 

𝜮𝒕   

108346 106963 106191 105977 105502 105591 105452 104981 105073 

Profile-

dependent 

unrestricted 

𝜮𝒕   

108346 92568 81147 72059 65982 62080 60650 56806 55953 

Teacher’s report 

Profile 

independent 

unrestricted 

𝜮𝒕 

102432 98030 96441 94246 93399 92320 91311 85352 85673 

Profile 

dependent 

unrestricted 

𝜮𝒕 

102432 54156 34824 24875 19427 9662 5643 2299 -667 

 


