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Summary 

Academic resilience, usually focusing on disadvantaged students exhibiting favorable 

outcomes, has gained increasing attention because of its potential to mitigate disparities in 

academic performance and promote educational equity. This doctoral thesis explores the 

theoretical framework, methodological approaches, and empirical inquires related to academic 

resilience, with a specific focus on its relevance within the context of international education 

studies. The overarching aim of this thesis is two-fold. Firstly, it seeks to explore how 

academic resilience can be operationalized in order to function across the very different 

educational contexts represented in international large-scale assessments (ILSAs). Secondly, 

it aims to examine the methods that can be utilized to investigate protective factors at a global 

level. The empirical studies in this thesis are based on data from the Trends in International 

Mathematics and Science Study (TIMSS) 2019 and the Programme for International Student 

Assessment (PISA) 2015. 

This thesis is based on three articles introduced and discussed in an extended abstract. 

The extended abstract includes a brief introduction to the theoretical framework, a discussion 

on validity challenges and methodological considerations related to academic resilience in 

international education studies, specifically focusing on the utilization of data from ILSAs. To 

bridge the research gaps outlined in the extended abstract, the three articles contribute to the 

overarching aim of the thesis by integrating theoretical, methodological, and empirical 

considerations in the study of academic resilience. 

Article 1 endeavors to fill the research gap in the theoretical framework by conducting a 

comprehensive systematic review of academic resilience. Its primary objective is to 

summarize the impact of five distinct categories of protective factors (namely, individual, 

family, school, peer, and community) on the academic resilience of school-aged children and 

adolescents. The article explores the methodologies employed to investigate the relationships 

between these protective factors and academic resilience, while also examining the 

operationalization of academic resilience and the data utilized in these investigations. Article 

1 identified research gaps pertaining to the operationalization and investigation of academic 

resilience. These identified gaps were further examined and addressed in Articles 2 and 3. 

Article 2 directs its attention toward addressing the research gap concerning the 

measurement of academic resilience in the context of international studies. By employing four 

background indicators, namely a composite socio-economic status index and three indicators 
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representing economic, cultural, and social capitals within the family, as well as utilizing two 

distinct types of thresholds, Article 2 examines 16 different operationalizations of academic 

resilience. Within these 16 operationalizations, the article explores the component of resilient 

students and investigates the relationship between academic resilience and two external 

variables, with the aim of identifying a suitable definition within the specific context of 

international studies. 

Article 3 is dedicated to addressing concerns surrounding the exploration of academic 

resilience in the context of international studies. It utilizes 11 protective factors associated 

with teacher quality, teaching quality, school resources, and school climate to discern latent 

profiles of resilient resources. Additionally, the article delves into examining the influence of 

educational expenditures on academic resilience within these four identified latent profiles, 

employing a three-step Bolck, Croon, and Hagenaars (BCH) method. This particular method, 

though infrequently employed within this field, holds promise as a methodological approach 

for studies on academic resilience. 

The increasing utilization of ILSAs data in academic resilience research not only 

enhances comprehension of the impact of students’ individual characteristics, family 

backgrounds, and learning environments, but also presents a valuable opportunity for 

conducting comparative studies across multiple countries. The findings presented in this 

doctoral thesis advance the existing knowledge about academic resilience, particularly its 

operationalization and research methods in international studies using ILSAs data. 

Furthermore, this study makes a noteworthy contribution towards informing researchers about 

the measurement and exploration of academic resilience, while also providing valuable 

insights for ILSAs and policymakers aiming to address achievement gaps and foster 

educational equity. 
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1 Introduction 
This doctoral thesis explores academic resilience within the context of international 

studies, using data from international large-scale assessments (ILSAs). The overarching 

objective of this research is twofold: firstly, to address validity challenges that arise from the 

operationalization of academic resilience in heterogeneous contexts; and secondly, to examine 

methodological considerations related to studying academic resilience in international studies. 

To achieve these objectives, data obtained from the Programme for International Student 

Assessment (PISA) and Trends in International Mathematics and Science Study (TIMSS) are 

utilized. 

The introduction chapter of this doctoral thesis begins with a contextual overview that 

frames the subsequent chapters. Following this, the chapter explains the principal goal of the 

thesis, elucidating the connection between the three included articles and the overarching aim. 

Lastly, the introduction provides a brief summary of all the chapters contained within the 

thesis. 

1.1 Background and rationale 

In recent decades, the concept of academic resilience has gained greater attention due to 

its capacity to ameliorate achievement gaps and foster educational equity. Broadly defined, 

academic resilience refers to the ability of students to perform well academically despite 

experiencing adversity. Investigations of academic resilience are closely related to three key 

concepts: risk, positive adaptation, and protective factor. Risk and positive adaptation 

constitute two fundamental dimensions for assessing academic resilience. The former refers to 

individual (i.e., ethnicity) or social factors (i.e., poverty) that are associated with a greater 

likelihood of poor development outcomes, while the latter refers to outcomes that surpass 

expectations in the presence of adversity (Tudor and Spray, 2017). On the other hand, 

protective factors refer to influences that modify, ameliorate, or alter a person’s response to 

adversity (Rutter, 1987). Exploring the influence of protective factors on academic resilience 

has emerged as a critical focus in the field.  

Research on academic resilience is urgently needed, not only to deepen our 

understanding of how some disadvantaged students manage to overcome adversities and excel 

academically, but also to shed light on how we might better support all students in achieving 

their academic potential. Such research can inform targeted interventions and education 
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policies that are specifically tailored to address the distinct challenges encountered by 

students and more efficient allocation of resources, thereby contributing to equity in 

education. Research on academic resilience is not just a matter of academic interest but also a 

matter of urgency to promote equity and social justice in education. The persistent 

performance gap underscores glaring inequalities in educational outcomes, which run counter 

to the principles of fairness and social justice. By illuminating the factors that enable 

disadvantaged students to succeed academically, this research seeks to contribute to the 

development of educational practices and policies that can ensure all children, irrespective of 

their background, have a fair chance to reach their academic potential. 

Due to its strong foundation in resilience studies within the domains of psychology and 

sociology, research on academic resilience has manifested in two distinct approaches, 

characterized by divergent theoretical frameworks. The first approach considers resilience an 

innate personal attribute, while the second conceptualizes it as a dynamic interplay between 

the individual and their environment. Consequently, the conceptualization and 

operationalization of academic resilience have diverged between the two approaches, leading 

to differences in the factors examined, research methods employed, and data utilized. For 

example, the approach that regards academic resilience as an inherent personal characteristic 

involves measuring it through a series of items or scales, which assess a student’s ability to 

“bounce back” in the face of adversity. In this framework, greater emphasis is placed on 

individual, psychological factors such as motivation, self-esteem, and sense of control, which 

are commonly scrutinized through statistical techniques such as confirmatory factor analysis 

(CFA) and structural equation modeling (SEM). Conversely, the approach that treats 

academic resilience as a dynamic process underscores the importance of the interplay between 

individual and contextual factors, such as those related to family, schools, peers, and the 

community. Given the hierarchical nature of the data, multilevel modeling (MLM) has 

emerged as a prevalent analytical tool for this approach. 

Since the 2010s, there has been growing interest in investigating academic resilience 

utilizing ILSAs data, particularly in comparative studies across countries. Given the cross-

sectional design of ILSAs data, academic resilience is commonly operationalized by 

employing a combination of two criteria, namely low socio-economic status (SES) and high 

academic performance. However, the construct of academic resilience was originally 

developed within a homogeneous setting, such as a particular country. Thus, when applied to 

a heterogeneous context that encompasses multiple countries with diverse backgrounds, 
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scholars encounter numerous challenges related to two primary issues. The first relates to the 

need for country-specific considerations in operationalizing academic resilience. For instance, 

the classification of low-SES students in a highly developed country like Norway may not 

align with the categorization of low-SES students in a less developed country. The second 

concerns the applicability of existing research methods in the ILSA context. For instance, the 

challenges linked to testing measurement invariance may impede the implementation of latent 

constructs in the context of ILSAs, which in turn may hinder the application of statistical 

methods such as CFA and SEM. Similarly, the utilization of MLM in country-specific data 

may fail to yield statistically significant findings, owing to the consequent reduction in 

statistical power. This thesis makes a valuable contribution by offering a more precise 

identification and description of these issues, as well as exploring potential solutions to 

address these two overarching concerns. 

1.2 The overarching aim 

This doctoral thesis is designed to tackle the issues that arise when applying ILSA data in 

resilience studies, with two overarching aims. The first aim is to address issues related to the 

operationalization of academic resilience within international studies. The second aim is to 

explore analytical methods that can be employed to investigate the impact of protective 

factors on academic resilience across countries, utilizing ILSAs data. 

Figure 1 provides an overview of the extended abstract and its connections to the three 

articles, which are visually represented by grey squares. The extended abstract begins with a 

brief introduction to the development of resilience in various fields. Subsequently, theories, 

research approaches, and analytical models that have been developed within these fields are 

briefly discussed, thereby establishing a foundation upon which the overarching aims of this 

thesis are built. 

Next, the extended abstract directs its attention solely to academic resilience within the 

field of education, represented by the color “light peach” in Figure 1. The extended abstract 

delves deeper into examining the issues identified in Article 1, revolving around four key 

perspectives of academic resilience: operationalizations, data, protective factors, and research 

methods. These four perspectives are graphically depicted in Figure 1 using the colors blue, 

green, magenta, and orange, respectively. The extended abstract extends and delves deeper 

into the two primary issues examined in Article 1, namely validity challenges and 

methodological considerations. The former primarily focuses on the measurement of 

academic resilience, while the latter concentrates on the exploration of academic resilience 
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and encompasses a broader spectrum of aspects, including protective factors, data 

considerations, and research methods. These identified issues are subsequently explored in 

greater depth within Articles 2 and 3. 

Following that, Article 2 delves into the concern surrounding the measurement of 

academic resilience, while Article 3 focuses on the exploration of academic resilience, 

utilizing ILSAs data. These endeavors are visually represented by the color “light green” in 

Figure 1. In particular, Article 2 focuses on the first aim, namely, the operationalization of 

academic resilience in international studies. Article 3 primarily addresses the second aim by 

exploring research methodologies that can be employed to investigate protective factors that 

foster academic resilience in heterogeneous contexts. 
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Figure 1  An Overview of the Extended Abstract and Three Articles 

 

Note. AR = Academic Resilience. 
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1.3 Overview of the articles 

Article 1 presents a comprehensive systematic review of protective factors, 

operationalizations, data sources, and research methods utilized in resilience studies within 

the field of education. The challenges and issues identified in Article 1 were subsequently 

investigated further in the other two articles. Article 2 focuses on addressing 

operationalization issues, particularly those related to multiple dimensions of risk and 

thresholds for performance. Subsequently, the operationalization approach developed in 

Article 2 is applied in Article 3 to investigate the relationship between academic resilience 

and protective factors. To address issues concerning context considerations and statistical 

power, Article 3 utilizes latent profile analysis (LPA) to investigate the connections between 

education expenditure, protective factors within schools and classrooms, and academic 

resilience.  

Article 1: Review 

Ye, W., Teig, N., & Blömeke, S. (2023). Systematic review of protective factors related to 

academic resilience in children and adolescents: Unpacking the interplay of 

operationalization, data, and research method (under review in the journal of Educational 

Research Review) 

This systematic review analyzed five distinct groups of protective factors (individual, 

family, school, peer, and community), in conjunction with three types of operationalizations 

for academic resilience (simultaneous, progressive, instrumental), three types of data sources 

(self-collected, national/local assessments, ILSAs), two timeframes (longitudinal and non-

longitudinal), and commonly employed research methods in 119 empirical studies.  

By establishing a linkage between protective factors, operationalization, data sources, 

and research methods, this article presented a systematic review of academic resilience from a 

comprehensive perspective. Furthermore, this article identified and examined the challenges 

and concerns that relate to these four perspectives in empirical studies. 

Article 2: Operationalization 

Ye, W., Strietholt, R., & Blömeke, S. (2021). Academic resilience: Underlying norms and 

validity of definitions. Educational Assessment, Evaluation and Accountability, 33(1), 

169-202. https://doi.org/10.1007/s11092-020-09351-7 

The simultaneous operationalization identified in Article 1 was further examined in 

Article 2 to be applied in international studies utilizing ILSAs data. A combination of four 

background indicators, including a composite socio-economic status (SES) index, cultural, 
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financial, and social capitals, along with two different thresholds, fixed and relative, were 

used to generate 16 operationalizations for academic resilience. These 16 operationalizations 

were evaluated in three distinct economies, namely Norway, Hong Kong, and Peru, utilizing 

PISA 2015 data. The primary objective of Article 2 was to investigate the degree to which the 

composition of disadvantaged students changes due to the application of various 

operationalizations and the extent to which the relationship between protective factors and 

academic resilience varies as a result of these different operationalizations. 

Article 3: Protective Factors 

Ye, W., Olsen, R. V., & Blömeke, S. (2023). More money does not necessarily help: 

Relations of education expenditure, school characteristics, and academic resilience 

across 36 education systems (under review in the journal of Large-scale Assessments in 

Education) 

Aiming to address methodological considerations highlighted in Article 1, Article 3 

focused on exploring the relationship between academic resilience and protective factors, 

including teacher quality, teaching quality, school resources, school climate, and education 

expenditure. The operationalization of academic resilience developed in Article 2 was 

applied.  

This article aimed to identify profiles of resilient resources based on protective factors in 

schools and classrooms, utilizing latent profile analysis (LPA) and TIMSS 2019 data from 36 

education systems. Furthermore, this study aimed to identify cultural patterns associated with 

these profiles within six distinct cultural groups, namely, Middle East, Post-Soviet, Confucian 

Asia, Anglo, Nordic, and Latin European countries. Additionally, utilizing a three-step Bolck, 

Croon, and Hagenaars (BCH) approach, this article sought to investigate the extent to which 

the association between education expenditure and academic resilience varies across these 

profiles.  

1.4 Outline of the thesis 

This thesis is divided into two parts: Part I, the extended abstract, and Part II, which 

includes three articles. To facilitate better comprehension, it is suggested that the articles in 

Part II be read before Part I, as they are referred to in the extended abstract. The six chapters 

in Part I provide a comprehensive background for the articles and a discussion on how the 

articles can be integrated and interpreted. 
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Chapter 1 provides an introduction to the motivation behind this thesis. The chapter 

briefly describes the background and rationale for this study, highlighting the challenges 

associated with exploring academic resilience in the context of international studies. To 

address these challenges, two overarching aims for the thesis are summarized for this thesis. 

This chapter also provides a brief overview of how each article in Part II contributes to these 

aims. 

Chapter 2 provides an overview of the theoretical framework for resilience and academic 

resilience. Firstly, resilience is discussed in a broader context, including its development 

across various fields such as psychology, sociology, and education. The theories, approaches, 

and models developed in these fields are briefly summarized. Next, the discussion narrows 

down to academic resilience in education. An overview of operationalizations for academic 

resilience, data sources and timeframes, protective factors, and research methods is presented. 

Subsequent chapters will explore issues related to these four perspectives in greater detail. 

Chapter 3 is dedicated to exploring the validity issues that arise from applying the 

concept of academic resilience, originally developed within a homogeneous context, to a 

heterogeneous context, such as international studies. This chapter addresses issues related to 

the measurement of risk, positive adaptations, and thresholds in the context of ILSAs. 

Specifically, it explores the multiple dimensions and missing data inherent in measuring risk, 

the domain differences and application of plausible values in identifying positive adaptations, 

and the challenges associated with setting appropriate thresholds for operationalizing 

academic resilience. 

Chapter 4 focuses on methodological considerations, with a focus on three aspects. 

Firstly, the chapter examines challenges associated with ILSAs data, including differences in 

assessment design and small cluster sizes, as well as two primary approaches used in 

international studies. Secondly, statistical methods such as CFA, SEM, MLM, and latent class 

analysis (LCA) are discussed, and their application in the empirical studies of this thesis is 

described. Finally, the chapter addresses validity, reliability, and ethical considerations. 

Chapter 5 provides a summary of the three articles presented in Part II. 

In Chapter 6, the findings of these articles are further discussed to address the research 

gaps and overarching aim of this doctoral thesis. The contributions of this thesis to academic 

resilience are outlined, as well as its strengths and limitations. Finally, the chapter concludes 

with a brief remark. 
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2 Theoretical perspectives 

2.1 Resilience 

2.1.1 Historical roots and relevant fields 

The concept of resilience, initially grounded in medicine, has been the subject of 

behavioral science research since the 1970s (Zolkoski & Bullock, 2012). In the mid-1980s, 

scholars from various disciplines, including child development, pediatrics, psychology, 

psychiatry, and sociology, investigated the phenomenon of resilience (Werner, 2000). 

Resilience research in education emerged around the 1990s, with roots in both psychology 

and sociology (Aburn, Gott, & Hoare, 2016). 

The study of resilience encompasses a broad range of academic disciplines, with well-

established fields frequently offering definitions and methodologies that are adopted and 

applied in other domains. Resilience research in psychology is highly predominant, typically 

adopting a longitudinal design to identify protective factors (Aburn et al., 2016). Resilience 

studies in sociology have an emphasis on the dynamic interaction between the individual and 

the environment, adopting a socio-ecological perspective (Ungar, 2011). Resilience studies in 

education frequently share a target population of children and adolescents with related 

research conducted in psychology and sociology (Aburn et al., 2016). Consequently, 

definitions and methodologies originating from psychology and sociology have been 

integrated, with requisite modifications and advancements made to accommodate the specific 

educational setting (Tudor & Spray, 2017).  

2.1.2 The evolution of the resilience concept 

Despite variations in context, the concept of resilience is closely related to an entity’s 

capacity to return to a stable state after a disruption ( Bhamra, Dani, & Burnard, 2011). 

Initially, resilience was conceptualized as individual traits or qualities that predict social and 

personal success. For example, Connor and Davidson (2003) defined resilience as “the 

personal qualities that enable one to thrive in the face of adversity.” Inquiries examining 

resilience at this stage focus on identifying the characteristics of the individual at risk, for 

example, temperament, self-esteem, and planning skills (Buckner, Mezzacappa, & Beardslee, 

2003; Hughes, Graham-Bermann, & Gruber, 2001). Later, with the development of the 

construct, the focus on resilience shifted to emphasize it as a dynamic process rather than 

personal trait (Fletcher & Sarkar, 2013). Luthar, Cicchetti, and Becker (2000) defined 
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resilience as “a dynamic process encompassing positive adaptation within the context of 

significant adversity.”  Resilience inquiries in this stage typically measure early risk and later 

positive adaptation, conceptualizing resilience as a capacity that develops over time during 

individual-context interactions (Fletcher & Sarkar, 2013). For example, Lansford et al. (2006) 

defined “physically abused during the first five years of life” as the risk and explored the 

associations between protective factors and children’s behavior from kindergarten through 

eighth grade. Although a universally accepted definition of resilience is lacking, it typically 

incorporates two core components: exposure to risk or adversity and the manifestation of 

positive adaptation (Luthar et al., 2000). Therefore, resilience is not directly measured but 

inferred based on directly measuring these two components (Luthar & Zelazo, 2003).  

2.1.3 Categorizations for protective factors 

The conceptualization of resilience in research has varied based on adopting either a 

personal trait or dynamic progress definition. Nonetheless, both approaches have highlighted 

the presence of numerous protective factors related to resilience. Werner (2000) approached 

resilience from a personal trait perspective and categorized protective factors into distinct 

developmental periods: infancy (i.e., high levels of vigor, alertness, and sociability), 

childhood-adolescence (i.e., internal locus of control, strong achievement motivation, and 

positive self-concept), and adolescence-adulthood (i.e., planning, foresight). Later, with the 

shift towards a dynamic progress approach, greater attention was directed toward the 

interaction between the individual and the environment. Olsson et al. (2003) categorized 

protective factors into three distinct groups: individual, family, and social. Cutuli et al. (2016) 

undertook a similar classification and identified three protective factor categories, namely 

individual factors (i.e., positive outlook on life, self-regulation skills), family and close 

relationships (i.e., good parenting, organized home environment), community and connections 

with organizations (i.e., effective schools, neighborhood programs). 

2.1.4 Resilience models and approaches 

Researchers have developed various resilience models to explain how protective factors 

operate to alter the trajectory from risk exposure to positive adaptation. Garmezy, Masten, and 

Tellegen (1984) identified three resilience models: Compensatory (Figure 2A), Protective 

(Figure 2B), and Challenge (Figure 2E), which respectively proposed that protective factors 

have a direct effect on the outcome, moderate the impact of risk, or have a curvilinear 

relationship with risk. Fergus and Zimmerman (2005) extended the Protective model by 

proposing the Protective-stabilizing (Figure 2B-1) and Protective-reactive (Figure 2B-2) 
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models and introducing the Inoculation model (Figure 2F). The Protective-stabilizing and 

Protective-reactive models differ in the degree to which they can neutralize the effects of risk. 

The former completely neutralizes the impact of risk and the latter only reduces the expected 

correlation between risk and outcome. The Inoculation model suggests that continuous 

exposure to low levels of risk can enhance resilience by preparing individuals to face more 

significant risks in the future.  

Masten (2001) identified two approaches for resilience models: variable-focused and 

person-focused. The former approach employs multivariate statistics to examine the 

association between risk, protective factors, and positive adaptation, while the latter 

distinguishes resilient individuals from other groups by comparing individuals with different 

profiles based on specific criteria. Further, Masten and Reed (2002) found four resilience 

models for the variable-focused approach: Main effect, Moderate effect, Mediated effect, and 

Prevention effect. In the Main effect model, the protective factor contributes independently to 

the outcome, similar to the Compensatory Model in the study of Garmezy et al. (1984) 

(Figure 2A). The Moderate effect model proposes that protective factors moderate the 

relationship between risk and outcome, similar to the Protective Model in the study of 

Garmezy et al. (1984) (Figure 2B).  Furthermore, Masten and Reed (2002) suggest two other 

models not previously captured in the literature: The Mediated Effect Model suggests that an 

influential factor on the outcome is impacted by both risks and protective factors (Figure 2C). 

The Prevention effect model, although uncommon in research, refers to the presence of a 

protective factor that prevents the occurrence of a risk factor (Figure 2D). For example, 

increasing adequate prenatal care can reduce prematurity rates, preventing the occurrence of 

the risk factor and its negative impact on later outcomes. For the person-focused approach, 

Masten and Reed (2002) specified three primary methods: 1) conducting single-case studies; 

2) identifying a subgroup of high-risk individuals who exhibit resilience; and 3) utilizing 

pathway models that explain significant patterns in the life course. 
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2.2 Academic resilience 

Although resilience studies in psychology and sociology provide the foundational 

definitions and methodologies, the integration into the domain of education has been carefully 

adapted to correspond with its distinctive attributes. In the context of education, the 

examination of resilience is centered on students, and consequently, the operationalizations 

and protective factors of resilience are primarily directed toward them. When applied to the 

field of education, the term academic resilience is often used. 

Although several review papers have explored measuring academic resilience (Rudd, 

Meissel, & Meyer, 2021; Tudor & Spray, 2017), few studies have comprehensively reviewed 

the exploration of academic resilience. To address this research gap, Article 1 conducted a 

systematic review of academic resilience based on 119 empirical studies among school-aged 

students, focusing on protective factors, operationalizations, data, and research methods. This 

section provides a concise summary of Article 1, thereby presenting the most current 

overview of academic resilience. 

2.2.1 Three operationalizations 

The operationalization of academic resilience involves three primary approaches: 1) 

simultaneous approach, which measures both risk and positive adaptation at the same time; 2) 

progressive approach, which measures risk at an earlier time point and positive adaptation at a 

later time point, treating academic resilience as a developing process over time; and 3) 

instrumental approach, which measures academic resilience using multiple items or scales. 

The simultaneous and progressive operationalizations include two core components, 

namely risk and positive adaptation (Tudor & Spray, 2017). Despite the shared focus on the 

interaction between the individual and context, the progressive operationalization prioritizes 

the dynamic nature of this interaction to a greater degree. Various factors are utilized to define 

risk, including low-SES, foster home residency, teenage motherhood, maltreatment, 

problematic parent-child relationships, and ethnic or minority status (see Appendix A). 

Conversely, positive adaptations are less diverse than risk factors, and primarily revolve 

around academic achievement. Examples of positive adaptations include not dropping out, 

returning to full-time education, completing high school, attending university, and adult 

attainment. In recent years, there has been a growing trend toward utilizing students’ well-

being to conceptualize positive adaptations (Austin et al., 2022). It is noteworthy that, unlike 

progressive operationalization, the simultaneous approach displays less variability in both 

risks and positive adaptations. 
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Instrumental operationalization differs significantly from the other two approaches. It 

usually includes items that describe cognitive-affective and behavioral responses to adversity, 

phrased positively or negatively. For example, Likert-scaled items such as “I would just give 

up” are used in the Academic Resilience Scale (ARS-30) developed by Cassidy (2016) to 

measure academic resilience. Because of diverse contexts and developers, various resilience 

scales may prioritize distinct aspects. For example, Skinner and Pitzer (2012) underscored the 

significance of students’ engagement and emotional reactivity, whereas Ungar and 

Liebenberg (2011) prioritized the role of peer and caregiver relationships. 

2.2.2 Timeframes and data sources 

Although simultaneous operationalization evaluates academic resilience at a single time 

point, the other two methodologies incorporate both longitudinal and non-longitudinal data. 

The progressive approach frequently employs longitudinal data to conceptualize risk and 

positive adaptation over time, whereas the instrumental approach typically utilizes 

longitudinal data to investigate the bidirectional association between protective factors and 

academic resilience.  

In order to achieve their respective research objectives, scholars have utilized diverse 

datasets. Several studies investigating academic resilience have employed self-collected data, 

which provides researchers with greater control over the research process and allows for a 

more personalized approach. On the other hand, certain studies have acknowledged the 

drawbacks and potential biases of self-collected data, particularly stemming from low-

response rates and challenges in achieving representative sampling. Consequently, some 

scholars have opted to employ pre-existing data sources such as national assessments and 

ILSAs.  

The development of academic resilience, particularly in the United States during the 

early 2000s, was greatly influenced by national assessments. For example, Cappella and 

Weinstein (2001) and Wayman (2002) employed national assessment data and a progressive 

operationalization to investigate the interplay between academic resilience and school-level 

factors, including curriculum, school support, and the learning environment. Borman and 

Overman (2004), on the other hand, employed a simultaneous operationalization and 

investigated a comprehensive range of school-level protective factors, including school 

composition (percentages of low-achieving, minority, and free-lunch-eligible students), 

school resources (class size, instructional resources, and teachers’ experience), as well as 

leadership and teaching-related items (percent of classroom time spent on instruction and 
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monitoring student progress). Moreover, they introduced a residual method to operationalize 

academic resilience by regressing students’ SES on their academic performance and using the 

residual score for each student. This approach has since been widely adopted by numerous 

studies. 

Several national assessments, such as the National Educational Longitudinal Study in the 

United States, are longitudinally designed and may be linked to data from government 

agencies or organizations, such as the Department of Human Services (Fantuzzo et al., 2012). 

Consequently, studies employing these assessments often operationalize academic resilience 

in a progressive approach, wherein risk is defined at an early stage and positive adaptation is 

assessed at a later time point. 

Different from national assessments with longitudinal designs, ILSAs, such as PISA, 

often evaluate the performance of a specific age group of students every several years. 

Therefore, investigating the resilience of individual students over time is not feasible, as each 

cycle examines different cohorts of students. Despite the trend design of TIMSS and its 

administration every four years to grades 4 and 8 students, it does not track the same students 

over time, making it impossible to assess individual resilience across time. Thus, studies on 

resilience utilizing ILSAs data typically adopt a simultaneous operationalization to measure 

academic resilience. However, several scholars have employed ILSAs data to investigate 

academic resilience longitudinally on a national level. For instance, Agasisti and colleagues 

(2014a) calculated the percentage of resilient students at the country level and explored its 

association with education expenditure using five cycles of PISA data. 

The utilization of ILSAs data in studies of resilience has increased since 2010, partly due 

to the evolution of these assessments. On the one hand, ILSAs data has significantly 

facilitated investigations of school-level protective factors, particularly teaching-related 

factors. On the other hand, ILSAs data has provided an opportunity to explore academic 

resilience across nations. Article 1 found that among the 19 empirical studies utilizing ILSAs 

data since 2010, 14 have conducted international comparisons of academic resilience. Due to 

the historical origins and subsequent evolution of the construct, academic resilience is 

frequently studied in a homogeneous context, such as a particular country, rather than a 

heterogeneous one. Consequently, additional challenges related to validity and 

methodological considerations arise when investigating academic resilience in an 

international context. 
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2.2.3 Protective factors 

Among the five categories of protective factors, namely individual, family, school, peer, 

and community, the factors most commonly examined in education are those pertaining to 

individuals and schools. Individual factors have been extensively studied in the field of 

education, which may be attributed to their well-established prominence in resilience studies 

within psychology. In contrast, school-level factors have been more recently developed and 

explored in education. 

The literature frequently examines four groups of individual factors: demographic 

characteristics, motivation and engagement, beliefs and attitudes, and learning practices or 

processes. Except for gender, demographic factors including race/ethnicity, immigration 

status/language, and age have generally exhibited a negative correlation with academic 

resilience, with minority status, immigration, and older age commonly associated with lower 

levels of resilience (Langenkamp, 2010; Wills & Hofmeyr, 2019). Empirical studies have 

consistently found that protective factors related to motivation and engagement are the 

strongest predictors of academic resilience, including students’ motivation, aspirations, and 

engagement (Erberer et al., 2015; Garcia-Crespo et al., 2019). With the exception of self-

esteem and attitude toward school, protective factors linked to beliefs and attitudes such as 

self-efficacy, confidence, sense of control, and valuing of school demonstrate a consistent 

positive association with academic resilience (Collie et al., 2017). Protective factors related to 

students’ learning progress or practice have received less attention, with self-regulation being 

a consistent predictor of academic resilience (Koirikivi et al., 2021), whereas other factors, 

such as cognitive flexibility and work mastery, have produced inconsistent results (Süleyman, 

2022). 

Five groups of protective factors at the school level are frequently studied, including 

school material resources, discipline and climate, school academic enrichment and support, 

teacher quality, and teaching quality. The association between school material resources and 

academic resilience depends on the measurement instrument utilized. For instance, school 

average SES and location are consistently predictive of academic resilience (Agasisti et al., 

2018), whereas school type, class size, and instructional resources yield mixed results 

(Vicente, Pastor, & Soler, 2021; Wills & Hofmeyr, 2019). Discipline and climate-related 

protective factors, such as discipline, a safe and orderly environment, and school emphasis on 

academic success, have consistently been found to predict academic resilience (Erberer et al., 

2015; Gabrielli, Longobardi, & Strozza, 2022; Koirikivi et al., 2021). Academic resilience is 
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positively associated with school academic enrichment and support factors, such as 

extracurricular activities and support during the transition (Agasisti et al., 2018). The 

relationship between teacher quality and academic resilience varies depending on the metric 

employed and the context in which it is investigated. For instance, while teachers with at least 

a bachelor’s degree are associated with students’ academic resilience in China, such a 

relationship does not hold in South Africa (Hofmeyr, 2019; Jin et al., 2022). The protective 

factors associated with teaching are primarily centered on the quality of teacher-student 

relationships and the teacher’s instructional effectiveness. While the former has gained 

significant scholarly attention, the latter has received increased focus, especially in light of the 

emergence of ILSAs. The literature indicates a positive correlation between the teacher-

student relationship and academic resilience (Bester & Kuyper, 2020), with teaching quality-

related factors yielding inconclusive findings. Empirical investigations have confirmed the 

linkage between academic resilience with instructional clarity, classroom management, 

teachers’ confidence in students, and their expectations for students (Bostwick et al., 2022). 

Academic resilience research has devoted comparatively less attention to factors 

associated with family, peer, and community contexts. Regarding family-related factors, 

family resources have consistently been identified as predictors of academic resilience (Li & 

Yeung, 2019). However, other factors, such as family academic support and family structure 

and relationships, have yielded inconsistent relationships with academic resilience (Cheung et 

al., 2014; Cunningham & Swanson, 2010). Similarly, the association between academic 

resilience and peer relationships has produced inconclusive findings (Bellis et al., 2018), 

though peer support has been identified as a significant predictor of academic resilience 

(Koirikivi et al., 2021). The impact of community protective factors on academic resilience is 

contingent upon the specific measures employed; for instance, welfare has been found to 

predict academic resilience, whereas homeless shelters have not. 

2.2.4 Research methods 

Academic resilience studies employ both variable-focused and person-focused 

approaches, as identified by Masten and Reed (2002). However, the majority of investigations 

in this area have primarily explored the impact of protective factors on the relationship 

between risks and outcomes through the use of Moderate Effect (Figure 2B) and Mediate 

Effect (Figure 2C) Models. Other conceptual frameworks, such as Challenge (Figure 2E) or 

Inoculation (Figure 2F) Models, have received scant attention within the field (Fergus & 

Zimmerman, 2005).  
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While the person-focused approach is often used in qualitative research, such as 

interviewing a group of disadvantaged students, a combination of both approaches is typically 

utilized in quantitative studies. For instance, researchers may first identify a group of 

disadvantaged students using a person-focused approach, and then apply statistical analysis to 

investigate the influence of protective factors using a variable-focused approach. 

Quantitative methods were the predominant research approach employed in the field. 

However, only a few empirical studies utilized mixed or qualitative methods, including case 

studies or interviews in combination with statistical analysis methods such as analysis of 

variance (ANOVA), correlation, and regression. 

The conceptualization of academic resilience can vary in terms of the approach adopted, 

with different operationalizations treating it as a binary variable, a continuous variable, or a 

latent construct. Consequently, empirical research often employs statistical models such as 

logistic regression, linear regression, and structural equation modeling (SEM) to examine 

academic resilience. The incorporation of protective factors from multiple levels has 

generated a growing interest in multilevel modeling (MLM) for investigating academic 

resilience.  

Although some scholars have chosen to disregard the hierarchical structure of data in 

favor of a more parsimonious model (Cheung, 2017; Li & Yeung, 2019), the majority of 

scholars recognize the importance of considering such structure in their analysis. In academic 

resilience studies utilizing MLM, a stepwise approach is commonly adopted (Agasisti et al., 

2018). This methodology involves the fitting of a sequence of models, commencing with a 

baseline model that incorporates solely student-level variables. Subsequently, classroom or 

school-level factors are incrementally added to the models until a final model is achieved, 

which encompasses variables from all levels of analysis. 

Nonetheless, when employing conventional methods such as SEM and the stepwise 

approach of MLM to analyze ILSAs data, a multitude of issues can emerge. Chapter 4 

provides a detailed discussion of these issues. Additionally, conducting cross-national 

comparisons introduces further complexities for international studies, necessitating the 

consideration of country-specific characteristics in both research methods and the 

operationalization of academic resilience. These complexities will be explored in greater 

detail in the upcoming chapters. 
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3 Validity challenges in measuring 

academic resilience across countries 
The concept of resilience in psychology and education was predominantly developed 

within a relatively homogeneous context, confined to specific countries. As a result, before 

the emergence of ILSAs, international studies on academic resilience were rarely addressed in 

the literature. However, some sociologists have conducted international studies on resilience 

and highlighted the moderating role of contextual and cultural factors. For example, 

protective processes may be valued and made available differently across diverse contexts and 

cultures (Ungar, 2008).  

The advent of ILSAs facilitated international comparisons and consequently instigated 

inquiries into academic resilience on a global scale. Nonetheless, when researchers attempt to 

explore academic resilience across nations, they face an initial challenge related to the 

application of traditional concepts developed within a homogeneous context to a 

heterogeneous context.  

ILSAs typically evaluate various student cohorts across cycles, leading researchers to 

adopt a simultaneous operationalization, where both risk and positive adaptation are assessed 

at the same time point. In resilience research utilizing ILSAs data, scholars commonly employ 

low-SES as an indicator of risk and high academic achievement as a measure of positive 

adaptation. Some scholars have extended the exploration of academic resilience beyond 

cognitive outcomes by incorporating student well-being as a defining criterion for positive 

adaptation (OECD, 2018). Despite these efforts, other essential aspects of construct validity 

are often neglected in empirical investigations. 

Article 2 centered on tackling the challenges associated with operationalizing academic 

resilience in international studies. It mainly addressed issues concerning the dimensions of the 

composite SES index and thresholds utilized for measuring risk and performance. 

Considering the fact that the SES index in PISA covers a wide range of resources, Article 2 

leveraged PISA data to investigate the impact of diverse dimensions of family capital. The 

discussion of thresholds in measuring academic resilience is notably scarce, as highlighted in 

Article 1. Nevertheless, as demonstrated in Article 2, the examination of threshold-related 

concerns becomes significantly salient within the realm of international studies. To account 

for the higher incidence of missing SES data among younger students, Article 3 opted to 

utilize TIMSS grade 8 data, which provided adequate information on Home Educational 
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Resources (HER) as an indicator of SES. Furthermore, all plausible values were utilized in the 

analyses performed in empirical Articles 2 and 3. The issues outlined in this chapter are 

primarily addressed in Article 2, with Article 3 also addressing them to some extent. 

3.1 Measuring risks  

3.1.1 Dimensions of composite SES indexes 

Composite SES indexes are commonly utilized to identify disadvantaged students in 

resilience studies employing ILSAs data. Nonetheless, scant attention has been given to 

elucidating the specific dimensions of capital or resources captured by these indexes. For 

example, the composite SES index of PISA, Economic, Social and Cultural Status (ESCS), is 

based on data collected from 15-year-old students regarding their parents’ occupation, 

parental educational attainment, and household possessions, including a combination of 

general and country-specific household items (OECD, 2019). In contrast, the composite SES 

index of TIMSS, Home Educational Resources (HER), is derived from responses provided by 

8th-grade students regarding the number of books present in their home, the highest level of 

education attained by either parent, as well as the number of home study supports, such as 

internet connection and own room (Mullis & Martin, 2017).  

The ESCS encompasses a broad range of capital or resources available to students, 

surpassing the scope of the HER scale. For instance, the ESCS incorporates a range of 

household possession items, such as the number of books, links to the internet, computers for 

school work, education software, televisions, and other items (please refer to Appendix  B). 

On the other hand, the HER scale predominantly focuses on educational resources. When 

these composite SES indices are employed to identify disadvantaged students, the 

composition of the student population may exhibit variation. Consequently, the relationship 

between certain protective factors and academic resilience across studies using PISA and 

TIMSS may vary due to the difference in these SES indexes. An illustration is a study 

conducted by Chirkina et al. (2020), which examined the relationship between academic 

resilience and students’ attitude toward mathematics, utilizing four items related to students’ 

value, likeness, confidence, and engagement in mathematics. Their findings revealed stronger 

associations between academic resilience and students’ attitude toward mathematics in the 

TIMSS dataset compared to the PISA dataset. This observation suggests that the composite 

SES index, which captures various aspects of family capital or resources, may influence the 

results obtained and consequently give rise to concerns regarding the validity of comparisons 

across studies.  
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It is worth noting that the composite SES index may not necessarily be based on identical 

items across countries. For example, each country was allowed to include up to three country-

specific items in measuring students’ household possessions, which is a component of the 

Economic, Social and Cultural Status (ESCS) index (Avvisati, 2020). Consequently, when 

utilizing these scales to measure risk, additional caution and scrutiny are warranted. 

Furthermore, the internal consistency of these composite SES indexes exhibits considerable 

variation between countries, which inherently impacts the comparability of corresponding 

effects across different nations (Rutkowski & Rutkowski, 2013). 

3.1.2 Challenges of missing data 

A number of ILSAs focus on younger student cohorts, such as fourth-grade students in 

TIMSS and the Progress in International Reading Literacy Study (PIRLS). In light of the 

potential limitations of younger students’ capacity to comprehend, interpret and report family 

capital or resources, the composite SES index utilized in TIMSS and PIRLS, known as Home 

Resources for Learning (HRL), is derived from questionnaires completed by both students 

and their parents (Mullis & Martin, 2017; Mullis & Martin, 2019). The HRL scale 

encompasses two distinct items obtained from students, namely the number of books present 

in their household, and the number of home study supports available to them, such as internet 

connection and own room. In addition, three items are included from the parents, which relate 

to the highest level of education and occupation of either parent and the number of children’s 

books in the home. The administrative complexities arising from discrepancies in response 

rates between students and parents result in missing information for HRL components. 

Consequently, it is not uncommon to observe a missing rate of approximately 20% or higher 

in the HRL scale in grade 4 data from TIMSS or PIRLS. As an illustration, New Zealand and 

Norway exhibit missing data rates of 59.83% and 43.28% on the HRL scale in TIMSS 2019, 

respectively (please refer to Appendix C). This poses significant challenges in accurately 

identifying disadvantaged students for studies on academic resilience.  

3.2 Measuring positive adaptations 

3.2.1 Domain differences 

With rare exceptions, the majority of studies using ILSAs data have employed academic 

performance as a metric for assessing positive adaptations. Some scholars have utilized one 

specific domain such as mathematics (Cheung, 2017), while others have adopted scores from 

several domains, such as an average score in mathematics, science, and reading (Gabrielli et 
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al., 2022). Many studies have examined resilience variations across domains. For example, 

OECD (2011) found that disadvantaged students who perform well in science usually also do 

well in mathematics and reading. When academic resilience was explored with protective 

factors, some scholars identified disparities between domains. As an illustration, Hofmeyr 

(2019) explored a group of protective factors and demographic characteristics in both the 

TIMSS and PIRLS datasets. The research findings indicate a significant association between 

gender and academic resilience in reading, but not in mathematics. Moreover, the enjoyment 

of reading is not a predictor of resilience in PIRLS, while the enjoyment of mathematics is a 

significant predictor in TIMSS. Similarly, Garcia-Crespo et al. (2019) investigated the 

influence of individual and classroom factors on academic resilience in mathematics and 

science. The results also revealed disparities between the two domains, with students’ 

enjoyment for learning being a predictor of resilience in mathematics but not in science. In 

sum, the potential differences among domains are acknowledged by the majority of scholars 

in the field. 

3.2.2 Plausible values 

In contrast to the extensive attention given by scholars to the domain issue, there has 

been little attention given to the issue of plausible values. Due to time limits and the large 

number of test items contained in ILSAs, students usually received a booklet with a subset of 

test items (Von Davier, Gonzalez, & Mislevy, 2009). Therefore, a complex statistical 

methodology is used to estimate students’ proficiency, which considers the measurement error 

and sampling error in the assessment results. To account for the measurement error, multiple 

plausible values are generated for each student based on their test scores and conditioned on 

their responses to the background variables. In other words, the plausible values represent the 

likely range of scores for students with similar background characteristics.  Therefore, it is 

recommended to use all plausible values to accurately capture a student’s true score 

(Laukaityte & Wiberg, 2017).  

In resilience studies using ILSAs data, researchers frequently operationalize student 

performance through the employment of plausible values. However, the incorporation of all 

plausible values has not been consistently implemented in all investigations, albeit this 

practice has been more commonly observed in recent years (Jang, Seo, & Brutt-Griffler, 

2023). Most studies establish a threshold for academic achievement and subsequently convert 

each plausible value into binary form (i.e., resilient = 1, non-resilient = 0). Nevertheless, some 

researchers have employed only one plausible value to distinguish high-achievers in practice, 
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particularly when utilizing the residual method proposed by Borman and Overman (2004), 

which identifies resilient students through the regression analysis of SES and academic 

performance (Gabrielli et al., 2022; Jin et al., 2022). Certain researchers have identified high-

achievers through the use of the mean score of plausible values (Martin et al., 2022; Özcan & 

Bulus, 2022), while others have classified high-achievers as students who have performed 

above a specific threshold in over half of the plausible values (Vicente et al., 2021). 

Moreover, an alternative type of resilience research aims to investigate the correlation 

between protective factors and the percentage of resilient students across countries (Agasisti 

et al., 2018). Typically, these investigations utilize a single plausible value to identify high-

achieving students, and then calculate the percentage of resilience students. The significance 

of this research is rooted in the ability to investigate academic resilience longitudinally at the 

national level through the utilization of the percentage of resilient students. Thereby, this 

circumvents the constraints inherent in ILSAs, which assess different cohorts of students at 

each cycle. Nevertheless, a potential limitation of this approach is the likelihood of 

overlooking measurement errors. 

The variation in the utilization of plausible values can be attributed in part to the use of 

different methodologies. For instance, the residual approach necessitates the inclusion of 

academic achievement, whereas the identification of high-achievers across different domains 

may encounter the challenge of utilizing several groups of plausible values. However, the 

potential measurement errors that arise from disregarding some plausible values are not 

extensively deliberated upon. Several scholars have argued that adopting the average of all 

plausible values constitutes a viable approach to exploring academic resilience, given that the 

measure of achievement is not utilized as the ultimate outcome but rather as a means to 

identify resilience status (Martin et al., 2022). Nevertheless, additional empirical 

investigations are required to explicate the impact of these methods. 

3.3 Thresholds for risks and positive adaptations 

Empirical studies using ILSAs data frequently employ two approaches, namely binary 

and residual, to identify resilient students. The binary method involves the direct application 

of two criteria: identifying disadvantaged students using a risk indicator (i.e., SES) and high-

achievers using a performance indicator. Resilient students are recognized as those 

disadvantaged students who demonstrate high performance (see green dots in Figure 3A). 

Conversely, the residual method indirectly applies two criteria (Figure 3B). For instance, 

students’ SES is regressed on their performance, and the residual obtained from the regression 
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analysis is then allocated to individual students as their resilience scores. The empirical 

studies conducted within this thesis exclusively employed the binary approach, thus 

precluding further discussion on the residual approach within the scope of this research. 

Figure 3 Binary and Residual Approaches to Identify Resilient Students 

 

In the application of these two criteria, researchers often utilize two types of thresholds, 

namely fixed and relative, to define risk and positive adaptations. The fixed threshold 

involves the implementation of a consistent cut-off point across countries, while the relative 

threshold entails the adoption of different cut-off points that vary across countries. 

3.3.1 Fixed and relative thresholds for risks 

Considering the significant economic disparities among countries, employing a universal 

cut-off point may fail to capture accurate representations. Recognizing this, the utilization of a 

relative threshold is widely acknowledged as more appropriate when defining disadvantaged 

students on an international scale. This approach accounts for the unique socio-economic 

circumstances of each country and adjusts the defining criterion accordingly. By adopting a 

relative threshold, a more tailored definition of disadvantaged students can be established, 

acknowledging the diverse conditions present in different countries. 

3.3.2 Fixed thresholds for performance 

Different from the identification of disadvantaged students, the identification of high-

achieving students has been observed through the application of both fixed and relative 

thresholds. Several scholars have employed a fixed threshold for academic performance, 

namely the same score universally applied across all nations, to evaluate academic resilience 

at a global level (Erberer et al., 2015; OECD, 2011).  

Nonetheless, the application of a fixed threshold fails to consider the wide variations in 

average academic achievement across countries and may result in an inadequate 
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understanding of what it means to be a high achiever in countries at the lower end of the 

achievement scale. For example, when a fixed threshold is applied to students’ performance, 

it is expected that high-achieving countries like Singapore may have a significant proportion 

of resilient students, reaching 80% or higher. In contrast, low-achieving nations such as 

Azerbaijan and Kyrgyzstan are anticipated to have a notably low proportion of resilient 

students, less than 5% (OECD, 2011). As a result, using fixed performance thresholds across 

countries with widely different average achievement scores leads to resilience being more or 

less defined by only this dimension of the resilience measure. 

Scholars who advocate the use of fixed thresholds for academic performance contend 

that such an approach is designed to facilitate international comparisons (OECD, 2011). 

Nonetheless, the comparison being made is not actually between the academic performances 

of students worldwide. Rather, it is an evaluation of the degree to which students who are 

deemed as “disadvantaged” can overcome adversities and succeed academically. 

Consequently, it is advisable to take into account the local context when determining the 

benchmarks for academic success. 

3.3.3 Relative thresholds for performance 

In research employing a relative threshold on academic resilience, it is not uncommon to 

observe a slightly greater proportion of resilient students from some low-SES and low-

achieving nations. For example, in Article 3, the application of a relative threshold to 

students’ performance revealed that the highest proportion of resilient students was not found 

in high-achieving countries like South Korea, but rather in South Africa, a country 

characterized by relatively lower levels of SES and academic performance. This phenomenon 

can be attributed in part to the comparatively lower difficulty in achieving academic success 

in such nations. However, it is also possible that the observed outcomes are influenced by the 

specific cut-off point utilized for the threshold, as well as the distribution of student 

performance around this point. For instance, if student performance is centered around the 

cut-off point, this could also impact the results. 

On the one hand, the level of risk and academic success varies depending on the context. 

On the other hand, the degree to which the context enables a student to recover from adversity 

also varies across contexts. While the former can be assessed through indicators such as SES 

and academic performance, the latter is often implicit and not readily observable. Some 

scholars have proposed using the proportion of resilient students as a means of evaluating 

educational equity and quality (Agasisti et al., 2018). However, it is important to note that this 
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metric mainly reflects the potential for disadvantaged students to overcome obstacles within a 

specific country, rather than as the sole indicator of that country’s capacity to assist 

disadvantaged students. Therefore, greater circumspection is required when interpreting the 

findings regarding the presence of resilient students across the world. 

3.4 Validity, reliability, and ethical considerations 

3.4.1 Validity 

The preceding sections have addressed the validity challenges pertaining to the 

measurement of academic resilience in international studies. The purpose of this particular 

section is to offer a more comprehensive discussion on the considerations of validity for 

academic resilience, along with other constructs examined within this thesis. 

Validity refers to the extent to which a concept is accurately measured and encompasses 

several dimensions, including content, construct, and criterion validity (Heale & Twycross, 

2015; Kane, 2006). Content validity refers to the extent to which a research instrument 

accurately measures all aspects of a construct (Heale & Twycross, 2015). The two aspects of 

content validity, relevance and representativeness, were taken into account in all empirical 

studies in this research (Yusoff, 2019). With regard to the construct of academic resilience, 

Article 1 summarized three commonly used operationalizations for defining this construct 

based on a systematic review of 119 studies. Article 2 narrowed the focus to studies utilizing 

ILSAs data and identified and discussed the most pertinent and representative criteria for 

determining academic resilience. In Article 2, 16 operationalizations for academic resilience 

were developed using four background indicators and two types of thresholds. Most of these 

operationalizations are widely employed in the field. Article 3 operationalized the construct of 

cognitive activation based on seven Likert-scaled items, which were answered by teachers on 

their classroom teaching practices. This approach is frequently used in the literature to 

measure cognitive activation, as noted by Blömeke, Olsen, and Suhl (2016).  

Construct validity refers to the extent to which a research instrument measures the 

intended construct (Heale & Twycross, 2015). In this thesis, a confirmatory factor analysis 

(CFA) methodology was utilized to assess the construct validity. In Article 2, CFA was 

employed to assess the construct of students’ sense of belonging to the school and their school 

attendance. Likewise, the construct of cognitive activation in Article 3 was evaluated using 

the CFA approach. All statistical analyses yielded a favorable fit of the models. 
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Criterion validity refers to the extent to which a research instrument is related to an 

outcome (Taherdoost, 2016). Regression analyses were employed in this research to measure 

the extent to which one measure predicts another. In Article 2, 16 operationalizations of 

academic resilience were assessed in conjunction with two external variables, namely, 

students’ sense of belonging to the school and their school attendance. Furthermore, the 

coefficients between these variables and academic resilience were compared across the 16 

operationalizations, aiding in the identification of a more suitable definition for the construct 

in the realm of international education research. 

Internal validity refers to the extent to which a study accurately demonstrates a causal 

relationship between variables, with a minimum of confounding variables or alternative 

explanations for the results (Flannelly, Flannelly, & Jankowski, 2018). Considering the cross-

sectional design of ILSAs, this thesis did not address this validity. Instead, the research 

considered external validity, which refers to the degree to which inferences drawn from a 

given study’s sample apply to a broader population or other target populations (Findley, 

Kikuta, & Denly, 2021). Article 2 investigated the concept of academic resilience in Norway, 

Chile, and Hong Kong, which encompassed diverse academic achievements, cultural 

backgrounds, and economic development levels. In Article 3, the construct of cognitive 

activation was explored in 36 education systems, which included six cultural groups, namely, 

Middle East, Post-Soviet, Nordic, Anglo, Latin European, and Confucian Asia countries. By 

examining these constructs across diverse education systems and cultural groups, it is possible 

to make inferences about how the constructs are likely to manifest in other contexts. 

Furthermore, this thesis utilized data from PISA and TIMSS studies, which assess 15-

year-old and 8th-grade students, respectively, at the end of their compulsory education. 

Disadvantaged students were identified based on those who remained in school, yet it should 

be acknowledged that the most vulnerable students who dropped out may not have been 

included in this study. As such, the disadvantaged group identified in resilience studies may 

not be representative of the entire population. For example, while PISA 2018 covered around 

90% of 15-year-olds in OECD countries, it only reached approximately 50% of this 

population in Jordan and Azerbaijan (OECD, 2019). It is crucial to acknowledge that the 

disadvantaged students identified in this study may not reflect the characteristics of the entire 

population, and thus, generalizing the findings to the broader population may be 

inappropriate. Therefore, policies and interventions developed based on these findings should 
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be approached with caution, as they may not fully address the underlying issues related to 

educational equity and may neglect those who are most vulnerable. 

3.4.2 Reliability 

Reliability refers to the degree to which a measure consistently produces the same results 

over time or across different raters or contexts (Heale & Twycross, 2015). Internal 

consistency is a reliability measure that examines the consistency of responses to items used 

to form a scale (Yusoff, 2019). In this thesis, Cronbach’s alpha was utilized to evaluate the 

internal consistency of most scales. Article 3 utilized Cronbach’s alpha to evaluate the 

internal consistency of the cognitive activation construct, which yielded a high reliability 

score.  Furthermore, Article 3 placed particular emphasis on multi-level raters. In this study, 

school-level variables rated by teachers were aggregated to the school level, while teaching-

related variables rated by students were aggregated to the classroom level. This aggregation 

process effectively mitigated the potential measurement error originating from individual 

variations or random fluctuations in the responses of both teachers and students. 

3.4.3 Ethical considerations 

The current thesis employed ILSAs data from PISA and TIMSS studies, which are 

anonymous and publicly available, thus obviating the need for obtaining consent forms or 

approval from the Norwegian Centre for Research Data (NSD). Nonetheless, ethical concerns 

and challenges may arise when interpreting and applying the results derived from these data. 

The central construct of this thesis, namely academic resilience, is intricately linked to 

the SES index incorporated in ILSAs such as PISA and TIMSS. However, as highlighted by 

Hopfenbeck and Kjærnsli (2016), students may perceive the questions in the PISA tests as 

overly intrusive regarding their family background, and some students may feel a sense of 

unease or even embarrassment regarding their parents’ circumstances. Consequently, when 

students are required to rate such sensitive information, particularly items related to parental 

education, occupation, and home possession, several ethical considerations may arise, for 

example, potential emotional distress.  

Similarly, students may feel uncomfortable evaluating the instructional quality of their 

teachers, while teachers themselves may also hesitate to assess school contributions or 

parental involvement in student academic success. Although participant confidentiality is 

upheld throughout the data collection process, and the sensitivity of these issues may not 

necessarily cause harm to the participants, it is crucial to maintain transparency regarding 

these potential ethical considerations. 
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4 Methodological considerations in 

exploring academic resilience across 

countries  
Despite the increasing use of international studies with alternative data sources, it is 

worth noting that ILSAs data remains the dominant choice for such studies. These datasets 

typically cover numerous countries with diverse backgrounds and pose a range of 

methodological challenges that conventional methods, such as structural equation modeling 

(SEM) and the stepwise approach of multilevel modeling (MLM), do not usually address. 

This chapter begins by discussing two significant issues related to the design of ILSAs 

and research approaches used in international studies. These issues were addressed in the 

doctoral thesis through empirical studies, which will be discussed in detail in the following 

sections. Subsequently, it examines issues related to several primary statistical methods 

employed in the field, including confirmatory factor analysis (CFA) and SEM, MLM, and 

latent class analysis (LCA). Articles 2 and 3 incorporated multilevel considerations, with 

Article 2 using CFA and SEM and Article 3 utilizing LCA to address specific research 

objectives. Moreover, Article 3 explored novel statistical methods to investigate protective 

factors within ILSAs data. Lastly, this chapter examines validity, reliability, and ethical 

considerations. 

4.1 The use of ILSAs data 

The ILSAs data from PISA, TIMSS, and PIRLS assessments are often utilized in 

exploring academic resilience across countries. Notwithstanding, due to distinctive 

assessment designs, targeted student populations, and domain variations inherent in these 

assessments, studies employing these data have demonstrated unique patterns in examining 

academic resilience. 

4.1.1 PISA data 

PISA utilizes a two-stage sampling technique, in which a minimum of 150 schools where 

15-year-old students may be enrolled in each country are sampled at the first stage, and 

approximately 40 students1 are randomly selected from a chosen sample school in the second 

 
1 In countries where paper-based assessments are employed, the typical number of students is 35, whereas in countries 

utilizing computer-based assessments, the number of students amounts to 42 in PISA 2018. 
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stage (OECD, 2019). Consequently, these students are not directly linked to their teachers or 

provided with classroom-specific information. A limited number of countries participating in 

PISA provide information about the learning environment, which is answered by teachers in 

the sampled schools2. However, it is important to note that the students and teachers in the 

same school sample may not be directly linked. 

The empirical studies investigating protective factors, particularly those associated with 

teachers and schools, have demonstrated the sampling character of PISA. The investigation of 

academic resilience through PISA data has prioritized the examination of school-related 

factors, notably those of school resources, while classroom-level factors have received 

comparatively less attention.  

Although the classroom is not considered a sampling unit in PISA, the study incorporates 

variables on teachers and teaching through its principal and student questionnaires. These 

questionnaires capture essential aspects such as the disciplinary climate within the classroom 

and the level of support provided by teachers, as reported by students. Additionally, principals 

provide information on teacher characteristics, including educational background and 

professional development (OECD, 2019). However, the absence of correspondence between 

teachers and students in PISA data has led to a tendency to analyze classroom-level factors 

(either aggregated from students’ ratings or obtained from principals’ ratings) at the school 

level, thereby overlooking the potential impact of individual classrooms on students’ 

academic resilience. For example, teacher-related factors, including the percentage of 

qualified teachers within a school, the proportion of teachers with fixed-term contracts, and 

the mean number of years of teaching experience among the faculty, are commonly analyzed 

at the level of the school (Agasisti & Longobardi, 2014b; Cheung, 2017). 

However, considering the fact that students spend most of their time in the classroom, 

the interaction between teachers and students plays a crucial role in promoting academic 

resilience, as evidenced by numerous studies (Bostwick et al., 2022; Garcia-Crespo, 

Fernandez-Alonso, & Muniz, 2021). Consequently, examining classroom factors solely at the 

school level overlooks a vital component of students’ school experience. While a school-level 

perspective can offer valuable insights into administrative policies, resource allocation, and 

the overall climate of a school, adopting a classroom-level approach provides a more detailed 

and directly applicable understanding of everyday teaching and learning processes. Therefore, 

 
2 19 participating economies completed the teacher questionnaire in PISA 2018. 
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the classroom level emerges as a particularly pertinent level of analysis when examining 

factors associated with academic resilience. 

4.1.2 TIMSS and PIRLS data  

Both TIMSS and PIRLS utilize a two-stage random sample design, wherein a sample of 

schools is selected as the first stage, followed by the selection of one or more intact classes of 

students from each of the selected schools as the second stage (Martin, Von Davier, & Mullis, 

2020). Unlike the sample design in PISA, intact classes of students are sampled rather than 

individuals from across the grade level. This approach involves the nested grouping of 

students within their respective classrooms, alongside their teachers. This design enables 

researchers to examine the impact of teacher- and teaching-related factors on academic 

resilience. For instance, Erberer et al. (2015) employed TIMSS data to explore the influence 

of teachers’ confidence and expectations on students’ academic resilience. Similarly, Garcia-

Crespo et al. (2021) analyzed a range of factors related to teacher quality and teaching quality, 

including teachers’ basic and complementary training, job satisfaction, classroom instruction 

on reading strategies, and homework tracking, utilizing PIRLS data. Moreover, resilience 

studies utilizing TIMSS and PIRLS data have placed significant emphasis on school climate, 

including disciplinary climate, school emphasis on academic success, and a safe and orderly 

environment (Garcia-Crespo et al., 2019). Nevertheless, it is imperative to consider that 

within the context of TIMSS and PIRLS, multiple teachers specializing in a particular domain 

may have instructed the same classroom. Consequently, students’ evaluations concerning 

their teachers’ instructional methods may not necessarily pertain to the practices of a single 

teacher exclusively. 

4.1.3 Cluster size of disadvantaged students 

The issue related to cluster size has received limited attention within the existing 

literature. The PISA dataset for a given country typically comprises a sample of roughly 150 

schools, each of which is represented by around 40 students (OECD, 2019). While the TIMSS 

and PIRLS datasets usually include a sample of approximately 4,000 students drawn from 

about 150 schools within a country (Martin et al., 2020). Specifically, there exist 

approximately 40 students per school in the PISA dataset, and around 25 students per 

classroom in the TIMSS or PIRLS dataset. When applying a bottom 1/3 threshold to the 

composite SES indicator to identify disadvantaged students, the cluster size for disadvantaged 

students is expected to be around 14 and 9 in the PISA and TIMSS or PIRLS datasets, 

respectively. Empirical studies often focus on disadvantaged students, and the analyses are 
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thus conducted in this subset of at-risk students. Subsequently, the relatively small cluster size 

of disadvantaged students poses statistical power and reliability challenges in statistical 

analysis, particularly those focusing on a single country with limited cluster numbers.  

The research objectives of empirical studies in this thesis were aligned with the ILSAs 

assessment designs. Article 2 employed PISA data, while Article 3 utilized TIMSS data to 

highlight classroom protective factors. Due to missing data issues concerning the composite 

SES index in PIRLS, its data were not included in this research. To address limitations arising 

from small cluster sizes of disadvantaged students, Article 3 employed latent profile analysis 

as an alternative to the commonly used multilevel modeling approach. 

4.2  Analytical approaches in international studies  

International studies that employ ILSAs data to examine the relationship between 

academic resilience and protective factors can be categorized into two groups: the first 

involves the application of pooled data to identify overarching trends, while the second 

involves the utilization of country-specific data to investigate variations between nations. 

Although the former approach yields more substantial outcomes across various studies due to 

a larger sample size, it is less context-sensitive. Conversely, the findings from the latter 

analytical approach are frequently challenging to generalize. Moreover, the outcomes from 

both approaches are prone to significant fluctuations contingent upon the variables and 

covariates integrated into the analysis, particularly those associated with MLM 

(Schoeneberger, 2016). 

4.2.1 Aggregated trend analysis 

The approach of aggregated trend analysis encompasses two distinct types of research. 

The first approach involves utilizing pooled data from a diverse set of countries to examine 

the correlation between protective factors and academic resilience (Agasisti & Longobardi, 

2014a; Martin et al., 2022). The second approach involves the use of pooled data from various 

time periods to capture variations over time. For instance, Agasisti et al. (2014) and Vicente et 

al. (2021) employed PISA data from 2000 to 2012 and 2003 to 2018, respectively, to explore 

the impact of education expenditure on academic resilience over time. 

Despite the inherent limitation in the sample size of disadvantaged students within the 

data derived from ILSAs, the statistical power of the aggregated trend analysis can be 

increased by expanding the number of clusters. However, associations between academic 
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resilience and protective factors were contingent on various covariates and levels considered 

in the analysis.  

Furthermore, the incorporation of data from ILSAs across multiple countries into a 

pooled dataset has the potential to complicate the interpretation of results due to considerable 

variations in cultural and educational contexts. Additionally, the inclusion of data from 

diverse cycles of ILSAs introduces heterogeneity, including educational reforms and policies, 

which could obscure the findings. As a result, while the approach of aggregated trend analysis 

offers a broad perspective for exploring academic resilience, it may not comprehensively 

capture the contextual variations, thereby possibly obscuring or misinterpreting the 

significance of the findings. 

4.2.2 Country-specific analysis 

Due to the heterogeneity among nations, some researchers have employed country-

specific data to investigate academic resilience across different countries. It is customary for 

scholars to apply multivariate regression analysis to multiple nations, utilizing the same 

predictors to enable the examination of the relationship between academic resilience and 

protective factors across nations. Despite providing education policy-makers an overview of 

academic resilience across the world, studies using country-specific analysis across numerous 

countries usually find inconsistent results. To address this issue, certain researchers have 

chosen to restrict their investigations to countries that share common characteristics, such as 

culture, language, geographic location, or economic development levels.  

Although country-specific analysis takes into account the differences between nations, it 

presents two primary methodological challenges for researchers. Firstly, the combination of a 

small cluster size with a limited number of clusters can pose statistical power issues. 

Secondly, applying the same model across multiple countries may not adequately capture the 

country-specific relationships between predictors. 

Article 2 addressed the limitation of country-specific analysis by examining protective 

factors at the individual level, where empirical studies have identified more consistent results 

in the literature. Article 3 utilized latent profile analysis to address the limitations of the two 

aforementioned approaches. The method incorporated country-specific characteristics into the 

modeling process, without dividing the data into countries, thus retaining statistical power.  
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4.3 Testing measurement invariance for protective factors 

Measurement invariance ensures consistent interpretation of the construct across groups 

or time, allowing for meaningful comparisons (Putnick & Bornstein, 2016). If measurement 

invariance does not hold, the construct is not understood the same way and thus cannot be 

reasonably compared (Van De Schoot, Lugtig, & Hox, 2012).  

In international studies utilizing ILSAs data, academic resilience is commonly 

operationalized through the utilization of two key criteria: the SES index and student 

performance. As a result, the need to establish measurement invariance arises not for the 

construct of academic resilience itself, but rather for its protective factors. However, it is 

worth noting that measurement invariance is rarely discussed in the field, primarily due to 

methodological complexities associated with establishing scalar invariance using ILSAs data, 

as well as researchers’ inclination towards composite scale scores as opposed to latent 

constructs. 

4.3.1 Measurement invariance challenges in ILSAs 

Measurement invariance is commonly assessed through two methods, namely item 

response theory (IRT) and confirmatory factor analysis (CFA), with the latter being more 

prevalent in the context of ILSAs. Within the framework of IRT, measurement invariance is 

evaluated by examining the constancy of item response functions, which specify probabilities 

of achieving a score on a test item given a person’s latent trait level across groups or time 

(Kim & Yoon, 2011). Conversely, in CFA, the assessment of measurement invariance 

involves scrutinizing the equivalence of factor loadings, intercepts/thresholds, and residual 

variances within a factor model designed to measure an underlying construct (Van De Schoot, 

Lugtig, & Hox, 2012). 

However, previous empirical studies have revealed that achieving scalar invariance, 

which is necessary for meaningful cross-group comparisons, can be a challenging task due to 

significant obstacles associated with ILSAs data (Pokropek, Davidov, & Schmidt, 2019; 

Rutkowski & Svetina, 2014). The challenges primarily encompass three key aspects, 

specifically the inclusion of extensive sample sizes, a substantial number of nations, and the 

utilization of categorical response formats (Davidov, Muthen, & Schmidt, 2018). 

Considering the substantial number of groups and the sizeable sample size, Rutkowski 

and Svetina (2014) recommend adopting more relaxed cutoff criteria. For instance, a 0.01 

change in the Comparative Fit Index (CFI) and a 0.015 change in the Root Mean Square Error 
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of Approximation (RMSEA) are suggested when performing multigroup confirmatory factor 

analysis (MG-CFA) on ILSAs data. In order to tackle challenges associated with categorical 

responses, Svetina and colleagues (2020) introduced the utilization of a threshold model 

within the framework of MG-CFA. This proposed approach involves conducting equivalence 

tests for thresholds prior to examining factor loadings, thus offering an optimal methodology 

specifically tailored for Likert-scaled items. 

Furthermore, scholars have also devised novel techniques for assessing measurement 

invariance, with one of the prominent approaches being the alignment methods proposed by 

Asparouhov and Muthén (2014c). The alignment method provides a means to estimate group-

specific factor means and variances, allowing for the estimation of parameters without 

requiring exact measurement invariance across multiple groups. The application of this 

method has demonstrated notable advantages, as evidenced in the existing literature (Munck, 

Barber, & Torney-Purta, 2018). 

4.3.2 Latent variables vs. composite scale scores 

In the publicly available data files from ILSAs, a number of composite scale scores are 

included, in addition to item responses. For example, TIMSS 2019 dataset included 

principals’ ratings of 11 items for the scale of school emphasis on academic success (SEAS). 

And these 11 items were used to calculate the scale score for each individual through a series 

of statistical procedures such as partial credit IRT scaling. To demonstrate the cross-country 

comparability of the context questionnaire scales, TIMSS conducted a principal component 

analysis of the scale items and presented reliability coefficients for each education system in 

its technical report (Martin et al., 2020).  

The inclusion of multiple predictors may pose significant challenges for scholars in 

establishing measurement invariance for each latent variable across diverse countries, 

particularly with conventional methods such as MG-CFA. Consequently, the majority of 

resilience studies have adopted composite scale scores instead of latent variables in their 

research, ignoring the issue of measurement invariance (Davidov et al., 2018). 

As a result, structural equation modeling (SEM), a statistical approach commonly 

employed in research treating academic resilience as a personal trait, is seldom employed in 

studies utilizing ILSAs data. To illustrate, only a few investigations have employed SEM to 

examine academic resilience in a particular nation, sidestepping the issue of establishing 

measurement invariance for latent constructs. For instance, Jang et al. (2023) employed SEM 
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to investigate the relationship between academic resilience and students’ reading engagement, 

motivation, and strategies in the United States, based on PISA 2018 data.  

Given the number of protective factors and education systems involved in the analyses, 

empirical studies in this thesis utilized both latent variables and composite scale scores. 

Specifically, Article 2 explored the influences of two individual protective factors on 

academic resilience across three economies, with the examination of these two factors being 

conducted as latent variables. Article 3 investigated 12 protective factors across 36 education 

systems. To handle the considerable number of factors under investigation, composite scale 

scores obtained from TIMSS were utilized, with the exception of the latent variable of 

cognitive activation, for which no corresponding composite scale score was available within 

the TIMSS dataset. 

Empirical studies within this thesis employed Multigroup Confirmatory Factor Analysis 

(MG-CFA). In Article 2, concerning two latent variables, namely students’ sense of belonging 

to the school and absence from the school, scalar invariance was established by employing a 

relaxed criterion that allowed for a 0.01 change in Comparative Fit Index (CFI) and a 0.15 

change in Root Mean Square Error of Approximation (RMSEA). In Article 3, regarding the 

latent variable of cognitive activation, scalar invariance was achieved by utilizing the 

threshold model (Svetina et al., 2020) and employing a relaxed criterion for model fit. 

4.4 Multilevel modeling 

Multilevel models have become a popular analytical technique for dealing with intricate 

data structures that display a hierarchical or clustered character. However, the hierarchical 

structure has not been consistently addressed in resilience research using ILSAs data. Erberer 

et al. (2015) and Sandoval-Hernández and Bialowolski (2016) investigated protective factors 

from both individual and school levels, including students’ valuing of mathematics and school 

emphasis on academic achievement. However, they employed single-level logistic regression 

models that overlooked the hierarchical structure of ILSAs data. Several scholars have 

recognized the limitations of using single-level regression to study protective factors across 

different levels, and have consequently turned their attention to investigating protective 

factors within specific levels. As an illustration, Cheung (2017) conducted research at the 

individual level, examining the association between academic resilience and variables such as 

family structure, student self-efficacy, and mathematics anxiety. 
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4.4.1 Hierarchical considerations  

The utilization of ILSAs data has prompted a growing number of scholars to incorporate 

hierarchical structures in their analytical approaches. This entails considering the nesting 

structure in one-level regression analysis, which involves accounting for cluster information. 

A case in point is the work of Özcan and Bulus (2022), who conducted a multi-group logistic 

regression analysis on two distinct groups of countries classified as having either individualist 

or collectivist cultural orientations. In the study, they analyzed protective factors at both 

individual and school levels, such as students’ enjoyment of reading and schools’ disciplinary 

climate, by incorporating cluster information in their models to account for the nesting 

structure. A conventional approach for implementing this technique is to incorporate cluster 

information into a one-level analysis.  

Researchers studying academic resilience using hierarchical data typically use stepwise 

multilevel models as their primary methodology. This approach entails fitting a series of 

models beginning with a baseline model containing only student-level variables and 

progressively incorporating classroom or school-level factors until a final model comprising 

variables from all levels is attained (Agasisti et al., 2018). This process facilitates the 

examination of each level’s contribution to the outcome and aids in identifying the most 

critical factors related to academic resilience.  

4.4.2 Interactions and multicollinearity  

Earlier studies on resilience often concentrated on the interaction between protective 

factors and demographic variables, such as gender, ethnicity, and immigrant status (Borman 

& Overman, 2004). With the advancement of MLM, these demographic variables are 

commonly incorporated into the models as control variables. Consequently, the emphasis on 

interactions has shifted to exploring the interplay between other variables such as students’ 

psychological factors (i.e., motivation) and contextual factors (i.e., teacher-student 

relationship).  

However, the literature has insufficiently addressed the covariances between protective 

factors and their interactions across various levels. Scholars have predominantly focused on 

reporting the relationships between independent variables and the outcome, with little 

attention to the details of covariance. One plausible explanation for this phenomenon could be 

attributed to the incorporation of numerous protective factors at different levels, which 

presents a formidable obstacle in scrutinizing the interplay among covariates. Additionally, if 

identical multilevel models are implemented across multiple countries with heterogeneous 
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contexts, the inclusion of covariances presents a significant challenge to achieving model 

convergence across countries. For example, Garcia-Crespo et al. (2021) employed MLM to 

examine the impact of 10 protective factors at the individual level and 14 protective factors at 

the classroom level across 23 countries, without delving into any interactions. Likewise, 

studies that explore multiple protective factors often omit the reporting of correlation 

coefficients, a crucial process in detecting potential multicollinearity issues, with rare 

exceptions (Garcia-Crespo et al., 2021). 

4.4.3 Protective factors rated by multi-level informants 

ILSAs data commonly rely on questionnaires that are administered to a diverse range of 

stakeholders, including students, parents, teachers, and principals. As a consequence, the data 

obtained from such assessments comprise information that originates from various sources 

and levels. Furthermore, the measurement of certain fundamental constructs relies on the 

input of multiple informants, making it imperative to select an appropriate level for the 

incorporation of these constructs into multilevel models. For example, Agasisti and 

Longobardi (2014b) employed PISA data to investigate the relationship between academic 

resilience and students’ absenteeism from principals’ perspectives, while Agasisti et al. (2018) 

investigated the association utilizing students’ responses. Embracing diverse perspectives is 

essential for a more comprehensive understanding of the complex relationship between 

academic resilience and protective factors. However, this approach also demands careful 

attention to theoretical and methodological considerations, especially when conducting MLM 

analyses.  

ILSAs data, particularly TIMSS and PIRLS, frequently incorporate two sets of protective 

factors, namely school climate and instructional quality, which are reported by multiple 

informants. In TIMSS and PIRLS data, the assessment of school climate involves several 

dimensions, including disciplinary climate, safe environment, and school emphasis on 

academic success. Disciplinary climate (i.e., students’ absenteeism) is reported by principals, 

while the safe environment is reported by both teachers and principals, with distinct item sets. 

However, most of the items related to school emphasis on academic success are similar and 

are evaluated by both teachers and principals (Martin et al., 2020). Furthermore, as TIMSS 

and PIRLS pay particular attention to students’ curricular and instructional experiences, 

protective factors associated with instruction are assessed using distinct items from the 

perspectives of both students and teachers.  
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Consequently, in multilevel modeling, the appropriate utilization of protective factors at 

the classroom or school level may involve aggregating ratings provided by students or 

teachers (Marsh et al., 2012). It should be emphasized that when the number of clusters is 

below 200, as is often the case in ILSAs data, the Standardized Root Mean Square Residual 

(SRMR) values at the between level may be high in Mplus software, despite the model 

demonstrating a reasonably good fit (Asparouhov & Muthén, 2018). 

Within this thesis, Article 3 examined protective factors operating at both the classroom 

and school levels, involving assessments from students, teachers, and principals. Accordingly, 

school-level factors, such as the perception of a safe environment by teachers, were 

aggregated at the school level, while teaching-related factors, such as instructional clarity as 

reported by students, were aggregated at the classroom level. Following the appropriate 

treatment of all 12 protective factors, Article 3 employed an SES index to identify 

disadvantaged students, upon which subsequent analyses were carried out. 

4.4.4 Weights application in multilevel analyses 

With the increasing application of ILSAs data, more scholars have incorporated 

sampling weights in their analytical procedures. However, only a small number of them have 

appropriately addressed this issue in the field of academic resilience (Özcan & Bulus, 2022). 

ILSAs such as PISA, TIMSS, and PIRLS calculated a series of survey weights to ensure the 

validity of assessment results and to facilitate fair and precise comparisons of student 

performance across different countries.  

Despite the absence of consensus regarding the implementation of ILSAs weights, it is 

generally regarded as unsuitable to employ student weights without recalculation, such as the 

total student weight (TOTWGT) in TIMSS, in multilevel modeling (Rutkowski et al., 2010). 

These weights are more appropriate for single-level analyses (Mullis & Martin, 2017). 

Rutkowski et al. (2010) recommended the decomposition of the student weights and the 

application of the appropriate weight at each level. Nonetheless, this approach has received 

limited attention in the majority of resilience studies utilizing ILSAs (Garcia-Crespo et al., 

2021; Jin et al., 2022). 

In this thesis, Article 2 performed a one-level analysis while taking cluster information 

into account. Consequently, the final student weight (W_FSTUWT) derived from the PISA 

data was utilized without recalculation. 
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4.5 Latent class analaysis 

4.5.1 Challenges in linking latent class membership with external variables 

LCA is a statistical procedure used to identify latent subpopulations within a sample 

based on patterns of responses to observed variables (Weller, Bowen, & Faubert, 2020). 

Specifically, latent class analysis is utilized in instances where the observed variables are 

categorical. Conversely, when the indicators are continuous, LPA is employed. 

Through the examination of response patterns obtained from survey respondents, LCA 

enables researchers to discern latent subgroups or classes within a given population that 

demonstrate distinctive attributes pertaining to academic resilience, including students’ 

psychological attributes, family background, and the resources accessible within educational 

institutions. By means of LCA, scholars can attain a more profound comprehension of the 

various manifestations of academic resilience profiles present among the population. This 

valuable information can be utilized to inform the development of targeted interventions and 

support strategies that are custom-tailored to address the specific requirements of each 

subgroup. 

LCA has experienced a growing utilization within the field of resilience studies in the 

past decade. Scholars usually employed protective factors, particularly individual 

psychological characteristics such as self-esteem and efficacy, to identify latent classes of 

resilient students (Atman-Uslu, 2022). Upon the identification of these latent classes, scholars 

proceeded to conduct additional investigations on the associations between students’ class 

membership and external variables, including behavior, motivation, and performance 

(Anthony & Robbins, 2013; Luo et al., 2022). Commonly employed techniques in such 

inquiries encompass regression analysis or ANOVA. This involves assigning a unique class 

number to each student and investigating the association between class membership and the 

external variables under consideration. For example, Luo et al. (2022) utilized ANOVA to 

investigate the linkage between students’ depressive symptoms and their latent class 

memberships. Similarly, Atman-Uslu (2022) employed ANOVA to establish the correlation 

between students’ latent class membership and their performance and self-efficacy.  

However, LCA assigns individuals to classes based on their probability of belonging to 

classes, given their scores’ pattern on the indicator variables (Weller et al., 2020). As a result, 

the reliability of class allocation is not always ensured. Therefore, the method of assigning a 

specific class number to individuals tends to overlook the influence of measurement errors 

and fails to consider the probability of class membership. 
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4.5.2 The application of the three-step and BCH methods in resilient studies 

In order to address concerns associated with measurement errors when connecting latent 

class membership with external variables, Asparouhov and Muthén (2014a) introduced a 

three-step method for conducting latent class analysis. This approach involves estimating the 

latent class measurement model and subsequently examining the association between latent 

classes and auxiliary variables while accounting for measurement error.  

Specifically, in the first step, indicator variables are used to identify the best-fitting latent 

class model. Once the model is estimated, the posterior probabilities of class membership are 

calculated, and the modal class assignment is identified. In the second step, the conditional 

probabilities of a modal class assignment given true latent class membership are computed. In 

the third and final step, a new analytic model is specified. The most likely class is associated 

with covariates and distal outcomes, while adjusting for the classification errors obtained in 

the second step (see Figure 4).  

However, the potential for the shift in latent class membership still exists within the 

three-step method, as the second step computes the average classification error within the 

sample, while the third step assumes that this error is applied uniformly across all individuals 

(Nylund-Gibson, Grimm, & Masyn, 2019). In addition, the three-step method may not 

comprehensively address shifting classes when entropy3 is low and there is a considerable 

variance discrepancy in the distal outcome across classes (Bakk, Oberski, & Vermunt, 2014). 

To address this problem, Asparouhov and Muthén (2014b) proposed the BCH4 method, which 

avoids shifts in latent class in the final stage to which the three-step method is susceptible to. 

The BCH method shares significant similarities with the three-step method. However, it 

deviates in the second step, where individual classification errors are calculated instead of 

computing the average classification error. In the third step, the inverse logits of the 

individual-level error rates are utilized as weights, as opposed to relying on the modal class 

assignment as an imperfect latent class indicator (Nylund-Gibson et al., 2019). In Mplus 

software, the BCH weights are specified by using the  “TRAINING” option of the 

“VARIABLE” command. It is worth noting that the three-step method is compatible with 

multilevel design in Mplus, but not the BCH method. However, it is possible to consider 

cluster information in conjunction with the “TRAINING” option in the BCH method. 

 
3 Entrophy is a statistical fit index for model-based calssification accuracy, with higher values indicating more precise 

assignment of individuals to latent profiles (Wang et al., 2017). Generally, a value close to 1 is ideal and above .8 is 

acceptable. 
4 Named after Bolck, Croon and Hagenaars who developed this method. 



42 

 

Figure 4 Three-step and BCH Methods 
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By employing the three-step and BCH methods, researchers are empowered to explore 

the impact of distinct protective factors, such as school climate, on diverse groups of 

individuals possessing varying resilient resources, such as individual psychological 

characteristics. As a result, there has been a growing adoption of the three-step approach in 

academic resilience investigations, as evidenced by studies conducted by Boutin-Martinez et 

al. (2019), Lines et al. (2020), and Koirikivi et al. (2021). 

Although the three-step method has gained popularity in research utilizing ILSAs data 

(Wu et al., 2021), to the best of my knowledge, there has been no inquiry that applies this 

method to investigate academic resilience in the context of ILSAs data. Besides, for research 

that adopted the three-step method, only a limited number of studies have addressed the issue 

of hierarchical structure (Mäkikangas et al., 2018; Teig & Nilsen, 2022). Given the challenges 

associated with guaranteeing invariance of both the measurement model and the latent class 

distribution across classes, further theoretical and methodological research is needed to 

facilitate exploration in a hierarchical context. 

In order to address the limitations associated with MLM stepwise approach in 

international studies, Article 3 employed the latent profile analysis (LPA) with a three-step 

BCH method to investigate profiles of resilient resources. The study subsequently examined 

the presence of these profiles across six cultural groups and explored the relationship between 

education expenditure and academic resilience across these profiles. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



44 

 

5 Summary of the articles 
The main objective of this doctoral thesis was two-fold. Firstly, it aimed to explore how 

academic resilience can be operationalized to meaningfully identify resilient students and 

analyze factors protecting students from their adversities across different countries. Secondly, 

it aimed to examine the methods that can be utilized to investigate academic resilience at a 

global level. These two aims have been comprehensively examined in three distinct articles 

co-authored with other researchers. The present chapter provides a summary of each article. 

Figure 5 illustrates the interconnections between the three articles. In particular, Article 1 

examined various issues encompassing protective factors, the operationalization of academic 

resilience, data considerations, and research methodologies. These four perspectives are 

graphically depicted in Figure 5 using the colors magenta, blue, green, magenta, and orange, 

respectively. Subsequently, Articles 2 and 3 further delved into and elaborated on the 

identified issues. 

5.1 Article 1: Review 

Ye, W., Teig, N., & Blömeke, S. (2023). Systematic review of protective factors related to 

academic resilience in children and adolescents: Unpacking the interplay of 

operationalization, data, and research method (under review in the journal of Educational 

Research Review) 

Article 1 conducted a systematic review of protective factors associated with academic 

resilience among school-aged students. Typically, studies on resilience in psychology and 

sociology concentrate on children and adolescents, and the inquiry into protective factors that 

promote resilience is frequently grounded in these fields. However, the exploration of the 

domain of education in this context has been relatively less examined. 

The exploration of protective factors that promote academic resilience has been an area 

of significant interest in the field. However, the heterogeneity observed in the 

operationalization of academic resilience, the sources of data used, the timeframes considered, 

and the research methods employed have impeded the understanding of the precise extent to 

which the protective factors identified in prior studies truly contribute to the outcomes 

observed, or if they are confounded by these variances. In order to clarify these inquiries, 

Article 1 analyzed five distinct groups of protective factors (individual, family, school, peer, 

and community), in conjunction with three types of operationalizations for academic 

resilience (simultaneous, progressive, and instrumental), two timeframes (longitudinal and  
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non-longitudinal), three types of data sources (self-collected, national/local assessments, 

ILSAs), and commonly employed research methods in 119 empirical studies. 

Factors 

The two most extensively researched categories of protective factors among the five 

identified groups are those relating to individual and school-level characteristics. The former 

is often subjected to “instrumental” operationalization and structural equation modeling, while 

the latter is typically examined through “simultaneous” or “progressive” operationalizations 

and multilevel modeling techniques. In the literature, the impact of examined protective 

factors has yielded both consistent and inconsistent findings. These divergent results can be 

attributed, in part, to the fact that different measurement instruments and different 

operationalizations of resilience are used across studies. Moreover, discrepancies across 

studies partly reflect that several studies do not have sufficient statistical power to establish 

statistical significance. 

Operationalizations 

The study identified three operationalizations of academic resilience, namely 

simultaneous, progressive, and instrumental. The first two operationalizations are consistent 

with the theoretical perspective that treats academic resilience as a dynamic interplay between 

individuals and their contexts. On the other hand, the third operationalization regards 

academic resilience as an inherent personal trait. As a result, diverse interpretations of 

academic resilience have given rise to variations in the selection and application of protective 

factors, data, and research methods.  

Data 

The examination of 119 studies revealed that a significant proportion of them, namely, 

approximately 31% and 16%, utilized national assessments and ILSAs data, respectively. 

These data sources were found to promote the exploration of school-level factors in the field, 

with the former facilitating the exploration of protective factors across time and the latter 

contributing to the investigation of teaching-related factors. 

Research Methods 

Academic resilience can be operationalized as a continuous, binary, or latent variable, 

with corresponding statistical techniques being linear regression, logistic regression, and 

structural equation modeling. As the research into school-level protective factors continues to 

expand, MLM has become increasingly prevalent. Furthermore, researchers have utilized 

cluster analysis and latent class analysis in this field. 
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In sum, the present review contributes to the extant literature by addressing a research 

gap in the examination of protective factors in education. Moreover, the study establishes a 

connection between protective factors, operationalization, data, and research methods. 

Additionally, this review identified and discussed the challenges and concerns relating to 

these four perspectives in empirical studies. 

5.2 Article 2: Operationalization 

Ye, W., Strietholt, R., & Blömeke, S. (2021). Academic resilience: Underlying norms and 

validity of definitions. Educational Assessment, Evaluation and Accountability, 33(1), 

169-202. https://doi.org/10.1007/s11092-020-09351-7 

Article 2 focused on the operationalization of academic resilience, specifically narrowing 

its focus to the “simultaneous” approach utilized in international studies that employ ILSAs 

data. The historical underpinnings and subsequent evolution of academic resilience have 

traditionally limited its examination to a homogenous context, confined within a particular 

country. Consequently, international investigations into academic resilience encounter diverse 

challenges related to the reliability and validity of the construct. 

In international studies, especially those utilizing ILSAs data, the concept of academic 

resilience is commonly assessed by two primary components: the socio-economic status 

(SES) of students and their academic performance. With the growing recognition of domain-

specific variations in academic resilience, some scholars have employed performance across 

mathematics, science, and reading to identify high-achieving students (Gabrielli et al., 2022). 

However, there has been limited attention given to identifying disadvantaged students. Most 

studies employing ILSAs data have employed a combined SES index to identify 

disadvantaged students, yet the specific components of this composite index remain largely 

unexplored. Furthermore, the thresholds for the two components, namely students’ SES 

backgrounds and performance, have varied across studies, making cross-study comparisons 

challenging. 

This study utilized PISA 2015 data from three diverse economies, namely Norway, Hong 

Kong, and Peru, to address the following research questions: 

1. How large is the group of academically resilient students when different 

conceptualizations of academic resilience are applied? 

2. How do these conceptualizations of academic resilience affect which students are 

classified as academically resilient when it comes to gender and language 

background? 
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3. How are different conceptualizations of academic resilience associated with external 

variables, which can be supposed to assess similar constructs? 

4. Do results change if different indicators of students’ capital (economic, social, and 

cultural) are used? 

In order to identify students who are at risk, four background indicators were employed, 

namely, a composite SES index and economic, social, and cultural capitals. Additionally, two 

thresholds, specifically fixed and relative thresholds, were combined with the students’ 

mathematics performance, resulting in 16 distinct operationalizations. These 

operationalizations were examined in conjunction with two demographic variables, namely 

gender and language, as well as two individual protective factors, namely students’ sense of 

belonging and absence from school. 

This study found that when a fixed background threshold was applied, the classification 

was likely to be affected by the developmental state of a country. Similarly, the classification 

result was substantially influenced by the performance level of the country when a fixed 

performance threshold was implemented. As such, the adoption of fixed thresholds may result 

in over- or under-estimating academically resilient students in certain countries. 

Moreover, the composition of academically resilient students varied significantly by 

gender and language depending on which indicator of human capital or which thresholds were 

applied, reflecting underlying societal characteristics. Conclusions drawn from varying results 

based on diverse conceptualizations and operationalizations would exhibit significant 

variations. Additionally, compared to the application of a social or economic capital indicator, 

applying a cultural capital indicator may lead to lower shares of disadvantaged students 

classified as academically resilient. 

Furthermore, the associations between academic resilience and the two distal factors 

(students’ sense of belonging and absenteeism) exhibited contextual variation. A stronger 

sense of belonging to school significantly increased the chances of being classified as 

academically resilient in Peru, but not in Norway or Hong Kong. Conversely, absenteeism 

was linked to resilience in Norway and Hong Kong, but not in Peru. 

In sum, the present article undertook a comparative analysis of different 

operationalizations and addressed concerns about the thresholds employed in international 

research. By investigating four background indicators, this study has contributed to a better 

comprehension of the impact of multiple capital dimensions on academic resilience in the 

literature. 
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5.3 Article 3: Protective Factors 

Ye, W., Olsen, R. V., & Blömeke, S. (2023). More money does not necessarily help: 

Relations of education expenditure, school characteristics, and academic resilience 

across 36 education systems (under review in the journal of Large-scale Assessments in 

Education) 

Article 3 aimed to investigate the relationship between academic resilience and 

protective factors such as teacher quality, teaching quality, school resources, school climate, 

and education expenditure. Building upon the operationalization of academic resilience 

developed in Article 1, this study aimed to address the under-researched area of classroom-

level factors in the existing literature. Acknowledging the significant influence of classroom-

level factors on students’ learning experiences and academic performance, the research 

utilized data from TIMSS 2019, which encompasses 36 education systems. This study 

specifically emphasized teachers and their instructional practices, extending the analysis 

beyond school-level protective factors. 

Given the inherently limited cluster size of disadvantaged students in ILSAs data, this 

study adopted latent profile analysis (LPA) to identify profiles of school and classroom 

protective factors that contribute to academic resilience. During the process of identifying the 

most appropriate latent profile model, this study took into account the covariances among 

protective factors, which allowed for the consideration of unique characteristics specific to 

each education system. Additionally, this method entails analyzing information across the 36 

educational systems collectively, rather than individually, thereby circumventing substantial 

statistical power loss. 

The present study aimed to address the following inquiries through the utilization of LPA 

in conjunction with a three-step BCH approach: 

1. How many distinct profiles of resilience resources, characterized by teacher quality, 

teaching quality, school climate, and school resources, can be identified in the sample? 

2. Do the profiles of resilience resources exhibit identifiable cultural patterns across 

diverse nations? 

3. To what extent do the identified latent profiles predict academic resilience? 

4. To what extent do the associations between education expenditure as a percentage of 

Gross Domestic Product (GDP) and academic resilience vary across the identified 

profiles? 
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This study identified four resilient resource profiles based on 11 protective factors 

related to teacher quality, teaching quality, school resources, and school climate. The first 

profile, named “Vulnerable,” had the lowest levels of teacher quality, teaching quality, school 

resources, and school climate. The second profile, named “Effective Teaching and Positive 

Climate,” had high levels of teaching quality and school climate. The third profile, named 

“Resource-Heavy, Quality-Light,” had high levels of school resources but low levels of 

teacher and teaching quality. The fourth profile, named “Good Schools,” had high levels of 

teacher quality, teaching quality, school resources, and school climate. 

Further, this study explored the presence of these four profiles within six cultural groups, 

namely, Confucian Asia, Middle East, Post-Soviet, Latin Europe, Anglo, and Nordic 

countries. The majority of the cultural groups examined exhibit a degree of cultural 

similarities, as evidenced by no significant differences in the respective profiles of protective 

factors in five out of twelve Middle Eastern countries, four out of five Confucian Asian 

economies, three out of five Anglo countries, two out of three Nordic countries, and two out 

of six Post-Soviet countries. However, differences are evident within these cultural groups, 

particularly in the Middle East and Post-Soviet countries. This underscores the importance of 

contextual considerations in international studies, as differences appear to be explained by 

variations in economic development. 

Moreover, this study explored the predictive capacity of these four profiles concerning 

academic resilience. Results indicated that students in Profile 4 (“Good Schools”) exhibited 

significantly higher resilience than those in the other three profiles.  

Additionally, this study examined the association between academic resilience and 

education expenditure across these four identified profiles. Results revealed a non-significant 

negative association between education expenditure and academic resilience in Profile 1. In 

contrast, positive associations were observed in the other three profiles, with statistically 

significant relationships found only in Profiles 2 (“Effective Teaching and Positive Climate”) 

and 3 (“Resource-Heavy, Quality-Light”). 

In sum, this paper explored new approaches for assessing academic resilience using 

ILSAs data in international studies. Furthermore, the association between educational 

expenditure and academic resilience has exhibited significant variations contingent upon the 

profiles of protective factors in schools and classrooms, thereby underscoring the relevance of 

contextual influences in exploring academic resilience. 
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6 Discussion and implication 
This doctoral research aimed to explore the operationalization of academic resilience in 

international studies and methods for investigating protective factors using ILSAs data. This 

chapter summarizes how this thesis, including the three articles, has contributed to these two 

aims in terms of theoretical, empirical, and methodological advancements. Next, this chapter 

examines the implications of these findings and highlights the issues that require attention for 

researchers, ILSAs, and policymakers. Finally, this chapter discusses the strengths and 

limitations of using ILSAs data to investigate academic resilience, followed by a brief 

concluding remark. 

6.1 Theoretical, empirical, and methodological 

contributions 

6.1.1 Theoretical contributions  

The systematic review conducted in Article 1 plays a crucial role in contributing to the 

theoretical framework of academic resilience. By synthesizing existing literature and 

examining multiple perspectives, this review contributes to a comprehensive understanding of 

four key areas: (1) the investigation of protective factors that facilitate the development of 

academic resilience, (2) the measurement approaches employed to assess academic resilience, 

(3) the utilization of data sources in studying academic resilience, and (4) the research 

methodologies adopted to explore the intricate relationship between protective factors and 

academic resilience. By encompassing these four perspectives, this review offers an in-depth 

analysis and a holistic view of the multifaceted nature of academic resilience research. 

In Article 2, a thorough examination of various dimensions of family capital was 

conducted. The findings revealed that utilizing cultural capital as a means to identify 

disadvantaged students might result in a decreased representation of academic resilience. 

Additionally, the study identified that the utilization of fixed thresholds could lead to an 

inaccurate estimation of academic resilience, either underestimating or overestimating its 

prevalence across different countries. Through the comparison of coefficients between 

external variables and academic resilience across 16 operationalizations, the study revealed 

minimal significant differences. These findings collectively contribute to the theoretical 

comprehension surrounding the measurement of academic resilience in the context of 

international studies. 
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6.1.2 Empirical contributions  

The empirical studies included in this thesis, namely Articles 2 and 3, built on the 

systematic review in Article 1 to examine academic resilience within the context of 

international studies, employing data from ILSAs. Article 2 focused on issues related to the 

measurement of academic resilience, while Article 3 delved into the exploration of the impact 

of protective factors. 

The most significant challenge encountered when investigating academic resilience 

within international studies revolves around determining the thresholds for risks and positive 

adaptations. Article 2 employed fixed and relative thresholds to analyze their impact on 

academic resilience in international studies. Fixed thresholds involve the application of the 

same cut-off score across educational systems, while relative thresholds involve the 

application of different cut-off scores. The findings indicated that the application of a fixed 

threshold in identifying academically resilient students is influenced by a country’s economic 

development level and academic performance level. As exemplified in Article 2, the 

implementation of a fixed performance threshold results in the identification of 91.85% of 

disadvantaged students who demonstrate academic resilience in the context of Hong Kong. 

Moreover, Article 2 contributed to the existing literature by examining multiple 

dimensions of family background, including a composite SES index, and economic, social, 

and cultural perspectives. The findings indicated that the composition of resilient students 

varies when employing different background indicators as indicators of adversity, 

emphasizing the importance of the nature and composition of the SES index in academic 

resilience research. Specifically, the study revealed that the inclusion of cultural background 

indicators may lead to a decrease in the proportion of students classified as academically 

resilient.  

Article 3 mainly addressed issues relating to the influence of protective factors on 

academic resilience. To underscore the significance of the classroom environment, Article 3 

examined protective factors pertaining to school climate, school resources, teacher quality, 

and teaching quality. Given the exploration of academic resilience in countries with 

comparable cultural backgrounds by several scholars, Article 3 conducted a further 

investigation into the commonalities and distinctions among six cultural groups. This 

examination resulted in the identification of both similarities and differences. 

Based on previous findings on the influence of education expenditures on academic 

resilience (Agasisti et al, 2018), Article 3 further explored this relationship through the 
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profiles of resilience resources. Consistent with prior research, the results demonstrated that 

students attending schools characterized by relatively high levels of school and classroom 

protective factors are more likely to exhibit resilience. In schools with comparatively lower 

levels of teacher quality and school climate, education expenditure demonstrated a significant 

association with academic resilience. Moreover, the analyses suggest that for schools with the 

lowest levels of school climate, school resources, teacher quality, and teaching quality, 

education expenditure failed to predict academic resilience. 

6.1.3 Methodological contributions 

Article 3 focused on the methodological challenges associated with the two most 

prevalent approaches used in international studies, namely, the aggregated trend analysis and 

country-specific analysis. The former approach overlooks country-specific information, 

whereas the latter may fail to yield significant findings due to inadequate statistical power. 

Similar to previous studies, Article 3 examined numerous protective factors and encompassed 

a wide range of countries with diverse characteristics. However, Article 3 differed from 

previous studies by identifying latent profiles with 11 protective factors related to schools and 

classrooms across 36 education systems. In the process of model identification, the 

covariances among these 11 indicators were taken into account, which considered the unique 

characteristics of each education system. After identifying the number of latent profiles, they 

were associated with a covariate (education expenditure) and the distal outcome (academic 

resilience) using a three-step BCH method. This approach was employed to avoid the loss of 

statistical power and did not require the division of the data into country-specific datasets. 

6.2 Implications for researchers, ILSAs, and policymakers 

6.2.1 Implications for researchers 

Simultaneous and progressive operationalizations 

The majority of studies utilizing ILSAs data have employed simultaneous 

operationalization to define academic resilience. Although assessed at the same time point, 

students’ SES backgrounds are typically antecedent to their performance on ILSAs. However, 

under circumstances where other factors, such as academic setbacks like absenteeism, are 

regarded as risks, a progressive operationalization may offer greater efficacy. Nonetheless, the 

employment of a cross-sectional design poses a formidable challenge in disentangling risk 

and outcome at distinct time points.  
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One potential strategy to tackle this issue involves utilizing national assessments that are 

associated with ILSAs. As an example, Thiessen (2008) specified that students at risk are 

those who demonstrated low reading performance in PISA 2000. Thiessen (2008) then used 

data from the Canadian longitudinal Youth in Transition Survey, which is an extension of 

PISA 2000, to assess positive adaptations based on the students’ academic achievements four 

years later. This approach allows for the definition of risk at an early stage, thereby 

facilitating the exploration of how protective factors influence outcomes over time. 

Another alternative approach to operating academic resilience as a progressive procedure 

is to adopt a national perspective, as demonstrated by Agasisti and Longobardi (2014a), which 

involves examining the prevalence of academically resilient students across countries or 

periods. For ILSAs that incorporate a time-lagged cross-sectional design design, such as 

TIMSS, it is feasible to investigate protective factors related to the presence of academic 

resilience, both in fourth-grade students and in those who have progressed to eighth-grade, 

over a four-year period. 

Risks from multiple perspectives 

Article 2 found that when cultural capital indicators are used to identify disadvantaged 

students, the likelihood of finding resilient students is lower compared to other indicators. 

Therefore, further investigation is necessary to better understand how cultural capital affects 

the probability of being resilient. 

Given that some ILSAs may lack information on students’ family backgrounds, a 

possible strategy to uncover the multiple dimensions of family-related risks is to utilize local 

datasets from government agencies. This would necessitate linking the ILSAs data with the 

local database. For instance, Fantuzzo et al. (2012) demonstrated the feasibility of this 

strategy by linking students’ academic achievement data obtained from national assessments 

to the risk factors of child maltreatment and homelessness, which were sourced from the 

Department of Human Services and the Office of Supportive Housing in the United States, 

respectively. 

An alternative strategy involves targeting the ILSAs participating countries that exhibit 

comparatively lower levels of missing data related to students’ family backgrounds. 

Specifically, this approach may prioritize economies from East Asia, as they exhibit relatively 

high response rates for both students and their families (Lam & Zhou, 2021). 

Moreover, an investigation of risks encountered in educational settings can enhance a 

holistic comprehension of academic resilience. Nevertheless, it is noteworthy that the 
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effectiveness of protective factors in mitigating the impact of a risk factor, such as school 

absenteeism, may require a considerable amount of time. Consequently, utilizing a 

simultaneous operationalization approach, which evaluates both the exposure to risks and 

positive adaptation simultaneously, may not be optimal for this research design. 

Application of plausible values 

Despite the inconsistent application of plausible values in resilience studies, a majority of 

scholars have acknowledged the significance of utilizing them appropriately. Resilience 

studies typically involve the conversion of plausible values into binary format and the 

subsequent utilization of such transformed binary data for analysis. Articles 2 and 3 

incorporated all plausible values in their respective analyses, and the coefficients derived from 

all plausible values and each individual value were frequently comparable. 

However, it is noteworthy that the impact of converting continuous data into binary 

format on the outcome of the analysis is not yet fully comprehended. Therefore, future 

investigations are recommended to delve into these differences in more detail. 

Context considerations for performance 

The majority of resilience studies have adopted a context-specific approach in 

identifying students who are at risk across various nations. However, in the case of defining 

high-achieving students, country-specific characteristics have received comparatively less 

attention. One potential explanation for this phenomenon is the provision of a performance 

benchmark, denoting a specific level of proficiency for students, by many ILSAs such as 

PISA and TIMSS. For example, several scholars in the field have utilized PISA level 3 

(representing moderate proficiency) and TIMSS score 475 (an intermediate international 

benchmark) to identify resilient students (Erberer et al., 2015; OECD, 2011). The levels of 

proficiency, however, are derived from the aggregate performance of all participants, and thus 

may not provide a precise indication of moderate proficiency within a specific country.  

More specifically, the academic performance of disadvantaged students is crucial in 

determining their future success, including but not limited to, attending college, participating 

in job marketing, and breaking the cycle of poverty or adversity. It is worth noting that, even 

if a student’s academic performance is comparatively lower than that of students in high-

achieving countries, the student is more likely to succeed if her performance is better than her 

peers within the country. Therefore, it is crucial to consider the local context when setting 

academic standards to ensure a fair evaluation of the academic achievements of disadvantaged 

students within their country. 
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While current studies typically use a top 1/3 or 1/4 threshold in performance to identify 

high-achievers, future studies could consider country-specific information, such as the 

percentage of students attending university or participating in the job market, to determine 

appropriate cut-off values. Additionally, researchers could take into account the coverage rate 

of the target-aged population by the assessment as another relevant factor. 

MLM stepwise approach 

The MLM stepwise approach, although commonly used in international resilience 

studies, is constrained by two inherent issues: the inability to account for country-specific 

interactions and the small cluster size of disadvantaged students. The application of the MLM 

stepwise approach to pooled data from various countries may not account for country-specific 

considerations. Conversely, the application of multilevel models to each country is beset by 

reduced statistical power and model-fitting difficulties such as convergence.  

One potential remedy for the issue of limited cluster size is to augment the number of 

clusters, consequently bolstering the statistical power. A possible approach to achieve this is 

to pool data from multiple ILSAs cycles for each country, such as utilizing PISA data from 

2015 and 2018. Nevertheless, it should be noted that this strategy has a drawback. 

Specifically, the accumulation of heterogeneous information during different ILSAs cycles, 

including shifts in education reform and policies, may obscure the associations between 

protective factors and academic resilience. 

In future research investigating academic resilience using the MLM stepwise approach, it 

is recommended to apply it in a homogenous context with adequate statistical power, such as 

a large number of reasonably sized clusters. When using this approach to investigate 

academic resilience across nations, it is advisable to expand the scope of discussion beyond 

significant results and consider the direction of the relationships between protective factors 

and academic resilience. 

A potential application of the MLM stepwise approach is to investigate the interactions 

between individuals and their context, such as students’ motivation and teachers’ 

expectations. Despite the growing attention to malleable factors associated with schools and 

classrooms, limited studies have examined the interactions between individuals and their 

context. The MLM stepwise approach can provide a promising solution for addressing such 

research questions. 

LCA three-Step approach 
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The latent class analysis represents a viable alternative methodology for investigating 

protective factors in international research. Through this approach, it becomes feasible to 

identify latent classes of resources that promote resilience, including individual psychological 

factors, school resources and climate, as well as teacher and teaching-related factors. By 

utilizing a three-step approach, these identified classes can be analyzed in relation to external 

variables, such as demographic factors (i.e., gender), contextual factors (i.e. school location), 

and academic outcomes (i.e., student achievement). 

Nevertheless, the LCA three-step approach is associated with two primary issues. Firstly, 

although it is possible to establish the connection between external variables and identified 

latent classes, it is not possible to scrutinize the relationship between external variables and 

latent class indicator variables. Secondly, the application of the LCA three-step approach in a 

multilevel context necessitates further development in statistical modeling and empirical 

studies. The three-step method employs average classification error rather than individual 

classification error, which may result in potential shifting in class membership during the final 

stage. The BCH method, as an extension of the three-step approach, addresses the 

classification error issues related to class membership changes. Both the three-step and BCH 

methods were utilized in the preliminary analysis for Article 3. However, considering that 

Profile 1 has a small size and differs significantly from the other three profiles in terms of its 

relationship with external variables, the BCH method produced more consistent results across 

five plausible values than the three-step method. Nonetheless, the BCH approach in the Mplus 

setting is not compatible with multilevel design, despite accommodating cluster 

considerations. As a result, with currently available techniques, it is possible to consider no 

more than two levels of hierarchical structures in the BCH method within the Mplus setting. 

6.2.2 Implications for ILSAs 

Academic resilience is typically not directly assessed in studies utilizing ILSA data. 

Instead, it is inferred through the combination of risk factors and positive adaptations. 

Protective factors, such as student motivation, parental support, and school climate, are often 

considered elements that aid disadvantaged students in achieving better academic 

performance. However, this approach fails to fully acknowledge that some students may 

possess stronger inherent characteristics than others, enabling them to bounce back more 

effectively in the face of difficulties. Consequently, the current research approach in ILSAs 

overlooks a crucial piece of information: the interplay of various personal characteristics as an 

internal source of resilience in academic settings. Moreover, this internal resilience can be 
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nurtured by external factors, including parental care, teacher support, and friendships. The 

recognition and identification of this inner power not only contribute to a more 

comprehensive understanding of the underlying mechanisms between protective factors but 

also serve as a foundation for cultivating academic resilience.  

Academic resilience encompasses two aspects: firstly, it denotes the individual student’s 

ability to achieve academic success despite adversity; secondly, it pertains to the contextual 

capacity to facilitate students’ resilience and recovery. Considering these dual dimensions, 

adopting multiple perspectives on academic resilience can yield a richer and more 

comprehensive understanding of the field. 

Self-report surveys allow students to articulate their own experiences, perspectives, and 

opinions. These first-person accounts offer valuable insights into the individual circumstances 

of students, encompassing both the challenges they encounter (risk factors) and the resources 

and support systems that aid in their coping mechanisms (protective factors). Given that 

students themselves directly experience resilience (or the absence thereof), their viewpoints 

hold immense significance in comprehending this intricate construct. Hence, it is 

recommended to incorporate items and measures specifically designed to assess students’ 

academic resilience within the framework of ILSAs. Moreover, the incorporation of resilience 

items within ILSAs can effectively tackle prevailing issues, such as the limited cluster size of 

disadvantaged students and the inherent challenges in conducting international comparisons 

across diverse countries. 

6.2.3 Implications for policymakers 

This thesis presents a comprehensive exploration of critical factors that contribute to 

academic resilience among students, with a specific focus on modifiable elements within 

educational settings that can be influenced through educational policies. However, empirical 

studies conducted in this thesis indicate that a uniform approach may not effectively enhance 

academic resilience in all countries. For instance, findings from Article 2 reveal that the 

associations between academic resilience and students’ sense of belonging and school 

attendance vary across different countries. Likewise, Article 3 demonstrates that simply 

increasing education expenditure in schools with ample resources may not lead to significant 

improvements in academic resilience. 

Hence, it is imperative for policymakers to acknowledge that promoting academic 

resilience necessitates a comprehensive and nuanced approach, considering the specific 

contextual factors at play. By implementing evidence-based policies and targeted 
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interventions tailored to the distinct needs of each educational setting, we can foster a resilient 

learning environment that empowers students to overcome challenges and unlock their full 

potential. It is crucial to recognize that the effectiveness of these interventions may vary 

across countries and educational contexts. Therefore, policymakers should employ a 

contextualized approach that takes into account the unique characteristics and challenges of 

each educational system. By doing so, we can enhance academic resilience and create a 

supportive and conducive educational environment that fosters optimal student development 

and success. 

6.3 Strengths and limitations of using ILSAs data to 

investigate academic resilience 

The utilization of ILSAs data provides significant advantages in the exploration of 

academic resilience. ILSAs encompass a wide range of countries and student populations, 

thus yielding a comprehensive and diverse dataset that includes contextual information. The 

standardized nature of these assessments facilitates rigorous comparisons across countries, 

regions, and demographic groups. By conducting regular assessments at defined intervals, 

such as PISA and TIMSS, it becomes feasible to track trends over time and examine the 

dynamics of resilience and changes in educational outcomes. Additionally, ILSAs encompass 

multifaceted evaluations of student knowledge, skills, dispositions, and learning activities. 

This comprehensive data collection enables the identification of resilience patterns among 

disadvantaged students within specific countries or regions, thereby potentially uncovering 

effective practices that can be replicated in or modified to fit other settings. Consequently, the 

utilization of ILSAs data offers a robust framework for comprehending and fostering 

academic resilience on a global scale. 

However, the use of ILSAs data for investigating academic resilience is not without its 

limitations. One key drawback is that not all students or schools participate in these 

assessments, leading to potential sample biases. As a result, the samples may not fully 

represent the diverse circumstances and backgrounds of all disadvantaged students within a 

country. While these assessments provide valuable insights into academic resilience, they may 

not capture other important dimensions of resilience, such as emotional or social resilience, 

which are integral to a holistic understanding of student well-being. Additionally, ILSAs 

primarily offer averages and general trends, which may not adequately capture the nuanced 

systemic inequities present within individual nations’ educational systems. For instance, a 

country with a high proportion of resilient students may suggest a favorable overall resilience 
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rate, but this might obscure significant disparities between different regions or between rural 

and urban schools. It is crucial to recognize and consider these limitations when utilizing 

ILSAs data for investigating academic resilience, as they can impact the comprehensive 

understanding and targeted support for resilient students. 

6.4 Concluding remarks 

Since the 2010s, there has been a significant increase in the use of ILSAs data in 

resilience studies, specifically in international research. However, the development of 

academic resilience from a homogeneous to a heterogeneous context has raised two issues 

related to operationalization and methods. The primary objective of this thesis was to address 

these issues by developing appropriate operationalizations of academic resilience for 

international studies and statistical methods for exploring protective factors.  

Regarding the operationalization of academic resilience, this thesis recommended taking 

into account contextual features when defining risk and positive adaptations. In addition, this 

thesis addressed methodological challenges, including the decreased statistical power 

resulting from small cluster sizes, the consideration of level-specific responses from multiple 

informants, and the testing of measurement invariance. Appropriate applications of weights 

and plausible values were also discussed. Furthermore, this thesis introduced new methods to 

explore protective factors and academic resilience, such as the use of LPA with a three-step 

BCH method. 

In summary, this thesis emphasized the significance of accounting for context-specific 

features in investigating academic resilience in international studies, including both 

operationalization and methodology. 
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Abstract
Academic resilience refers to students’ capacity to perform highly despite a disadvan-
taged background. Although most studies using international large-scale assessment
(ILSA) data defined academic resilience with two criteria, student background and
achievement, their conceptualizations and operationalizations varied substantially. In a
systematic review, we identified 20 ILSA studies applying different criteria, different
approaches to setting thresholds (the same fixed ones across countries or relative
country-specific ones), and different threshold levels. Our study on the validity of
these differences and how they affected the composition of academically resilient
students revealed that the classification depended heavily on the threshold applied.
When a fixed background threshold was applied, the classification was likely to be
affected by the developmental state of a country. This could result in an overestimation
of the proportions of academically resilient students in some countries while an
underestimation in others. Furthermore, compared to the application of a social or
economic capital indication, applying a cultural capital indicator may lead to lower
shares of disadvantaged students classified as academically resilient. The composition
of academically resilient students varied significantly by gender and language depend-
ing on which indicator of human capital or which thresholds were applied reflecting
underlying societal characteristics. Conclusions drawn from such different results
depending on the specific conceptualizations and operationalizations would vary great-
ly. Finally, our study utilizing PISA 2015 data from three countries representing diverse
cultures and performance levels revealed that a stronger sense of belonging to a school
significantly increased the chances to be classified as academically resilient in Peru, but
not in Norway or Hong Kong. In contrast, absence from school was significantly
associated with academic resilience in Norway and Hong Kong, but not in Peru.

Keywords International large-scale assessments .Educational inequality .Humancapital .

Student achievement . Socio-economic background . Systematic review

1 Introduction

Resilience refers to successful adaption to situations despite risks that put someone at a
disadvantage or adversity (Ungar 2005; Windle et al. 2011). In line with this general
definition, academic resilience refers to the capacity of students to perform well in
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school despite a disadvantaged background (OECD 2011) or more precisely the
heightened likelihood of success in school despite environmental adversities brought
about by early traits, conditions, and experiences (Wang et al. 1994).

Since minimizing the influence of students’ background on the outcomes of school-
ing is a central topic for accomplishing equity in education, a better understanding of
academic resilience may help policymakers and educators to support students from a
disadvantaged background in improving their academic performance. However, differ-
ent conceptualizations of academic resilience may result in conflicting conclusions. It is
therefore crucial to ensure the validity of a definition.

Studies on academic resilience typically employ some operationalization of socio-
economic status (SES) as an indicator of students’ risk or adversity, and they use some
type of educational outcome as an indicator of positive adaptation (Tudor and Spray
2017). Thresholds are usually used to combine continuous SES and outcome measures
into a binary variable that indicates academic resilience or non-resilience.

In the context of international large-scale assessments (ILSAs), most studies adopted
a composite SES index to operationalize students’ background. General problems such
as missing data or questionable comparability of this index across countries
(Watermann et al. 2016), are specifically related to the conceptualization of academic
resilience: A composite SES index treats student background as one-dimensional. Thus
analyses based on such an index do not reveal the potential relevance of different SES
components. Furthermore, studies applied different thresholds to define a disadvan-
taged background (and also to what it means to perform well). Whereas some studies
used the same fixed thresholds for all countries included in their study, others used
relative thresholds derived from the data within each country. The evidence supporting
the validity of these decisions was often quite limited.

Since the measurement of academic resilience is inherently influenced by defini-
tional issues, this study sought to examine the validity of different conceptualizations of
academic resilience and how these affect the composition of academically resilient
students. For this purpose, three countries were selected representing diverse cultures
and performance levels (Norway, Peru, and Hong Kong). Student performance in
science was used as an indicator of educational outcomes.

Besides the common composite SES index also used in other studies, three specific
background indicators representing different dimensions of SES (economic, cultural,
and social) were adopted to operationalize student background. Two types of thresholds
(the same fixed and relative within-country thresholds) were applied to define a
disadvantaged student background or high performance. Thus, in total, sixteen con-
ceptualizations of academic resilience were examined on their validity, with four
background indicators and two types of thresholds.

To illustrate how many and which students were classified as academically resilient,
we selected two individual student characteristics (gender and language spoken at
home). As validity measures, we selected two school-related characteristics (sense of
belonging and absence from school) that can be supposed to assess similar concepts.
This study examined their concurrent validity by comparing the relations of these
external constructs to the different conceptualizations of academic resilience.

The paper is organized as follows. Firstly, a conceptual framework is developed that
distinguishes between different ways to define academic resilience, including their under-
lying norms. Secondly, an overview of the literature about academic resilience is provided,
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in particular in the context of ILSAs. Research gaps and the research questions examined in
this paper are presented thereafter. Thirdly, a methods section follows that provides
information about the data and variables used and the analyses applied, results are presented
after that. Finally, the paper concludes with a summary and a discussion of implications.

1.1 Conceptual framework: criteria of academic resilience and underlying norms

1.1.1 Resilience and academic resilience

Research on resilience in the behavioral sciences began to emerge around 1970. Since
the mid-1980s, an increasing number of researchers from different disciplines (e.g.,
child development, pediatrics, psychology, psychiatry, and sociology) have published
findings from studies on children who were successful in life despite adverse childhood
environments (Werner 2000). The theoretical development about resilience has went
through four waves: (1) identifying resilient qualities, (2) uncovering the resilience
process, (3) promoting resilience through prevention and intervention, and (4) focusing
on the dynamics of adaptation and change (Masten 2007). The latter means that
resilience may vary across contexts and over time (Tudor and Spray 2017).

Although there is no universal definition for resilience across the different disci-
plines examining this phenomenon, most definitions are based around two core
concepts: adversity and positive adaptation (Windle 2011). Correspondingly, in the
context of schooling, academic resilience is defined by some measure of adversity in
terms of early traits, conditions and experiences and by some measure of increased
likelihood to succeed in school (Wang et al. 1994).

1.1.2 Measuring adversity: composite vs. distinct measures of student background

From a theoretical point of view, it is possible to distinguish between different
dimensions (e.g., education, social status, and wealth) of an individual’s background
that may predefine his or her chances later in life. In major theories, the effects of social
background on student outcomes are therefore conceptualized not only as a conse-
quence of material possessions but also based on social and cultural practices (Bourdieu
1986). According to Bourdieu’s capital theory (1986), individuals process economic,
cultural, and social capital such as monetary resources, cultural possessions, and social
relationships. These three types of capital can be distinguished, and each of them can be
used for the accumulation of other types of capital.

Academic resilience studies typically use a composite index that covers several of
these background dimensions. For example, the composite SES index of the PISA
studies, economic, social, and cultural status (ESCS), includes parents’ occupation,
parents’ education, and home resources (OECD 2017). Although the ESCS covers two
of the three Bourdieu dimensions of capital, it is treated as a one-dimensional measure.
Consequently, analyses conducted with this index cannot reveal the relevance of the
different SES subdimensions for being academically resilient.

Studies on academic resilience using International Association for the Evaluation of
Educational Achievement (IEA) data, for example TIMSS 2015, usually use the Home
Educational Resources (HER) index, which is based on parents’ education, the number
of books at home, and home study support (Mullis and Martin 2013). It is therefore
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mostly a measure of students’ cultural capital. Parents’ occupation status as an indicator
of students’ economic capital was not included in the HER index, but was a part of
another SES index for Grade four students, Home Resources for Learning (HRL).

Since the measurement of academic resilience is inherently influenced by conceptual
issues (Windle et al. 2011), including alternative measures of social, cultural, and
economic capital in the definition may shed light on how these dimensions of social
background affect the results (Watermann et al. 2016). The present study follows this
idea and assesses adversity with both composite and distinct measures.

A specific challenge is that the differences between countries make it challenging to
use the same background measures to study academic resilience across countries
(Coronado-Hijón 2017). For example, owning a car is often used as one indicator of
student background, but this may have different meanings in economically developed
and developing countries. Some of the measures used in the present study address this
challenge; we will examine this issue further in the discussion.

1.1.3 Measuring positive adaptation: selecting an Indicator of student outcome

Educational outcomes can be distinguished into cognitive and non-cognitive (Heckman
et al. 2006). Unlike resilience studies in psychology, non-cognitive outcomes were
rarely used to measure positive adaptation in education (Tudor and Spray 2017). Non-
cognitive skills like self-efficacy or educational aspiration were merely regarded as
protective factors promoting academic resilience, or as outcomes of being resilient
(OECD 2018). As a result, these studies tended to use cognitive outcomes, especially
test scores to measure positive adaptation.

Test scores stem either from one or several subject domains. In case of using one
subject domain, most studies focused on reading, mathematics, or science. These
domains were regarded as providing fundamental skills needed for further education
or success in the labor market (OECD 2018). Thus, one purpose of these studies was to
shed light on the competitiveness of a country.

Considering that positive adaptation may vary by domain, some studies used data
from different domains. OECD (2011) found students who showed positive adaptation
in science did usually so also in mathematics or/and reading. However, other studies
found that positive adaptation in one domain was not necessarily associated with
positive adaptation in other domains. Therefore, they defined resilience as a character-
istic across domains, for example, by showing positive adaptation in reading, mathe-
matics, and sciences (Agasisti et al. 2018).

As previously stated, studies using cognitive skills to operationalize positive adaptation
usually treated traits like anxiety, motivation, or engagement as predictors or outcomes
associated with resilience due to bidirectional developmental processes (Coronado-Hijón
2017). Therefore, some educational researchers recently also began to use non-cognitive
outcomes to assess positive adaptation in resilience studies (OECD 2018).

1.1.4 Thresholds for adversity and positive adaptation: cross-country vs.
within-country

Despite decisions on selecting indicators of adversity and positive adaption, another
step in conceptualizing academic resilience is to decide about the thresholds, which
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define a “disadvantaged” background (adversity) or “high” performance (positive
adaptation). These decisions vary substantially across studies. One core distinction is
between “fixed” and “relative” thresholds.“Fixed” means that the same threshold is
applied across countries, whereas “relative” means that based on within-country data,
different thresholds are used for different countries.

Using fixed thresholds stresses an international perspective where direct cross-
country comparisons are at the forefront. In this perspective, the proportion of the
resilient student is regarded as an indicator for quality and equity of education systems
(Erberer et al. 2015; OECD 2011). Using relative thresholds means to define academic
resilience from a national perspective, provides important insights on policy levers that
are associated with resilience within different education systems (OECD 2011). When
relative thresholds were applied, for example, successful disadvantaged students in one
country may be classified as poor performing in other contexts.

A similar distinction as the one between fixed and relative thresholds is frequently
made in the research on poverty that differentiates between absolute and relative
poverty (Hagenaars and De Vos 1988). Research on academic resilience is more
complex because it combines information from two criteria, student background and
educational outcome. Therefore, we need to distinguish between four possible ap-
proaches to define academic resilience: (1) a fixed threshold for background and a
fixed threshold for outcome; (2) a fixed threshold for background but a relative
threshold for outcome; (3) a relative threshold for background but a fixed threshold
for outcome; and (4) a relative threshold for background and a relative threshold for
outcome. Several cutoff values (e.g. 20%, 25%, or 33%) were used to define thresholds
in many studies; considering the economic and performance differences among our
three samples, cutoff value 33% was adopted to have more students for analysis.
Details are reported below.

1.2 State of research

1.2.1 Overview about academic resilience studies in international large-scale
assessments

Since ILSAs have facilitated cross-country analyses of student achievement and its
predictors, there is an increasing number of studies using data from ILSAs to investi-
gate how individual and institutional features are related to academic resilience
(Gonzalez and Padilla 1997; Martin and Marsh 2006; Sandoval-Hernández and
Bialowolski 2016). To summarize the state of research, a systematic literature search
in Web of Science, ERIC, and Google Scholar was carried out in July 2019. The search
was built around four groups of key words: education (e.g., academic), resilience (e.g.,
resilient, buoyance), measurement (e.g., scale), and ILSA (e.g., PISA). The search was
limited to English-language publications and revealed about 20 studies directly related
to our topic (see Table 1). They applied a broad range of different criteria, different
approaches to setting thresholds, and different threshold levels.

Table 1 shows the different operationalizations, which were grouped according to
the four approaches to set thresholds explained above. As the overview reveals, most
studies used Organization for Economic Co-operation and Development (OECD) data
rather than IEA data. One reason could be the tremendous influence of PISA (Meyer
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et al. 2017), another possible reason could be the missing data problem on student
background indicators in IEA data (Broer et al. 2019). Therefore, studies using IEA
data to explore academic resilience often either adopted a self-developed SES index
(García-Crespo et al. 2019) or focused on selected countries with enough SES infor-
mation (Cheung 2017; Erberer et al. 2015).

We will next review the ILSA research on academic resilience with respect to the
conceptualizations and operationalizations used (see Table 1). For substantive results of
these studies, please see the last column in this table.

1.2.2 Fixed background and fixed outcome thresholds

We identified three studies that used fixed thresholds to define both disadvantage and
positive adaptation across different countries. Erberer et al. (2015) examined how prevalent
academic resilience was across education systems and which protective factors could be
identified. Their study used TIMSS 2011 data and adopted the composite Home Educa-
tional Resources (HER) index as a family SES measure. The authors classified a student as
disadvantaged by applying a fixed threshold (a score ≤ 7.3 on the HER scale). Meanwhile,
the authors used the so-called TIMSS International Intermediate Benchmark of Mathemat-
ics (students that reached this benchmark can apply basic mathematical knowledge in
simple situations) as a threshold (a score ≥ 475) to define positive adaptation.

Sandoval-Hernández and Bialowolski (2016) adopted Erberer et al.’s (2015)
method, and applied the definition to TIMSS 2011 data from five Asian education
systems. Frempong et al. (2016) also followed this procedure and applied the definition
to TIMSS 2011 data from South Africa. Frempong et al. did not adopt the HER index
but calculated student SES index based on 18 assets listed in the student questionnaire.

In these three studies, the fixed thresholds for achievement to define positive
adaptation were set either around the international (Erberer et al. 2015; Sandoval-
Hernández and Bialowolski 2016) or the national mean (Frempong et al. 2016).

1.2.3 Fixed background and relative outcome thresholds

Our systematic review revealed only one study that adopted a fixed threshold to define
adversity and a relative threshold to define positive adaptation. Sandoval-Hernández
and Cortés (2012) applied the concept of academic resilience to Progress in Interna-
tional Reading Literacy Study (PIRLS) 2006 data. Since PIRLS 2006 does not provide
a composite SES index (Mullis et al. 2004), authors followed Caro and Cortés’s method
(2012) and calculated an index based on parents’ education, parents’ occupation status,
and home possessions. Considering measurement invariance, authors restricted their
analysis to a cluster of countries with a comparable SES index. Disadvantaged back-
ground was defined by adopting a fixed SES threshold which was the 20th percentile of
the index in the pooled data of all countries in the cluster. Positive adaptation was
defined by a relative threshold which was the 80th percentile in each country.

1.2.4 Relative background and fixed outcome thresholds

Within this approach to define academic resilience, a methodological difference was
found how to use the thresholds set. These were either used directly as in the studies
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described above or each disadvantaged student’s performance was compared with the
performance predicted by the average relationship among students from similar SES
backgrounds across countries. The difference between these two was called a student’s
“residual” performance. Furthermore, within this group of studies, one of them used
non-cognitive skills as an indicator of educational outcomes, and two of them used an
across-domain operationalization of educational outcomes.

Direct threshold approaches OECD (2011) adopted the composite index ESCS and
defined disadvantaged students by a relative background threshold (bottom 1/3 of
ESCS within each country), whereas positive adaptation was defined by a fixed
threshold (top 1/3 of students’ performance across countries). OECD (2017) narrowed
both thresholds down by defining academically resilient students as those who were in
the bottom 1/4 of ESCS within each country and performed in the top 1/4 of students
across all participating education systems. OECD (2018) adopted the same
operationalization.

García-Crespo et al. (2019) explored predicting factors of academic resilience in
reading literacy at Grade four, using PIRLS 2016 data from European Union member
countries. The authors caculated their own Social, Economic, and Cultural Index
(SECI) to measure student SES, based on home possession, number of books in the
home, the highest academic qualifications of the parents, and the highest level of
employment of the parents. Students in the bottom 25% of the SECI within each
country, with a performance in the top 25% across the participating EU countries, were
considered to be academically resilient.

Residual methods to calculate thresholds OECD (2010) defined disadvantaged stu-
dents as those in the bottom 1/4 of ESCS within each country, while disadvantaged
students in the top 1/4 of residual performance across countries were classified as
academically resilient.

Several studies adopted this residual method, although OECD (2011) itself adopted
new methods in its later studies (OECD 2018). Cheung et al. (2014) applied the
residual method to PISA 2009 data from four East Asian economies in reading literacy.
Academically resilient students were defined as those in the bottom 1/4 of ESCS within
each country who achieved the top 1/4 residual performance across countries. Cheung
(2017) applied the same definition to PISA 2012 data and examined academic
resilience in mathematics, and also focused on a cluster of East Asian education
systems.

Agasisti and Longobardi (2014, 2017) put special emphasis on disadvantaged
students in disadvantaged schools and applied their definition to a group of Euro-
pean countries. The authors firstly selected schools among the 1/3 bottom of ESCS
within each country based on the aggregated school ESCS average. From these
schools, they selected those students who were in the 1/3 bottom of ESCS within
the country. Resilient students were defined as disadvantaged students from disad-
vantaged schools who have a residual performance among the top 1/3 across
countries.

Studies in this group usually focused on a cluster of countries with comparable
economic and cultural backgrounds, because the strength between SES and perfor-
mance varied across countries.
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Across-domain operationalization of educational outcomes The studies mentioned
above included only one domain (reading, science, or mathematics) as an indicator of
positive adaptation. Agasisti et al. (2018) were the first to examine academic resilience
across the three core domains in PISA—reading, mathematics, and science. Academ-
ically resilient students were defined as those among the bottom 1/4 of ESCS within
each country, who performed at or above Proficiency Level 3 (i.e., one above the
baseline level of proficiency needed to participate in society) in all three PISA domains.
OECD (2018) adopted the same operationalization.

Outcome definition including non-cognitive characteristics Most studies in the ILSA
context used cognitive outcomes (e.g., school achievement) to define positive adapta-
tion, whereas non-cognitive skills (e.g., motivation) were treated as protective factors
rather than indicators of positive adaptation. OECD (2018) examined for the first time
non-cognitive outcomes and defined resilience in a non-cognitive way. Disadvantaged
students from the bottom 1/4 of the ESCS distribution within each country were
considered to be “socially and emotionally resilient”, if they were satisfied with their
life, felt socially integrated at school, and did not suffer from test anxiety (OECD
2018). When this definition was applied, lower shares of resilient students were found
in the top-performing Asian educational systems than with the application of a cogni-
tive outcome definition.

1.2.5 Relative background and relative outcome thresholds

Our systematic review identified four studies applying relative thresholds to defining
both adversity and positive adaptations. As OECD (2011) mentioned, the purpose was
to support policy makers and stakeholders with knowledge about how to foster resil-
ience within their education systems. Disadvantaged students were defined by a relative
threshold (bottom 1/3 of ESCS within each country), and the threshold for performance
was also set as a relative one (top 1/3 within each country). Karklina (2012) used the
same operationalization with PISA 2006 data from Latvia. Aydiner and Kalender (2015)
adopted this approach as well but changed the cutoff values for thresholds—bottom 1/4
ESCS within a country for the background threshold and top 1/4 among the disadvan-
taged students within a country for the performance threshold. OECD (2018) followed
this approach in its study about resilience from a national perspective and classified
students from the bottom 1/4 of the ESCS distribution within each country and a
performance among the top 1/4 of science within each country as resilient.

1.3 Does the conceptualization of academic resilience matter: a question of validity

In summary, validity may be defined as the extent to which we can back up the
inferences drawn from an assessment by arguments based on evidence (Kane et al.
2005). The present study investigates the criterion validity of different conceptualiza-
tions of academic resilience, which means their relation to external criteria. Concurrent
validity, where both the actual construct and the criterion measures are supposed to
assess the same underlying trait and are collected at the same time, is a core dimension
of criterion validity (Cohen and Swerdlik 2018).
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Concurrent validity is demonstrated when a measure is positively or negatively
correlated with another relevant measure as hypothesized, or when a new measure is
associated with one that was already considered valid (Fink 2010). Two external
criteria that should be strongly associated with academic resilience were applied,
namely sense of belonging (positively) and absence from class (negatively), both of
which have been identified in the literature as predictors of academic resilience
(Sandoval-Hernández and Bialowolski 2016; Tommaso et al. 2018). A sense of
belonging influences student outcomes via its effects on motivation and engagement,
which were considered predictors of academic resilience in many studies (Aydiner and
Kalender 2015; OECD 2011). Similarly, studies revealed that students who did not
frequently skip class were more likely to be resilient (OECD 2018). The purpose of our
study is to examine whether the strength of these relations varied by conceptualization
of resilience.

Furthermore, we applied two background characteristics often used in the literature
to describe the groups of students classified as academically resilient, namely gender
and the language spoken at home (Cheung et al. 2014; OECD 2011) with the purpose
to see how the group compositions changes depending on the conceptualization.

The aim of our study is to examine how different conceptualizations of academic
resilience affect which students (gender and language) are classified as resilient, and to
what extent the conceptualizations correspond with the two external criteria (sense of
belonging and absence from school). Furthermore, given that the operationalization of
student background may be affected by cultural differences and student performance
varies substantially across countries, we examined concurrent validity for countries
representing different cultures and performance levels.

2 The present study

As illustrated, four different approaches were applied to conceptualize academic
resilience, either by using fixed or relative thresholds with respect to defining a
disadvantaged student background or a strong educational outcome (positive adapta-
tion). How the different approaches work empirically is largely an open question. For
example, applying the same fixed thresholds to indicators of students’ adversity may
not work well in both developing and developed countries, because they may provide
either very large or small groups of students classified as disadvantaged just because
the whole country is less or more developed than others. Similarly, applying the same
fixed threshold to indicators of positive adaptation may not work well in both high-
performing and low-performing countries because they may lead to either very large or
small groups of students classified as high-achieving just because the whole country
performs more or less well. Furthermore, where thresholds were set varied substantially
across studies. Little is known what these differences may mean regarding their relation
to external criteria.

In addition, studies using PISA data to examine academic resilience can make use of
a composite measure for SES (OECD 2005). However, the availability of this ESCS
index is a double-edged sword to resilient studies because adopting the index without
providing validity evidence or examining its subdimensions may underestimate their
relevance (Watermann et al. 2016).
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This study aims to examine the validity of different conceptualizations and
operationalizations of academic resilience with data from countries that represent
different developmental and achievement levels. Hong Kong was a high-achieving
country (9th out of 72 participating countries), Norway was above average (24th), and
Peru was near the bottom (66th) in the 2015 PISA cycle. Regarding the developmental
status of these countries, Norway and Hong Kong both ranked highly on the human
development index while Peru ranked low. It is worthwhile to mention that the rank of
Hong Kong dropped dramatically in the inequality adjusted Human Development Index
(UNDP 2016). Compared to other economies, Hong Kong has a relatively high-income
disparity (Hong Kong Economy 2010). However, the relationship between SES and
mathematics achievement was found to be the lowest among participating economies in
PISA 2012 (Kalaycıoğlu 2015), which suggested high educational quality and equity in
the system. Norway has a reputation for equity in its education system (Reimer et al.
2018), and empirical studies have found a pronounced increase of academic resilience in
Norway from 2006 to 2015 (Agasisti et al. 2018). At the opposite extreme, empirical
studies also found an extremely low percentage of resilient students in Peru. The three
countries are in addition geographically separated and represent very different cultures.

Against this background, our study aims at answering the following questions:

1. How large is the group of academically resilient students when different concep-
tualizations of academic resilience are applied?

2. How do these conceptualizations of academic resilience affect which students are
classified as academically resilient when it comes to gender and language background?

3. How are different conceptualizations of academic resilience associated with exter-
nal variables, which can be supposed to assess similar constructs?

4. Do results change if different indicators of students’ capital (economic, social, and
cultural) are used?

3 Methods

3.1 Sample

This study used data from PISA 2015, which covered science, reading, mathematics,
and financial literacy. Science was selected because it was the primary focus of this
cycle and thus provided more precise estimates than for the other domains. Given the
assumed relevance of a country’s developmental and achievement state, this study used
information from three education systems representing different economic contexts and
performance levels—Hong Kong, Norway, and Peru.

PISA uses a two-stage stratified sampling strategy. Schools are sampled in the first
stage, with the probability of selection being dependent on the number of eligible
students enrolled. In the second stage, a random sample of students, aged from 15 years
and 3 months to 16 years and 2 months, is selected within schools. Our total sample
included 239 schools with an average about 24 students in Norway, 282 schools with
an average 25 students in Peru, and 138 schools with an average 39 students in Hong
Kong. Depending on the operationalization, the actual number of academically resilient
students varied within countries from 137 to 5473 (for details see Appendix 1).
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3.2 Measures

3.2.1 Disadvantaged student background: Adversity

PISA’s composite SES index ESCS and three indicators of the SES subdimensions
were used to examine how different conceptualizations of adversity affected the
classification of students as academically resilient.

Economic, social, and cultural status The economic, social, and cultural status (ESCS)
index is built on three components reflecting cultural and economic capital, thus two
out of three of Bourdieu’s dimensions of SES: parental education, parental occupation,
and home possessions including books at home (OECD 2017). Social capital in the
sense of Bourdieu (1986) is not covered by the ESCS.

The composite index is routinely used in resilience studies in the ILSA context;
therefore, it was used in this study as well. The fixed threshold for ESCS was set to −
0.68 across countries and reflected the bottom 1/3 of students internationally. The
relative within-country thresholds were set to 0.25, − 1.69, and − 1.03 for Norway,
Peru, and Hong Kong respectively and reflected the bottom 1/3 of the students
nationally. Since the ESCS index was built on three standardized components via
principal component analysis, some students may have the same ESCS score. For
example, 25 students in Norway had the same ESCS score of 0.25 that represented the
threshold. In this case, as many students were randomly selected out of the group of
students with the same score as needed to end up with a group size of exactly 1/3. In the
case of Norway, this meant to select 6 students (for details see Appendix 2).

Wealth As an index of students’ economic capital, PISA provides an IRT scaled index
called WEALTH, based on the number of material possessions. It includes 3 country-
specific items and 9 items not directly related to educational support at home such as
“Rooms with a bath or shower”. The fixed threshold for WEALTH was set to − 0.72
across countries reflecting the bottom 1/3 of all students internationally. The relative
within-country thresholds were set to 0.26, − 2.52, and − 1.12 for Norway, Peru, and
Hong Kong respectively.

Books This study used the variable “Number of books at home” (BOOKS) as an
indicator of students’ cultural capital. It consisted of 6 categories from 0 to 10 books
to more than 500 books. The fixed threshold across countries was set to the second
category (11–25 books), which included together with the first category a bit more than
1/3 of all students internationally. The relative within-country thresholds (bottom 1/3 of
the students in each country) were set to the third category (26–100 books) for Norway,
and to the second for both Peru and Hong Kong. In each country, several cases were in
the category that reflected the threshold. To keep the number of disadvantaged students
to the bottom 1/3 as intended, random cases were selected.

Parents’ emotional support scale (EMOSUPS) Assessing students’ social capital in
ILSAs is challenging. Because it is typically represented by the relationship among
family members that enhance the transmission of other resources (Bourdieu 1986),
such as the family structure, parent-children discussion, parents’ expectations and
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aspirations of children, parental education style, or intergeneration closure (Dika and
Singh 2002). Since neither Norway nor Peru participated in the parent’s questionnaire,
which included several social capital indicators, our study used the parents’ emotional
support scale (EMOSUPS) from the student questionnaire as a proxy. The IRT scaled
index was based on four statements such as whether students perceived their parents as
supportive when they faced difficulties at school. The fixed threshold across countries
was set to − 0.43, and the relative within country-thresholds were − 0.43, − .0.89, −
0.89 for Norway, Peru, and Hong Kong respectively. Random cases were selected if
there were cases with the same score at the threshold.

To investigate whether classifications of resilience could be sensitive to the choice of
the background indicator, we estimated Pearson correlations between them. The results
indicated significant positive but imperfect associations among the four indicators
(ESCS, WEALTH, BOOKS, and EMOSUPS). Basically, the composite index ESCS
had strong or moderate associations with the indicators of economic (WEALTH) and
cultural (BOOKS) capital, but only small associations with the indicator of social
capital (EMOSUPS). Therefore, it is likely that the classification of disadvantaged
students varies when different background indicators are applied to define student
background.

3.2.2 Strong educational outcomes: positive adaptation

The outcome measure in this study is represented by the science score from PISA 2015.
We used all 10 plausible values provided and combined the results of the ten separate
analyses using Rubin’s (1987) rules.

The fixed threshold was set at the mean of the PISA 2015 cycle of 466 points across
countries. Disadvantaged students who scored higher than 466 were considered as
resilient. The relative within-country thresholds, which represented the top 1/3 of the
students within each education system, were set to 427.22 points for Peru, 542.61
points for Norway, and 561.13 points for Hong Kong.

3.2.3 Validity measures

Two student characteristics, gender and language spoken at home, were used to compare
compositions of academically resilient students under different conceptualizations. Two
external constructs, sense of belonging and absence from school, were adopted to
examine the differences in strength between academic resilience and external constructs
supposed to assess the same underlying idea across different definitions.

Gender Female students were coded as 1, male as 2. Gender is balanced in our sample.
Further, 49.6% of the students were female in both Norway and Peru, and 49.5% were
female in Hong Kong.

Language Students who usually used the same language as the language of the
assessment were labeled as 1, and students who usually used another language were
labeled as 2. About 8.7% and 7.2% of the students in Norway and Peru usually spoke
another language at home; the proportion was smaller in Hong Kong, about 3.5%.
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Sense of belonging Students were asked to rate six statements about their sense of
belonging to school on a four-point Likert scale. We recoded the items so that higher
scores referred to higher sense of belonging and built a latent variable BEL.

Absence from school PISA 2015 had three items to assess how often students skipped
full school days, single classes, or arrived late at school. The four response categories
ranged from “never” to “five or more times” with higher scores referring to higher
absence from school. The three items were used to build the latent variable ABS.

Since BEL and ABS were both built on observed items assessed by a four-point
Likert scale, we adopted Desa’s (2014) suggestion and treated these items as categor-
ical. A multiple-group confirmatory factor analysis (MG-CFA) was carried out to test
measurement invariance of these constructs across Norway, Peru, and Hong Kong.
This method usually relies on two-group comparison and is applied to relatively small
sample sizes (Rutkowski and Svetina 2014). Therefore, comparisons across more than
two groups with large sample sizes add complexity (Svetina et al. 2020). This study
followed Svetina and Rutkowski’s suggestion (2017) and adjusted the typical criteria to
consider the changes in CFI greater than or equal to − 0.004 and changes in RMSEA
less than or equal to 0.050 for evaluating metric invariance, and changes in CFI greater
than or equal to − 0.004 and changes in RMSEA less than or equal to 0.010 for
evaluating scalar invariance (Svetina et al. 2020). Analyses were conducted for BEL
and ABS separately, metric invariance, and partial scalar invariance were established
for both constructs (for details see Appendix 4).

3.3 Data analysis

The combination of four indicators of student background (1 composite SES index and
3 subdimensions of human capital) with two thresholds each time (1 fixed across
countries and 1 relative within-country) led to eight operationalizations of adversity. In
combination with the two versions of the indicator of positive adaption (science score
with a fixed cross-country or a relative within-country threshold), we ended up with 16
different conceptualizations of academic resilience. The composition (gender and
language spoke at home) of disadvantaged students were compared with the compo-
sition of the whole sample.

A logistic regression was fitted to estimate the likelihood of being resilient predicted
by BEL and ABS. Data were handled and prepared in R (Version 3.6; R Core Team
2019), and analyses were conducted in Mplus (Version 8.4; Muthén and Muthén
2017). Missing data were handled by the default Full Information Maximum Likeli-
hood (FIML) method in Mplus.

Students are nested in classes in our data set, but the nested data structure is not
central to the research questions because all variables in question are located on the
lowest level. Therefore, single-level models were estimated, which require fewer
distributional assumptions and use a more parsimonious model approach (Stapleton
et al. 2016). In the single-level logistic regression, student weights were used to make
valid estimates and inferences of the population. Cluster characteristics due to the non-
independence of samples (Stapleton et al. 2016) were taken into consideration by
applying a sandwich estimator (type = complex in Mplus) and a robust weighted least
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squares estimator (WLSMV) so that standard errors and fit statistics were calculated
properly (Asparouhov and Muthen 2006) (Fig. 1).

Ten plausible values combined with one background indicator led to 10 results, thus
the resilient status of a student can be different in these 10 results. While these were
combined in the estimation of the regression coefficients, results based on the first
plausible value are presented to provide descriptive information about how the com-
positions of students change under different conceptualizations of academic resilience.

Two types of significant tests were applied. Firstly, a two sample t test was used to
test the difference between proportions of disadvantaged students who are resilient
when fixed and relative background thresholds were applied, or when fixed and relative
performance thresholds were applied. The same type of t test was used to test
differences between proportions of female and male students classified as academically
resilient students or between students who speak the language of the test or another
language. Secondly, a Wald chi-square test was used to examine whether coefficients
of BLE and ABS differ across conceptualizations.

4 Results

4.1 How do different conceptualizations of academic resilience affect how much
and which students are classified as academically resilient?

4.1.1 First step: defining disadvantaged students (adversity)

By implication, when relative thresholds for students’ background indicators were applied,
one out of three students in each country were classified as a disadvantaged student.
Therefore, proportions of disadvantaged students were around 33.33% across conceptual-
izations using a relative background threshold. When the same fixed thresholds for

Fig. 1 Single-level logistic regression model. RES resilient, BEL sense of belonging, ABS absent from school,
st034q01ta to st034q06ta are six observed items for sense of belonging, st062q01ta to st062q03ta are three
observed items for absent from school.
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background indicators were used across countries, results varied substantially (see Table 2).
For example, if the fixed threshold of ESCS (− 0.68) was used to define student background,
almost two-thirds of the students in Peru (63.94%) and half of the students in Hong Kong
(46.76%) were considered as disadvantaged, but considerably fewer students in Norway
(7.18%). Similar shifts were observed for the indicators of economic capital WEALTH and
cultural capital BOOKS although on different levels.

In contrast, applying the background indicator of social capital, parents’ emotional
support (EMOSUPS) revealed a different pattern. While there were roughly one out of
three students classified as disadvantaged in Norway (32.86%) and Peru (40.14%), the
proportion was now highest in Hong Kong with almost two out of three students
classified as disadvantaged (63.30%).

4.1.2 Second step: defining well-performing students (positive adaptation)

When relative within-country thresholds for science achievement were applied to
define positive adaption, one out of three students was classified as well-performing
in Norway, Peru, and Hong Kong. However, results varied substantially when the fixed
threshold—set to the international PISA 2015 mean of 466 score points—was applied.
Whereas in Norway almost two out of three students (63.54%) and in Hong Kong even
more than three out of four students (78.17%) scored above the PISA 2015 mean, it
was less than one out of five students in Peru (18.72%).

4.1.3 Third step: conceptualizing academically resilient students by combining
background and performance definitions

There are in principle four possibilities to conceptualize academic resilience given what
we have described above: combining a fixed or relative background threshold with the
fixed performance threshold, or combining a fixed or relative background threshold
with the relative performance threshold. We will systematically look at the results of
these four approaches, firstly for the composite ESCS index and thereafter for the three
subdimensions of human capital.

Combining the ESCS background thresholds with the fixed performance
threshold When the fixed performance threshold of 466 points was combined with
the ESCS indicator, about 70% of the disadvantaged students in Hong Kong and about
half of the disadvantaged students in Norway were classified as being resilient, no

Table 2 Proportion of students classified as disadvantaged with fixed background thresholds

Norway Peru Hong Kong

ESCS 7.18% 63.94% 46.76%

WEALTH 2.51% 78.51% 55.66%

BOOKS 20.80% 65.77% 36.41%

EMOSUPS 32.86% 40.14% 63.30%

ESCS index of economic, social, and cultural status; EMOSUPS index of parents’ emotional support
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matter whether the fixed or the relative background thresholds were applied. Less than
10% of the disadvantaged students in Peru were classified as being academically
resilient in both cases.

Given the low share of Norwegian students classified as disadvantaged with the
fixed ESCS threshold applied across countries, the overall share of all students
classified as academically resilient was very low (2.99%). The same low proportion
of academically resilient students applied to Peru, but here because of the low share of
students scoring above the PISA 2015 mean. In contrast, either one out of three or four
Hong Kong students was classified as academically resilient (Table 3).

Combining the ESCS background thresholds with the relative performance
thresholds When relative performance thresholds were applied, one out of three
students in each country was defined as well performing. The proportions of disadvan-
taged students classified as academically resilient were more similar than in the cases
described above with fixed performance thresholds across countries. The share varied
only between 13.17% in Peru and 28.93% in Hong Kong, no matter whether the fixed
or the relative background threshold was applied (see Table 4). Overall, this meant that
the proportion of disadvantaged students classified as academically resilient went up in
Peru and down in Norway and Hong Kong, when relative performance thresholds were
applied instead of the same fixed performance threshold.

The same pattern occurred if we look at the proportion of all students classified as
academically resilient. For example, with a fixed threshold of ESCS, the proportion of
all students classified as academically resilient in Norway went down to 0.97% but
went up in Peru to 14.55%.

Applying the subdimensions of human capital to define adversity The ESCS is a
composite index that includes economic, cultural, and social capital indicators of
student background at the same time. If we disentangle the conceptualization of
adversity by applying the indicators of the three subdimensions separately, the data
revealed similarities but also substantial differences. Depending on the type of thresh-
olds applied either to background or to performance, the proportion of students
classified as academically resilient varied.

In case of the same fixed performance threshold across countries, the pattern was similar.
The proportion of disadvantaged students classified as academically resilient was highest in
Hong Kong (between two thirds and three quarters of the disadvantaged students), followed

Table 3 Proportion of students classified as academically resilient when the fixed performance threshold was
applied with the composite ESCS index

Proportion of disadvantaged
students classified as resilient

Proportion of all students classified as resilient

Norway Peru Hong Kong Norway Peru Hong Kong

Fixed ESCS 41.58% 9.85% 73.18% 2.99% 6.30% 34.22%

Relative ESCS 50.06% 4.71% 70.71% 16.16% 1.56% 23.07%

ESCS index of economic, social, and cultural status

Educational Assessment, Evaluation and Accountability



byNorway (between about 40% and 60% of the disadvantaged students) and lowest in Peru
(between 5% and 17% of the disadvantaged students)—no matter whether the composite
ESCS index or its subdimensions WEALTH, BOOKS, or EMOSUPS and no matter
whether the fixed or the relative background thresholds were applied.

Although the pattern was similar, differences in the actual group size were visible
resulting from variation in the proportion of students classified as disadvantaged (see
Table 2). The indicator of economic (WEALTH) and in particular of social capital
(EMOSUPS) led to higher shares of disadvantaged students classified as academically
resilient than the indicator of cultural capital (BOOKS), no matter which type of
background threshold was applied. This was particularly visible in Peru, where the
proportion was up to twice or even three times as high as if an indicator of another
subdimension or the composite ESCS index had been used (for details see Appendix 5).

The differences between applying the composite ESCS index or one of the
subdimensions of human capital as indicators of adversity were even more pronounced
when relative performance thresholds were used to define positive adaptation. The propor-
tion of disadvantaged students classified as academically resilient was no longer highest in
Hong Kong or lowest in Peru. For example, when relative performance thresholds were
applied together with BOOKS as the indicator of cultural capital or EMOSUPS as the
indicator of social capital, the proportion of disadvantaged students classified as academi-
cally resilient was lowest in Norway, no matter whether a fixed or a relative background
threshold was used.

Similar to applying the fixed performance threshold, using WEALTH or EMOSUPS
as capital indicators together with the relative performance threshold resulted usually in
larger proportions of students classified as academically resilient than BOOKS (with
one exception in Peru), regardless of whether a fixed or relative background threshold
was used. It was particularly in Peru where the application of the indicator for social
capital (EMOSUPS) increased the proportion of disadvantaged students classified as
academically resilient (for details see Appendix 6).

4.2 Which students are classified as academically resilient in the different
conceptualizations?

The proportions of students classified as academically resilient varied a lot by gender
and language depending on the conceptualization and the country. Using the ESCS

Table 4 Proportion of students classified as academically resilient when relative performance threshold were
applied with the composite ESCS index

Proportion of disadvantaged students classified
as resilient

Proportion of all students classified as
resilient

Norway Peru Hong Kong Norway Peru Hong Kong

Fixed ESCS 13.52% 22.75% 28.93% 0.97% 14.55% 13.53%

Relative ESCS 20.89% 13.17% 26.66% 6.75% 4.37% 8.70%

ESCS index of economic, social, and cultural status
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index as an indicator of adversity to define student background, there were between 31
female students (i.e., 0.44% of all students) in Peru and 905 female students (i.e.,
16.89%) in Hong Kong classified as academically resilient, while the proportion of
males varied between 0.37% (i.e., 20) in Norway and 17.34% (929) in Hong Kong (see
Table 5). There were significantly fewer female than male students classified as
academically resilient in Peru no matter which threshold was applied to define adversity
or positive adaptation. If a relative outcome threshold was used, the same applied to
Hong Kong. In contrast, Norway’s proportions of female and male students classified
as academically resilient were generally more balanced.

With respect to the language spoken at home in relation to the test language, there
were between 2 students with a different language (i.e., 0.04% of all students) in Hong
Kong and 97 students with a different language (i.e., 1.78%) in Norway classified as
academically resilient, while the proportion of students with the same language classi-
fied as academically resilient varied between 0.88% (i.e., 48) in Norway and 33.74%
(1808) in Hong Kong (see Table 6). In all three countries, there were significantly more
students classified as academically resilient who spoke the test language at home, no
matter which threshold was used to define adversity or positive adaptation.

Since the conceptualization of academic resilience included two criteria, namely
student background with respect to adversity and student outcome with respect to
positive adaptation, it was necessary to look at the criteria step-wise to be able to
interpret the numbers presented above. We examined therefore the classification of
students by gender and language firstly with respect to who was classified as disad-
vantaged, then at those who were classified as having high outcomes before we finally
interpreted the combination in terms of academic resilience. As an overview, we started
with applying ESCS as an indicator of student background, but we looked also at
whether there were differences with respect to the economic, cultural, and social
subdimensions of human capital.

Classification of academic resilience by gender There was a balanced gender distribu-
tion in Norway with respect to the classification of students as disadvantaged if the
ESCS index was used as an indicator of adversity (see Appendix 9a). This result was

Table 5 Number of academically resilient students and percentage of all students by gender in each ountry

Back Out Norway Peru Hong Kong

Female Male Female Male Female Male

n % n % n % n % n % n %

Fix Fix 94 1.72 69 1.26 159 2.28* 280 4.02 905 16.89 929 17.34

Rel 33 0.60 20 0.37 427 6.13* 587 8.42 324 6.05* 401 7.48

Rel Fix 463 8.49 419 7.68 31 0.44* 78 1.12 608 11.35 628 11.72

Rel 190 3.48 178 3.26 120 1.72* 185 2.65 210 3.92* 256 4.78

Back student background (ESCS), Out student outcome (science achievement), Fix same fixed threshold
across countries, Rel within-country threshold, * = proportion of female students significantly different from
the proportion of males within the same operationalization, p < 0.05
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independent of the type of threshold applied. The proportions of female and male
students in the top 1/3 Norwegian performers, i.e., in the group of those showing
positive adaptation, were also evenly distributed—at least as long as the fixed perfor-
mance threshold was used (see Appendix 11a). Applying the stricter relative perfor-
mance threshold, there were significantly fewer females than males belonging to the top
1/3. As documented in Table 5, these performance differences were not large enough to
affect the final gender distribution of academically resilient students, but they led to a
significantly lower mean performance of the female students classified as academically
resilient compared to males when the stricter relative within-country threshold in
defining adversity was used (see Appendix 10a).

With respect to variation by subdimension of human capital (see Appendix 9a), the
proportion of female students in Norway classified as disadvantaged was significantly
lower than the proportion of males when BOOKS or Parents’ emotional supports
(EMOSUPS) were applied as indicators of adversity, independently of the type of
threshold used. In contrast, significantly more female than male students were classified
as disadvantaged, when the indicator WEALTH was applied together with the relative
but not with the fixed threshold. The relative within-country threshold was much higher
than applying the same fixed cross-country threshold.

Similar to Norway, if the ESCS was used as an indicator of adversity, there was a
balanced gender distribution among disadvantaged students in Peru, independently of
the type of threshold for adversity (see Appendix 9a). In Peru, the proportion of female
students in the top 1/3 performers was significantly lower than of males, no matter
which threshold indicating positive adaptation was applied (see Appendix 11a). As
documented in Table 5, these performance differences led in turn to a significantly
lower proportion of female than male students classified as academically resilient.
Furthermore, the proportion of female students classified as academically resilient
was significantly lower than the proportion of female students classified as disadvan-
taged in all operationalizations. In addition, the mean performance of academically
resilient female students was often lower compared to male students, in particular when
the more lenient relative within-country performance threshold was used (see Appendix
10a). Variation by subdimension of human capital was limited (see Appendix 9a).

Table 6 Number of academically resilient students and percentage of all students by language in each country

Back Out Norway Peru Hong Kong

Diff L Same L Diff L Same L Diff L Same L

n % n % n % n % n % n %

Fix Fix 31 0.57* 132 2.42 7 0.10* 432 6.20 26 0.49* 1808 33.74

Rel 5 0.09* 48 0.88 21 0.30* 993 14.24 2 0.04* 723 13.49

Rel Fix 97 1.78* 785 14.39 4 0.06* 105 1.51 21 0.39* 1215 22.67

Rel 33 0.60* 335 6.14 13 0.19* 292 4.19 2 0.04* 464 8.66

Back student background (ESCS), Out student outcome (science achievement), Fix same fixed threshold
across countries, Rel within-country threshold, L language of the test spoken at home (different vs. same); * =
the proportion of students who spoke another language at home was significantly different from the proportion
of students who spoke test language at home in the same operationalization, p < 0.05
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Similar to Norway and Peru, there was no systematic difference in the gender
distribution with respect to students’ classification as disadvantaged using the ESCS
index in Hong Kong (see Appendix 9a). The proportions of female and male students
in the top 1/3 performers were evenly distributed if the lenient fixed performance
threshold was used (see Appendix 11a). However, similar to Norway, applying the
stricter relative performance threshold, there were significantly fewer females than
males belonging to the top 1/3 (see Appendix 11a). Furthermore, the mean performance
of academically resilient female students was often lower compared to male students
(see Appendix 10a). With respect to the subdimensions of human capital, the same
pattern was visible for Hong Kong as it had been documented for Norway when it came
to BOOKS and EMOSUPS (see Appendix 9a). The proportion of female students
classified as disadvantaged was significantly lower in these cases than of males,
independently of the type of threshold used.

Classification of academic resilience by language Students who spoke a language at
home different from the test language were significantly overrepresented in the
group of students classified as disadvantaged with the ESCS index as an indicator
of adversity in Norway (see Appendix 9b). This result was independent of the type
of threshold applied. In contrast, they were significantly underrepresented in the top
1/3 Norwegian performers, i.e., in the group of those showing positive adaptation,
again independently of the threshold used (see Appendix 11b). These differences
strongly affected the distribution of academically resilient students by language (see
Table 6). With respect to variation by subdimension of human capital (see Appen-
dix 9b), when parents’ emotional support (EMOSUPS) was applied as an indicator
of adversity, independently of the type of threshold used, students who spoke
another language at home were still significantly underrepresented but less dramat-
ically as with the ESCS index.

The pattern was similar in Peru. Students who spoke a language at home different
from the test language were significantly overrepresented in the group of students
classified as disadvantaged no matter which threshold was used (see Appendix 9b). In
contrast, they were significantly underrepresented in the top 1/3 performers, again
independently of the threshold (see Appendix 11b). These differences strongly affected
the distribution of academically resilient students by language (see Appendix 6). With
respect to variation by subdimension of human capital (see Appendix 9b), the data
revealed that using the WEALTH indicator together with the relative within-country
threshold led to a stronger overrepresentation than with the other subdimensions.

The patterns were partly different in Hong Kong compared to Norway and Peru.
There was no systematic effect of language on the classification as disadvantaged if the
ESCS index was used (see Appendix 9b). However, students who spoke a different
language at home were significantly underrepresented in the top 1/3 performers,
independently of the threshold applied (see Appendix 11b). These performance differ-
ences strongly affected the distribution of academically resilient students by language
(see Table 6). In regard to variation by subdimension of human capital (see Appendix
9b), the data revealed that using the BOOK indicator no matter which threshold was
applied and using the relative WEALTH indicator led to a stronger overrepresentation
of students with a different language than with the other subdimensions.
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4.3 How are different conceptualizations associated with external variables?

In this section, we present the results of our study on concurrent validity including two
external variables supposed to assess the same underlying idea. We present the relation
between a classification of students as academically resilient and, firstly, their sense of
belonging to a school and, secondly, their absence of school in terms of odds ratios
based on standardized results (for details about model fit, estimates and 95% CI see
Appendix 3).

Sense of belonging as the validity criterion Using the composite ESCS background
indicator, sense of belonging (BEL) was statistically significantly and positively
associated with academic resilience in all conceptualizations in Peru as hypothesized,
but not in Norway or Hong Kong (see Table 7). These results indicate that students who
said that they felt a higher sense of belonging to their school had a 30 to 40% higher
chance to be classified as academically resilient in Peru. Unexpectedly, this did not
apply to Norway or Hong Kong where no statistically significant effects of students’
sense of belonging to their school on the classification as academically resilient was
found.

With respect to the research question of differential results depending on the
operationalization applied to academic resilience, there were no statistically significant
differences for coefficients of BEL between fixed and relative performance thresholds
or between fixed and relative background thresholds in case of using ESCS as an
indicator of adversity. The same applied to using the number of books (BOOKS) or
parents’ emotional support (EMOSUPS) in all educational systems (see Appendix 7).
However, there were statistically significant differences for coefficients of BEL be-
tween fixed and relative background thresholds in Peru when WEALTH was used.

Absence from school as the validity criterion Using the composite ESCS index as the
background indicator, absence from school (ABS) was statistically significant and
negatively associated with academic resilience in both Norway and Hong Kong as
hypothesized (see Table 8). However in Peru, ABS was unexpectedly not significant in
most operationalizations, and no noticeable pattern was found. A higher ABS score
refers to higher frequency of absence from school; the results indicate that in Norway
and Hong Kong, students who were more frequently absent from school had a 25 to
30% lower chance to be academically resilient.

Table 7 Odds ratio of effects of sense of belonging on the classification as academically resilient when ESCS
was applied

Norway ESCS Peru ESCS Hong Kong ESCS

Fixed Relative Fixed Relative Fixed Relative

Performance Fixed 1.05 1.00 1.30* 1.39* 0.95 0.97

Relative 1.02 0.99 1.35* 1.40* 0.94 0.92

*p < 0.05, ESCS index of economic, social, and cultural status
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With respect to the research question of differential results depending on the
operationalization of academic resilience, there were no statistically significant differ-
ences for coefficients of ABS between fixed and relative performance thresholds or
between fixed and relative background thresholds in Norway and Hong Kong, neither
in case of ESCS nor in case of one of the subdimensions of human capital. This applied
to Peru when the number of books (BOOKS) and parents’ emotional support
(EMOSUPS) were applied, but not for ESCS and WEALTH (see Appendix 8).

5 Discussion

This study examined the conceptualization and operationalization of academic resil-
ience by firstly identifying adversity with indicators of student background, then by
identifying positive adaptation with a performance indicator, and finally by combining
these two criteria. In this process, many decisions had to be made: which indicator
should be selected (e.g., composite or specific indicators in case of adversity), which
type of threshold should be applied (the same fixed one across countries or relative
within-country ones), which level should be set on each threshold (strict or lenient
ones). The key finding of the present study was that the way how academic resilience
was defined mattered. Different decisions resulted in different proportions of students
who were classified as academically resilient and different compositions of the group of
resilient students.

Our analyses revealed that fixed thresholds were frequently not well suited to
identify academically resilient students across diverse countries. This applied to the
background indicators as well as for the performance indicator, as the distributions of
SES and performance measures varied considerably across economically developing
and developed economies. For example, given the low share of Norwegian students
classified as disadvantaged with the same fixed background threshold applied across
countries, the overall share of all students classified as academically resilient was very
low. The low proportion of academically resilient students was also found in Peru.
However in this case, it was because of the low share of students scoring above the
fixed performance threshold. In contrast, in Hong Kong, either one out of three or four
students was classified as academically resilient in these cases. When a fixed threshold

Table 8 Odds ratios of effects of absence from school on the classification as academically resilient when
ESCS was applied

Norway Peru Hong Kong

ESCS ESCS ESCS

Fixed Relative Fixed Relative Relative Relative

Performance Fixed 0.72* 0.70* 0.94 1.00 0.69* 0.72*

Relative 0.75* 0.71* 0.98 1.04 0.68* 0.69*

*p < 0.05, ESCS index of economic, social, and cultural status
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is used to define positive adaptation, the share of academically resilient students is
heavily influenced by the level of economic development. As it was done for example
by Sandoval-Hernández and Bialowolski (2016) or Erberer et al. (2015), a large share
of academically resilient students does not necessarily equal to a better educational
system as it was concluded in some reports (e.g., OECD 2011).

Generally, research on academic resilience is working with small sample sizes. This
means we deal with strongly selected groups, which is not only a measurement
challenge but raises policy questions as well. To what extent is it meaningful to
implement activities in such a case? This challenge is increased by applying the same
threshold across countries. For example, when a fixed ESCS threshold was combined
with a relative performance threshold, only 53 Norwegian students were classified as
academically resilient. Considering the whole sample size of Norway (5456), informa-
tion about so few students is questionable if it shall be used to derive general measures
beyond support of a specific group, which often is the conclusion in academic
resilience papers.

SES refers to an individual or a family’s position in a hierarchy according to access
to wealth, power, and social status, and it usually includes parents’ occupation, parents’
education, and home income (Watermann et al. 2016). However, there were several
concerns about these components. Researchers tended to use proxy to measure home
income, but as mentioned before, owning a car means very different across countries.
Measures about parents’ occupation and education were ususlly collected from stu-
dents’ questionnaire, but students’ responses may suffer from some degree of error, and
the discordance varies across countries (Rutkowski and Rutkowski 2013). Therefore,
comparisons of SES across country, for example, using a fixed SES threshold across
countries, tend to raise measurement issues.

When relative within-country performance thresholds were applied to indicate
positive adaptation, measurement problems with the student background indicators
are no longer relevant. Furthermore, the proportions of disadvantaged students classi-
fied as academically resilient were more similar across countries than with the fixed
performance threshold, because the proportions went up in Peru and down in Norway
and Hong Kong. However, it seems worth to emphasize that the relative performance
thresholds are hardly comparable in absolute terms, because they differed by 134 points
(Peru 417 and Hong Kong 561), which corresponds to almost one and a half standard
deviation on the PISA scale.

Based on Bourdieu’s capital theory (1986), we adopted the three subdimensions of
students’ human capital separately to disentangle the effects of the composite ESCS
conceptualization on academic resilience. The data revealed many similarities in the
results but also substantial differences. The indicator of social capital led to higher
shares of disadvantaged students classified as academically resilient than applying the
composite index, and this particularly in Peru. This result may indicate a cultural
difference between Peru and the other two systems, with social capital being educa-
tionally more relevant in Peru than in Norway and Hong Kong and thus more often
revealed in the student survey in the first than in the latter systems. It would fit to results
from cultural psychology where Peru often is characterized as a so-called collectivist
country where social relations are more important than in so-called individualist
countries such as Norway where people act rather independently (Hofstede and
Peterson 2003).

Educational Assessment, Evaluation and Accountability



The indicator of cultural capital resulted in all conceptualizations in smaller proportions
of disadvantaged students classified as academically resilient than the composite ESCS
index. This result may indicate a large spread in cultural capital than in the other types of
human capital between disadvantaged and advantaged children. It seems to be harder for
disadvantaged students to accomplish an amount of cultural capital that equals economic
or social capital. The causal mechanism here is unknown though and should be examined
in further research. It is worthwhile to point out that none of these differences resulting
from applying one of the three subdimensions of human capital showed up when the
composite ESCS index was used. The country differences in classifying disadvantaged
students as academically resilient were often no longer significant. It seems as if advan-
tages and disadvantages of the different approaches were balanced out in this case.

Concerning the composition of the group of students classified as academically
resilient, the proportions varied by gender and language depending on the conceptual-
ization and the country. This result points to the gender- and language-specific sensi-
tivity of conceptualizations of academic resilience, and this in turn may reflect societal
characteristics. It is therefore essential which operationalization of academic resilience
is chosen in a study. The conclusions may be completely different. In many cases, it
mattered for the composition of the group of academic resilient students whether the
same fixed cross-country threshold was applied or a more or less lenient or strict
relative within-country threshold. For example, applying the stricter relative perfor-
mance threshold in Norway and Hong Kong led to significantly fewer females than
males belonging to the top 1/3, which may be related to the general discussion about
gender balance at the top of the performance distribution (Bergold et al. 2017). In Peru,
the proportion of females was lower at the top no matter which threshold was applied.

It mattered also which subdimension of human capital was applied in several cases.
The data revealed for example that both in Norway and Hong Kong the proportion of
female students classified as disadvantaged was significantly lower than of males when
the indicators of cultural or social capital were applied as indicators of adversity than
the indicator of economic capital. Similarly, in two out of three countries, students who
spoke a language at home different from the test language were less strongly under-
represented when the social capital indicator was applied, but more strongly when the
economic capital indicator was applied. Educational inequalities between male and
female students in student achievement, for example in terms of grades in mathematics
or reading (Voyer and Voyer 2014), are well known for many countries and most
researchers are aware of them. The same applies to educational inequalities depending
on the language background of students (OECD 2018). Our study shows that it is
important to pay attention to similar inequalities when it comes to background indica-
tors as part of the definition of academic resilience as well.

When the same background indicator was applied with different performance
thresholds, proportions of female or male students classified as academically resilient
or students who spoke another language at home varied as well. If a fixed performance
threshold was adopted, we were likely to underestimate the inequality in high-
performing systems but overestimate the inequality in low-performing systems, thus
exaggerate the inequality differences between high- and low-achieving systems. For
language-related analysis, the data revealed that students who spoke another language
at home were overrepresented in disadvantaged students but underrepresented in
resilient students.
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Finally, the results of our validity study revealed that the likelihood of being
classified as resilient most often did not change significantly when different back-
ground thresholds or performance thresholds were applied. This result indicates some
consistency in their definitions. At least the average size of relations to external
constructs may not be affected too heavily.

6 Limitations

Before we turn to conclusions, it is necessary to point out some limitations of this study.
Regarding indicators used in this study, student’s performance in science was the only
outcome indicator; analyses based on this domain may be not hold for other domains.
Although we used four background indicators, ESCS as a composite SES index,
WEALTH as an economic capital measure, BOOKS as a cultural capital measure,
and EMOSUPS as a social capital index, all these indicators have limitations. For
example, student’s questionnaire of PISA 2015 had several items about social activities
before and after school, including communications between parents and students,
which would have been a good indicator of social capital. However, there was a large
proportion of missing data (about 30%) from Peru. Therefore, this study adopted
EMOSUPS as the only indicator to measure background from a social capital perspec-
tive. Finally, we have to deal with small groups in some cases. For example, when it
comes to the research question which students were classified as academically resilient,
the number of female students was as low as 15 students in Norway, and the number of
students who spoke another language at home varied between 0 in Peru and 97 in
Norway. The small numbers lead to large standard errors.

7 Conclusions

Proportions of resilient students are results of two criteria—a disadvantaged student
background in terms of adversity and a high educational outcome in terms of positive
adaptation. Our study shows how important it is to be careful with how to define both.
How many and which students are classified as academically resilient is likely to be
affected by the developmental state of a country, when a fixed threshold is applied to
identify disadvantaged students. Thus, the pool of students who have a chance to be
classified as academically resilient is predefined differently in each country. Countries
that are highly developed economically may not have many disadvantaged students
from a global perspective, which means that they by definition can have only very few
academically resilient students. Considering the country-specific characteristics of
background indicators, it may therefore be more meaningful to adopt a relative
background threshold to define adversity.

In contrast, a decision on the type of performance threshold should largely depend
on the aim of a study. If one would like to look at academic resilience across countries,
for example with a global labor market in mind, a fixed performance threshold seems to
be most meaningful. If one would like to look at academic resilience within a country,
for example with the national labor market in mind, a relative performance threshold
provides most information. However, given that some studies adopted the proportions
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of academically resilient students as an indicator for the quality and equity of an
educational system (see, e.g., Agasisti et al. 2018), it is highly important also in this
case to be aware of the changes in outcomes when different types of performance
thresholds are applied. With a fixed performance threshold, we may conclude that
Hong Kong has a higher level of quality and equity than Norway. If we replace the
fixed performance thresholds with relative ones, proportions of resilient students in
Norway and Hong Kong were no longer significantly different. Similarly, changes in
the composition by gender and language have to be considered.

A conceptualization of academic resilience applying a relative background threshold
and a fixed performance threshold was recommended by some studies (see, e.g., OECD
2011) to explore the presence of academic resilience across countries, or to study the
consistency of individual and environmental characteristics associated with resilience.
However, the shortcoming of this operationalization was also mentioned by OECD
(2018). It may overestimate the amount of academic resilience in some countries while
underestimate in some others. Since the share is closely related to students’ average
performance, higher-performing system tends to have bigger shares. However, it does
not necessarily equal to a higher ability in helping disadvantaged students to exceed
their predicted performance given their background, which is the essence of academic
resilience. Although it may be too early to conclude that relative within-country
thresholds work best also with respect to performance, these reflections point in any
case to a strong need of more research that looks into the consequences of different
conceptualizations of academic resilience. Researchers should feel encouraged to apply
different approaches and to compare their results with respect to their robustness.
Furthermore, they should not only pay attention to the overall proportion of students
classified as academically resilient but also to their composition by gender or language.

Some conclusions can also be drawn regarding the choice of background indicators.
The composite ESCS index as a multi-dimensional composite index seems to balance
out to some extent different estimations happening when one of the subdimensions of
human capital is applied. Whether this is appropriate is an open question and requires
more research. The question here is, does an application of the subdimensions over- or
underestimate the true size or do they indicate real differences.

Further research is thus needed in many respects. Research on academic resilience in
education has deep roots in resilience studies carried out in psychology and sociology.
However, there are differences we can learn from and which could move research on
academic resilience forward. Firstly, unlike resilience studies in psychology, most
studies in education are not longitudinal. It would be easier to identify causal mecha-
nisms that increase academic resilience and may thereby contribute to overcoming
educational inequality. Secondly, academic resilience studies have a methodological
limitation in measuring adversity (Waxman et al. 2003), because disadvantaged stu-
dents are treated as homogeneous groups despite possible variations in the degree to
which their lives are actually affected by a risk (Luthar and Zelazo 2003). Our study has
pointed to an approach to deal with this challenge by distinguishing between different
types of human capital. Thirdly, most academic resilience studies in education treat
non-cognitive skills as protective factors rather than including them as an indicator of
positive adaptation. Acknowledging the relevance of, for example self-efficacy or
educational aspiration as criterion for being academically resilience could change the
discussion substantially.
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Supplementary Material 

Appendix 1 

Size of the Different Subsamples Used in Our Studies Depending on the Conceptualization of 

Academic Resilience 

Background Outcome 

Norway Subset Peru Subset Hong 

Kong 

Subset 

Fixed ESCS Fixed Performance 1 392 1 4,457 1 2,506 

  

Relative 

Performance 

2 392 2 4,457 2 2,506 

Fixed WEALTH Fixed Performance 3 137 3 5,473 3 2,983 

  

Relative 

Performance 

4 137 4 5,473 4 2,983 

Fixed BOOKS Fixed Performance 5 1,135 5 4,585 5 1,951 

  

Relative 

Performance 

6 1,135 6 4,585 6 1,951 

Fixed EMOSUPS Fixed Performance 7 1,793 7 2,798 7 3,392 

  

Relative 

Performance 

8 1,793 8 2,798 8 3,392 

Relative ESCS Fixed Performance 9 1,762 9 2,315 9 1,748 

  

Relative 

Performance 

10 1,762 10 2,315 10 1,748 

Relative WEALTH Fixed Performance 11 1,769 11 2,297 11 1,759 

  

Relative 

Performance 

12 1,769 12 2,297 12 1,759 

Relative BOOKS Fixed Performance 13 1,759 13 2,304 13 1,758 
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Relative 

Performance 

14 1,759 14 2,304 14 1,758 

Relative EMOSUPS Fixed Performance 15 1,763 15 2,284 15 1,757 

  

Relative 

Performance 

16 1,763 16 2,284 16 1,757 

Note. ESCS=Index of Economic, Social and Cultural Status, EMOSUPS= Index of parents’ 

emotional support. 
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Appendix 2 

Cutoff Values for the Different Thresholds Applied 

 

Bottom 1/3 across all countries participating in PISA 2015 

Fix   All  ESCS WEALTH BOOKS EMOSUPS 

N of students 519,334 519,334 519,334 519,334 519,334 

Missing (n) 

 

15,963 15,730 18,046 92,004 

missing (%)  

 

3.07% 3.03% 3.47% 17.72% 

valid N 

 

503,371 503,604 501,288 427,330 

Bottom 1/3 173,111 167,790 167,868 167,096 142,443 

CUTOFF score 

 

-0.68 -0.72 2 -0.43 

n students with 

the same score 

 

1,379 1,471 100,129 11,330 

random pick to 

meet 1/3 criterion 

 

236 638 68,401 5,706 

      

 

Bottom 1/3 within Norway 

Relative Norway ESCS WEALTH BOOKS EMOSUPS 

N 5456 5456 5456 5456 5456 

Missing(n) 

 

170 148 178 168 

Missing(%) 

 

3.12% 2.71% 3.26% 3.08% 

Bottom 1/3 1819 1762 1769 1759 1763 

cutoff score 

 

0.25 0.26 3 -0.43 

n students with 

the same score 

 

25 41 1450 108 
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random pick to 

meet 1/3 

 

6 3 623 60 

      

 

Bottom 1/3 within Peru 

Relative Peru ESCS WEALTH BOOKS EMOSUPS 

N 6971 6971 6971 6971 6971 

Missing (n) 

 

27 77 60 119 

Missing(%) 

 

0.39% 1.10% 0.86% 1.71% 

Bottom 1/3 2324 2315 2298 2304 2284 

cutoff score 

 

-1.69 -2.52 2 -0.89 

N students with 

the same score 

 

22 0 2362 1107 

random pick to 

meet 1/3 

 

7 0 81 963 

      

 

Bottom 1/3 within Hong Kong 

Relative 

Hong 

Kong ESCS WEALTH BOOKS EMOSUPS 

N 5359 5359 5359 5359 5359 

Missing(n) 

 

115 82 85 87 

missing(%) 

 

2.15% 1.53% 1.59% 1.62% 

bottom 1/3 1786 1748 1759 1758 1757 

cutoff score 

 

-1.03 -1.12 2 -0.89 

n students with 

the same score 

 

26 23 1067 1727 
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random pick to 

meet 1/3 

 

18 6 876 287 

Note. ESCS=Index of Economic, Social and Cultural Status, EMOSUPS= Index of parents’ 

emotional support. 
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Appendix 3  

Model fit, Estimates and 95% CI 

          RES ON L2.5% U2.5% L2.5% U2.5% 

          stdyx stdyx BEL ABS 

  RMSEA CFI TLI SRMR BEL ABS         

NOR1 0.037  0.993  0.989  0.038  0.047  -0.332  -0.137  0.232  -0.505  -0.158  

NOR2 0.038  0.993  0.989  0.041  0.019  -0.292  -0.199  0.236  -0.557  -0.027  

NOR3 0.102  0.947  0.917  0.080  0.010  -0.564  -0.355  0.376  -0.867  -0.262  

NOR4 0.097  0.951  0.924  0.079  0.000  -0.405  -0.405  0.406  -0.805  -0.005  

NOR5 0.037  0.994  0.991  0.031  0.051  -0.276  -0.073  0.175  -0.379  -0.173  

NOR6 0.038  0.994  0.991  0.034  -0.018  -0.321  -0.178  0.142  -0.485  -0.158  

NOR7 0.050  0.982  0.982  0.036  0.006  -0.320  -0.071  0.083  -0.395  -0.246  

NOR8 0.049  0.989  0.982  0.036  -0.025  -0.296  -0.116  0.067  -0.382  -0.209  

NOR9 0.044  0.992  0.988  0.034  -0.003  -0.353  -0.092  0.087  -0.441  -0.266  

NOR10 0.044  0.992  0.988  0.037  -0.011  -0.343  -0.110  0.088  -0.454  -0.232  

NOR11 0.042  0.992  0.988  0.032  0.017  -0.344  -0.066  0.100  -0.425  -0.262  

NOR12 0.041  0.992  0.988  0.033  0.004  -0.327  -0.091  0.098  -0.429  -0.224  

NOR13 0.039  0.993  0.990  0.030  0.014  -0.289  -0.072  0.100  -0.377  -0.202  

NOR14 0.040  0.993  0.989  0.031  -0.017  -0.290  -0.132  0.098  -0.414  -0.166  

NOR15 0.050  0.988  0.982  0.035  0.009  -0.318  -0.069  0.087  -0.394  -0.242  

NOR16 0.049  0.989  0.982  0.035  -0.017  -0.285  -0.111  0.078  -0.373  -0.197  

PER1 0.035  0.989  0.983  0.028  0.266  -0.057  0.188  0.344  -0.131  0.018  

PER2 0.038  0.988  0.981  0.027  0.302  -0.022  0.242  0.361  -0.088  0.044  
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PER3 0.033  0.990  0.985  0.027  0.244  -0.070  0.181  0.307  -0.124  -0.017  

PER4 0.035  0.989  0.983  0.026  0.295  -0.034  0.243  0.347  -0.090  0.023  

PER5 0.032  0.991  0.986  0.026  0.260  -0.049  0.189  0.331  -0.119  0.021  

PER6 0.036  0.989  0.982  0.027  0.289  -0.011  0.235  0.344  -0.081  0.058  

PER7 0.041  0.983  0.973  0.032  0.240  -0.081  0.158  0.321  -0.157  -0.006  

PER8 0.043  0.981  0.971  0.033  0.279  -0.050  0.215  0.344  -0.127  0.026  

PER9 0.030  0.991  0.985  0.032  0.329  0.004  0.195  0.463  -0.145  0.153  

PER10 0.032  0.990  0.984  0.029  0.339  0.044  0.249  0.428  -0.055  0.142  

PER11 0.029  0.992  0.987  0.027  0.349  -0.011  0.230  0.468  -0.138  0.115  

PER12 0.032  0.990  0.985  0.025  0.377  0.003  0.284  0.470  -0.088  0.093  

PER13 0.039  0.986  0.978  0.033  0.293  -0.021  0.194  0.391  -0.126  0.084  

PER14 0.043  0.983  0.974  0.031  0.310  0.033  0.225  0.394  -0.059  0.125  

PER15 0.042  0.981  0.971  0.033  0.244  -0.076  0.154  0.335  -0.161  0.009  

PER16 0.045  0.979  0.967  0.035  0.278  -0.032  0.203  0.353  -0.118  0.054  

HKG1 0.032  0.991  0.986  0.032  -0.053  -0.370  -0.128  0.022  -0.472  -0.268  

HKG2 0.032  0.991  0.986  0.033  -0.067  -0.385  -0.152  0.018  -0.521  -0.248  

HKG3 0.034  0.988  0.982  0.039  -0.017  -0.353  -0.082  0.049  -0.443  -0.263  

HKG4 0.036  0.987  0.980  0.040  -0.062  -0.333  -0.136  0.013  -0.443  -0.224  

HKG5 0.035  0.990  0.985  0.031  -0.024  -0.292  -0.104  0.055  -0.394  -0.190  

HKG6 0.035  0.990  0.984  0.031  -0.011  -0.294  -0.099  0.078  -0.463  -0.124  

HKG7 0.030  0.992  0.988  0.033  0.002  -0.320  -0.059  0.064  -0.400  -0.239  

HKG8 0.032  0.991  0.987  0.033  0.002  -0.306  -0.062  0.067  -0.398  -0.214  

HKG9 0.033  0.992  0.987  0.034  -0.034  -0.323  -0.128  0.060  -0.455  -0.192  

HKG10 0.033  0.992  0.987  0.035  -0.087  -0.373  -0.196  0.022  -0.551  -0.196  
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HKG11 0.040  0.988  0.982  0.045  0.018  -0.285  -0.062  0.098  -0.402  -0.169  

HKG12 0.041  0.988  0.981  0.047  -0.033  -0.327  -0.136  0.069  -0.474  -0.181  

HKG13 0.033  0.990  0.985  0.032  -0.039  -0.289  -0.125  0.046  -0.395  -0.184  

HKG14 0.034  0.990  0.985  0.033  -0.039  -0.312  -0.138  0.060  -0.492  -0.131  

HKG15 0.037  0.987  0.979  0.039  -0.004  -0.350  -0.094  0.085  -0.453  -0.246  

HKG16 0.036  0.987  0.979  0.039  -0.010  -0.327  -0.100  0.081  -0.449  -0.205  

Note. BEL= sense of belonging, ABS=absence from school, RES= resilient, CFI= 

Comparative fit index, RMSEA= root mean square error of approximation. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



188 

 

Appendix 4  

Fit Indices Results of Measurement Invariance Test 

BEL 𝜒2 df p value CFI RMSEA Δ CFI Δ RMSEA 

CONFIGURAL MODEL 53.57 3 0 0.999 0.055 

  
METRIC MODEL 207.89 15 0 0.998 0.048 -0.001 -0.007 

SCALAR MODEL (partial) 17.722 5 0.003 0.999 0.021 0.001 -0.027 

 

   

    
ABS 𝜒2 df p value CFI RMSEA Δ CFI Δ RMSEA 

CONFIGURAL MODEL 0 0 NA 1 0 

  
METRIC MODEL 6.86 6 0.334 1 0.005 0 0.005 

SCALAR MODEL (partial) 24.09 8 0.002 0.999 0.013 -0.001 0.008 

Note. BEL= sense of belonging, ABS=absence from school, RES= resilient, df=degree of 

freedom, CFI= Comparative fit index, RMSEA= root mean square error of approximation, 

partial scalar invariance for BEL was established by releasing two loadings (ST034Q01TA 

and ST034Q06TA), partial scalar invariance for ABS was established by releasing one 

loading (ST062Q23TA). 
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Appendix 5  

Proportion of Disadvantaged Students Classified as Academically Resilient When the Fixed 

Performance Threshold Was Applied With WEALTH, BOOKS and EMOSUPS as 

Background Indicators 

  Norway Peru Hong Kong 

Fixed WEALTH 56.20% 14.00% 76.47% 

Fixed BOOKS 39.30% 11.52% 67.45% 

Fixed EMOSUPS 58.51% 17.33% 76.24% 

Relative WEALTH 61.90% 5.35% 73.74% 

Relative  BOOKS 47.13% 7.60% 66.78% 

Relative EMOSUPS 58.37% 17.43% 74.90% 

Note. EMOSUPS= Index of Parents’ Emotional Support. 
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Appendix 6 

Proportion of Disadvantaged Students Classified as Academically Resilient When the 

Relative Performance Thresholds Were Applied With WEALTH, BOOKS and EMOSUPS 

 Norway Peru Hong Kong 

Fixed  WEALTH 23.36% 28.16% 32.08% 

Fixed  BOOKS 12.78% 24.62% 23.01% 

Fixed  EMOSUPS 27.11% 32.67% 32.99% 

Relative  WEALTH 31.26% 14.24% 30.53% 

Relative  BOOKS 17.85% 18.66% 23.38% 

Relative  EMOSUPS 26.77% 32.66% 31.99% 

Note. EMOSUPS= Index of Parents’ Emotional Support. 
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Appendix 7 

Coefficient Comparisons for Sense of Belonging 

Coefficient Comparisons for BEL Between Operationalizations With Same Background 

Threshold but Different Performance Thresholds 

BEL 

   

        

Fixed Performance Relative Performance chisq df p SS 

NOR1 0.058  NOR2 0.023  0.090 1 0.764 

 
NOR3 0.013  NOR4 0.000  0.003 1 0.957 

 
NOR5 0.061  NOR6 -0.022  1.190 1 0.275 

 
NOR7 0.008  NOR8 -0.025  0.435 1 0.510 

 
NOR9 -0.003  NOR10 -0.013  0.032 1 0.857 

 
NOR11 0.020  NOR12 0.004  0.101 1 0.751 

 
NOR13 0.016  NOR14 -0.020  0.498 1 0.480 

 
NOR15 0.011  NOR16 -0.021  0.423 1 0.516   

PER1 0.323  PER2 0.367  0.812 1 0.367 

 
PER3 0.300  PER4 0.363  2.553 1 0.110 

 
PER5 0.317  PER6 0.353  0.668 1 0.414 

 
PER7 0.290  PER8 0.339  0.961 1 0.327 

 
PER9 0.417  PER10 0.429  0.020 1 0.887 

 
PER11 0.428  PER12 0.464  0.238 1 0.625 

 
PER13 0.361  PER14 0.382  0.109 1 0.741 

 
PER15 0.294  PER16 0.336  0.565 1 0.452   

HKG1 -0.066  HKG2 -0.084  0.144 1 0.704 

 
HKG3 -0.021  HKG4 -0.079  1.812 1 0.178 
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HKG5 -0.031  HKG6 -0.014  0.108 1 0.743 

 
HKG7 0.003  HKG8 0.003  0.000 1 0.999 

 
HKG9 -0.043  HKG10 -0.109  1.211 1 0.271 

 
HKG11 0.023  HKG12 -0.042  1.569 1 0.210 

 
HKG13 -0.050  HKG14 -0.050  0.000 1 1.000 

 
HKG15 -0.006  HKG16 -0.013  0.013 1 0.910 

 

        
Coefficients Comparison for BEL Between Operationalizations With Same Performance 

Threshold but Different Background Thresholds 

BEL   

 

          

Fixed Performance Relative Performance chisq df p SS 

NOR1 0.058  NOR9 -0.003  0.277 1 0.599 

 
NOR2 0.023  NOR10 -0.013  0.070 1 0.792 

 
NOR3 0.013  NOR11 0.020  0.001 1 0.979 

 
NOR4 0.000  NOR12 0.004  0.000 1 0.989 

 
NOR5 0.061  NOR13 0.016  0.349 1 0.555 

 
NOR6 -0.022  NOR14 -0.020  0.000 1 0.987 

 
NOR7 0.008  NOR15 0.011  0.005 1 0.946 

 
NOR8 -0.025  NOR16 -0.021  0.030 1 0.864 

 
PER1 0.323  PER9 0.417  3.722 1 0.054 

 
PER2 0.367  PER10 0.429  2.767 1 0.096 

 
PER3 0.300  PER11 0.428  10.506 1 0.001 *** 

PER4 0.363  PER12 0.464  9.422 1 0.002 *** 

PER5 0.317  PER13 0.361  0.995 1 0.318 
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PER6 0.353  PER14 0.382  0.735 1 0.391 

 
PER7 0.290  PER15 0.294  0.006 1 0.937 

 
PER8 0.339  PER16 0.336  0.007 1 0.935   

HKG1 -0.066  HKG9 -0.043  0.238 1 0.626 

 
HKG2 -0.084  HKG10 -0.109  0.221 1 0.638 

 
HKG3 -0.021  HKG11 0.023  1.084 1 0.298 

 
HKG4 -0.079  HKG12 -0.042  0.569 1 0.451 

 
HKG5 -0.031  HKG13 -0.050  0.134 1 0.715 

 
HKG6 -0.014  HKG14 -0.050  0.396 1 0.529 

 
HKG7 0.003  HKG15 -0.006  0.048 1 0.827 

 
HKG8 0.003  HKG16 -0.013  0.135 1 0.713 

 
Note. BEL= sense of belonging, NOR= Norway, PER= Peru, HKG= Hong Kong, SS= 

statistically significant. 
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Appendix 8  

Coefficient Comparisons for Absence From School 

Coefficients Comparison for ABS Between Operationalizations With Same Background 

Threshold but Different Performance Thresholds 

ABS   

 

          

Fixed Performance Relative Performance chisq df p SS 

NOR1 -0.412  NOR2 -0.371  0.139 1 0.709 

 
NOR3 -0.641  NOR4 -0.459  0.958 1 0.328 

 
NOR5 -0.309  NOR6 -0.360  0.761 1 0.383 

 
NOR7 -0.371  NOR8 -0.296  2.754 1 0.097 

 
NOR9 -0.404  NOR10 -0.397  0.018 1 0.893 

 
NOR11 -0.412  NOR12 -0.395  0.117 1 0.732 

 
NOR13 -0.325  NOR14 -0.327  0.001 1 0.976 

 
NOR15 -0.368  NOR16 -0.333  0.594 1 0.441   

PER1 -0.078  PER2 -0.031  0.789 1 0.374 

 
PER3 -0.094  PER4 -0.045  1.771 1 0.183 

 
PER5 -0.066  PER6 -0.015  1.100 1 0.294 

 
PER7 -0.116  PER8 -0.072  0.644 1 0.422 

 
PER9 0.006  PER10 0.061  0.272 1 0.602 

 
PER11 -0.015  PER12 0.004  0.048 1 0.828 

 
PER13 -0.028  PER14 0.043  0.998 1 0.318 

 
PER15 -0.108  PER16 -0.046  1.014 1 0.314   

HKG1 -0.411  HKG2 -0.433  0.122 1 0.727 

 
HKG3 -0.399  HKG4 -0.377  0.155 1 0.694 
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HKG5 -0.328  HKG6 -0.330  0.002 1 0.966 

 
HKG7 -0.343  HKG8 -0.329  0.093 1 0.760 

 
HKG9 -0.351  HKG10 -0.403  0.511 1 0.475 

 
HKG11 -0.324  HKG12 -0.369  0.437 1 0.508 

 
HKG13 -0.326  HKG14 -0.350  0.148 1 0.701 

 
HKG15 -0.382  HKG16 -0.355  0.204 1 0.652 

 
Coefficients Comparison for ABS Between Operationalizations With Same Performance 

Threshold but Different Background Thresholds 

ABS   

 

  chisq df p SS 

Fixed Performance Relative Performance         

NOR1 -0.412  NOR9 -0.404  0.005 1 0.942 

 
NOR2 -0.371  NOR10 -0.397  0.023 1 0.879 

 
NOR3 -0.641  NOR11 -0.412  1.518 1 0.218 

 
NOR4 -0.459  NOR12 -0.395  0.072 1 0.789 

 
NOR5 -0.309  NOR13 -0.325  0.078 1 0.780 

 
NOR6 -0.360  NOR14 -0.327  0.124 1 0.725 

 
NOR7 -0.371  NOR15 -0.368  0.003 1 0.953 

 
NOR8 -0.296  NOR16 -0.333  0.048 1 0.826   

PER1 -0.078  PER9 0.006  2.542 1 0.111 

 
PER2 -0.031  PER10 0.061  3.916 1 0.048 *** 

PER3 -0.094  PER11 -0.015  4.628 1 0.031 *** 

PER4 -0.045  PER12 0.004  1.620 1 0.203 

 
PER5 -0.066  PER13 -0.028  0.609 1 0.435 

 
PER6 -0.015  PER14 0.043  1.486 1 0.223 
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PER7 -0.116  PER15 -0.108  0.022 1 0.883 

 
PER8 -0.072  PER16 -0.046  0.211 1 0.646   

HKG1 -0.411  HKG9 -0.351  0.941 1 0.332 

 
HKG2 -0.433  HKG10 -0.403  0.133 1 0.715 

 
HKG3 -0.399  HKG11 -0.324  1.845 1 0.174 

 
HKG4 -0.377  HKG12 -0.369  0.013 1 0.911 

 
HKG5 -0.328  HKG13 -0.326  0.001 1 0.980 

 
HKG6 -0.330  HKG14 -0.350  0.038 1 0.844 

 
HKG7 -0.343  HKG15 -0.382  0.718 1 0.397 

 
HKG8 -0.329  HKG16 -0.355  0.254 1 0.614 

 
Note. ABS=absence from school, NOR= Norway, PER= Peru, HKG= Hong Kong, SS= 

statistically significant. 
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Abstract 

Teacher quality, teaching quality, school resources, and school climate are commonly 

identified as protective factors in the academic resilience literature. Variables reflecting these 

four concepts were applied in a latent profile analysis across thirty-six education systems 

participating in the Trends in International Mathematics and Science Study 2019. The best-

fitting model suggested four different latent profiles of protective factors. A three-step BCH 

method with an auxiliary regression model was adopted to investigate the influence of 

education expenditure on academic resilience across the profiles. Education expenditure 

promoted academic resilience in a profile characterized by low mathematics resources and 

another profile with low teaching quality and school climate. Education expenditure had no 

significant influence in the remaining two profiles characterized by very low and high levels 

of classroom and school protective factors, respectively. Moreover, countries were classified 

into six cultural groups representing education systems sharing similarities in language, 

history, or geography. Within each group, there was a certain degree of consistency in the 

distribution of profiles. Conclusions are drawn for strategies to promote academic resilience. 

Keywords. Academic resilience, Teacher quality, Teaching quality, School resources, 

School climate, Education expenditure 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

210 

 

1. Introduction 

Educational inequalities are a concern in many countries across the globe. With the 

increasing availability of data from international large-scale assessments (ILSAs), a growing 

number of studies have examined how to promote “academic resilience”, a term that refers to 

succeeding “against the odds”. Academic resilience describes students’ capacity to perform 

well despite having a disadvantaged background (OECD, 2011). The critical question is what 

characterizes malleable features of the school contexts that are positively related to such 

academic resilience (Agasisti et al., 2018) and whether it would be possible to increase these 

features by increasing education expenditure. 

The growing utilization of ILSAs data offers researchers valuable insights into the 

protective factors derived from students’ individual characteristics, family backgrounds, and 

learning environments. Moreover, it presents a significant opportunity to examine the role of 

these protective factors in fostering academic resilience across countries (i.e., Cheung, 2017). 

However, when exploring academic resilience across countries, three primary concerns 

emerge.  

First, researchers examining protective factors across nations usually explore their 

overall influences by either analyzing one pooled data set or multiple single-country data sets. 

The former approach usually ignores country-specific characteristics (i.e., Agasisti et al., 

2018). The latter often employs a single model to investigate the influence of protective 

factors within individual countries, leading to results that are challenging to generalize (i.e., 

Erberer et al., 2015). 

Second, the operationalization of academic resilience is problematic in many studies, as 

shown by Authors. (2021). International comparison studies often utilize a fixed performance 

threshold to operationalize academic resilience, which refers to a single score used to denote 

exceptional educational achievement across all participating nations. This approach fails to 

consider the wide variations in average academic achievement across countries and may result 

in an inadequate understanding of what it means to be a high achiever in countries at the 

lower end of the achievement scale.  

Third, multilevel modeling was usually adopted to explore the relationships between 

academic resilience and protective factors. Researchers frequently explored numerous 

protective factors and solely reported the relationship between academic resilience and 

protective factors without delving into interactions (i.e., Vicente et al., 2021). Consequently, 

the intricate relationships and nonlinear associations among these protective factors were 
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often overlooked. To address this issue, some researchers (i.e., Koirikivi et al., 2021) utilized 

latent class analysis to examine multiple protective factors, aiming to identify distinct classes 

of resilience resources. These identified classes were subsequently examined with external 

variables using a three-step method. However, this method is not without limitations, either. 

Specifically, when the external variable (i.e., outcome) is included in the final stage, the latent 

class variable may experience substantial shifts in membership, thereby rendering the results 

invalid (Asparouhov & Muthén, 2014b). 

These problems call for a more suitable conceptualization of academic resilience and a 

more comprehensive evaluation of protective factors across countries. The current study 

employs data from 8th graders, teachers, and principals within 36 education systems 

participating in the Trends in International Mathematics and Science Study (TIMSS) 2019. As 

compared to other ILSAs, the sampling design of TIMSS allows for directly linking student 

and teacher data. Moreover, the grade 8 population, as compared to the grade 4 population in 

TIMSS, has much more robust information on students’ home backgrounds. The study aims 

to identify resilient students and to analyze how profiles of protective factors vary across 

nations with state-of-the-art methods avoiding the problematic issues identified above. 

Moreover, the variability across countries is used to explore how these profiles of protective 

factors reflect educational expenditure.  

1.1 Academic Resilience 

Resilience refers to positive adaptation despite adversity (Luthar, 2006). Depending on 

the measurement method, studies utilize certain adverse characteristics to define risk; hence 

positive adaptations refer to outcomes better than expected. Protective factors, which facilitate 

resilience, are a fundamental research topic in the field (Tudor & Spray, 2017).  

When resilience is explored in education, positive adaptations usually focus on students’ 

academic performance (OECD, 2011), while risks are defined in various ways (Martin & 

Marsh, 2008). Studies on academic resilience went through two periods and demonstrated 

different patterns: before and after using ILSAs data. In the first period, researchers treated 

problematic relationships with parents or discrimination as student risks (Wayman, 2002) 

while emphasizing individual protective factors such as persistence (Martin & Marsh, 2008). 

Studies focused on aspects associated with students and their families, such as students’ 

attitudes toward school and family academic support (Wayman, 2002).  

With the development of ILSAs, standardized information about students’ knowledge 

and skills became available across countries. Accordingly, studies investigating academic 
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resilience in an international comparative context have become frequent since the 2010s. 

ILSAs also came with composite measures of students’ socio-economic home background, 

such as PISA’s economic, social and cultural status (ESCS). Thus many studies adopted a low 

level of SES to define risk. Moreover, with a growing awareness that schools can compensate 

for risks such as a disadvantaged home background, emphasis was placed on malleable 

institutional factors such as school resources, school climate, and teaching styles and 

strategies (Agasisti et al., 2018). Considering the impact of education financial policy on these 

amenable school inputs, some researchers further examined the influence of education 

expenditure on academic resilience (Agasisti & Longobardi, 2012). 

Data used in this period usually included one country or more, and naturally, researchers 

started wondering whether the protective factors’ impact varies across countries. With the 

help of ILSAs data, international comparisons became more accessible. However, due to 

variations in economic development, cultures, and educational policies, researchers face 

significant challenges when defining and operationalizing academic resilience as a unitary 

concept across countries. In studies that utilize ILSAs data, a relative threshold is typically 

employed to define risk (i.e., bottom 1/3 of SES within-country), and a fixed cut-off on the 

scale of educational achievement is used to determine positive adaptation (i.e., a score of 475 

defined to be the lower bound of the achievement level labeled as “intermediate” in the 

TIMSS studies). This approach may lead to overestimating the proportion of resilient students 

in high-achieving countries and underestimating it in low-achieving countries, which may not 

accurately reflect the quality of support provided to their disadvantaged students. This study, 

therefore, adopted a relative threshold to determine high educational performance, as Authors. 

(2021) suggested, to better reflect the pool of academically resilient students in each country. 

1.2 Factors Promoting Academic Resilience 

1.2.1 School Characteristics 

Research on academic resilience is deeply rooted in the fields of psychology and 

sociology (Aburn, Gott, & Hoare, 2016). Hence, the protective factors most frequently studied 

reflected either within-person traits/states or characteristics reflecting the level of society. 

Accordingly, research on resilience did not until recently to a large extent reflect the potential 

of the teacher, and other resources proximal to the instructional context, as potential 

protective factors facilitating resilience. For example, extra-curricular activities were found to 

promote resilience for adolescents experiencing behavioral or mental health difficulties (Sun, 

2007). 
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The state of research changed with Borman and Overman (2004), who thoroughly 

examined protective factors related to core school characteristics in the United States. Borman 

and Overman emphasized school inputs, such as school resources (free-lunch legibility, 

availability of instructional resources, class size), teacher quality (years of experience), 

curriculum and instructional quality (clear goals, monitoring student progress), and school 

climate (safe and orderly environment). Their research revealed that characteristics of a 

supportive school community, including a safe and orderly environment, positive teacher-

student relationships, and support for family involvement, were the most influential factors in 

promoting academic resilience. 

The emphasis on malleable school factors was further underscored when ILSAs data was 

applied to study resilience. Using Italian data from PISA 2009, Agasisti and Longobardi 

(2012) focused on school-level characteristics. The study found that school factors associated 

with teachers were generally significant in predicting resilience, including the availability of 

teaching resources,  the proportion of qualified teachers, the teacher-student ratio, and teacher 

shortage.  

Erberer and colleagues (2015) employed TIMSS 2011 data from twenty-eight countries 

to investigate the relationships between academic resilience and school characteristics. They 

studied teachers’ beliefs that students can do well in mathematics, the percentage of 

disadvantaged students, schools’ emphasis on academic success, safety and discipline, and 

shortages in educational resources on instruction. The associations between school factors and 

resilience were found to vary across education systems, with the most robust and consistent 

predictor being the beliefs held by teachers.  

Utilizing combined data from PISA 2012 and 2015, Agasisti et al. (2018) examined the 

associations between academic resilience and various school-level factors. The factors 

included school learning climate (disciplinary climate, percentage of students skipping school 

days, extra-curricular activities), school resources (computer-student ratio, class size, average 

school SES), and school leadership. Only the computer-student ratio was not significantly 

associated with academic resilience.  

García-Crespo and colleagues (2021) used data from the Progress in International 

Reading Literacy Study (PIRLS) 2016 to investigate student resilience in reading, 

emphasizing teachers’ influences. These included teachers’ formal education level and 

specialization, the school’s emphasis on academic success, a safe and orderly school 

environment, teacher-student interaction, teachers’ job satisfaction, classroom instructional 
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limitations due to student attributes, reading strategies and techniques, homework tracking, 

and selection of reading materials. Findings showed that effective classroom management, a 

safe and orderly school environment, and teaching methods were the top predictors of 

academic resilience. In a follow-up study, García-Crespo and colleagues (2022) used TIMSS 

2019 data and investigated teaching-related variables in mathematics and science. Schools’ 

emphasis on academic success and a safe and orderly climate predicted academic resilience 

across domains. 

To sum up, four core characteristics of educational quality in schools were widely 

discussed in the literature using data from ILSAs: teacher quality, teaching quality, school 

climate, and school resources. The indicators of these were often positively related to 

academic resilience. However, it is essential to note that using ILSAs data to investigate 

academic resilience has resulted in varying research focus areas due to distinct sample designs 

in different ILSAs. For example, the PISA data does not associate students with their teachers 

because students were randomly selected from sample schools (OECD, 2020). Thus, studies 

using PISA data to explore teacher factors tend to examine them at the school level, i.e., the 

proportion of qualified teachers in a school (Jin et al., 2022). This has limited the depth of 

knowledge regarding the influence of teachers and teaching quality on academic resilience. 

1.2.2 Education Expenditure 

As a significant determinant of school inputs, education expenditure reflects the 

necessary financial resources for schools to establish a conducive learning environment, 

enhance teacher quality, and provide adequate school resources. Although education 

expenditure was found to have a limited direct average influence on student achievement 

(Hanushek & Woessmann, 2017), it may help disadvantaged students perform better. 

 Agasisti and Longobardi (2014a) employed PISA 2009 OECD data to investigate school 

factors related to teachers (i.e., teacher shortage) in conjunction with education expenditure 

and institutional characteristics. They found that education expenditure, the number of 

teaching hours per year, teachers’ average salary after 15 years of experience, and the age at 

which students were first grouped by ability were positively related to resilience.  

Following these outcomes, Agasisti and Longobardi (2014b) explored the association 

between the percentage of resilient students and two types of education expenditures: 

education spending as a fraction of a) government expenditure and b) GDP. Their study 

revealed that the former was associated with higher academic resilience in OECD countries. 
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However, the latter was found to function in a compensatory manner, with a slightly negative 

association observed for richer countries but a positive one for poorer countries. 

Agasisti and colleagues (2017) extended their inquiry into the relationship between 

education spending as a part of government expenditure and the presence of academic 

resilience in the OECD context by scrutinizing the data from five PISA cycles (2000 to 2012). 

Their findings revealed that education expenditure as a percentage of government spending 

might assist disadvantaged students, but the magnitude and direction of this association could 

be contingent on a country’s level of economic development. Specifically, it was observed as 

beneficial in poorer nations but unfavorable in richer ones. 

Vicente and colleagues (2021) employed PISA data from 2003 to 2018 to investigate the 

influence of individual factors (i.e., self-confidence), school factors (i.e., school SES, class 

size), and country-level factors (i.e., education expenditure per student, the ratio of teacher 

salary and GDP) on academic resilience. Their research revealed that, in the case of poorer 

countries, education expenditure per student is a significant predictor for academic resilience, 

whereas, for richer nations, teacher salary can contribute to enhanced academic performance 

among disadvantaged students. 

To sum up, based on studies of PISA data, academic resilience seems to correlate 

positively with education expenditure, particularly in poorer countries. Furthermore, these 

studies suggest that the efficacy of expenditure depends on the allocation and utilization of 

funds. The interrelationships among education expenditure, core teaching and teacher 

characteristics, and academic resilience remain inadequately understood due to the constraints 

imposed by PISA data. Specifically, the inability to establish a direct linkage between 

students and their teachers limits studies utilizing PISA data to scrutinize resilience solely at 

the school level. As a result, the complexity and nuances of teacher-related factors have not 

been fully explored in the literature.  

1.3 General versus Country-Specific Influences of Protective Factors 

As mentioned in the introduction, studies exploring protective factors enhancing 

academic resilience across countries can be distinguished by two trends: (1) examination of 

general influences using pooled data and (2) comparative analyses across a few selected 

countries. The former approach produced more significant results across studies due to a 

larger sample size but was less context-specific, while findings from the latter were often 

challenging to generalize. Additionally, the results from both approaches could vary 

considerably based on the levels and covariates included in the analysis. 
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1.3.1 Examination of General Influences Using Pooled Data 

Using pooled data from OECD PISA 2009, Agasisiti and colleagues (2014a) established 

the significance of education expenditure to academic resilience, which was confirmed and 

expanded upon in their subsequent research (Agasisiti et al., 2014b). Their research on 

school-level factors, such as the influence of the computer-student ratio on resilience, was 

consistent across studies based on pooled data.  

However, associations between academic resilience and protective factors differed when 

various covariates and levels were considered in the analysis. The significant association 

between education expenditure and school-level factors diminished when educational 

systems’ characteristics were considered in the model (Agasisti et al., 2012). Similar 

observations were made regarding the hierarchical level of analysis utilized in the model. The 

significant connections between academic resilience and school-related variables, such as 

extra-curriculum activities, were no longer evident upon incorporating country-level factors, 

such as education expenditure, into the model (Agasisiti et al., 2014a).  

Including multiple countries’ data from ILSAs in one pooled dataset may contribute to 

the complexity of interpreting results, as the substantial differences in cultural and educational 

contexts may significantly impact the assessment outcome. For instance, the proportion of 

teachers who have completed bachelor’s or postgraduate degrees is highly variable, ranging 

from 100% in Canada to 1% in Saudi Arabia (Mullis et al., 2020). Therefore, pooled data 

analysis may fail to account for these contextual differences accurately, and the significance 

of the findings may be obscured or misinterpreted.  

1.3.2 Comparative Analyses Across Countries 

Considering the heterogeneity among nations, some researchers investigated academic 

resilience country by country or in a few selected countries only. Erberer et al. (2015) 

examined protective factors in twenty-eight education systems participating in TIMSS 2011. 

Their findings indicated that factors at the individual level, such as students’ academic 

aspirations, demonstrated greater consistency than school-level factors, such as the school’s 

emphasis on academic success. García-Crespo et al. (2021) conducted a series of studies 

comparing protective factors across countries and found inconsistent results. For example, 

school discipline was significantly related to academic resilience in only eight out of twenty-

three countries. 

Given the inconsistent outcomes of studies exploring protective factors across countries, 

some researchers have opted to limit their investigations to countries with shared 
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characteristics such as culture, language, geographic location, or levels of economic 

development. Cheung et al. (2014) studied the influence of individual factors, namely, 

enjoyment of reading, diversity of reading materials, and metacognitive awareness of reading 

strategies, on reading resilience across four East Asia economies. The study yielded consistent 

results across countries for all three variables. Subsequently, Cheung (2017) reported 

consistent results concerning mathematics learning variables across five education systems in 

East Asia. Nevertheless, Sandoval-Hernández and colleagues (2016) reported inconsistent 

results when analyzing individual and school-level characteristics in five East Asian 

economies. For example, students’ valuing of mathematics was a predictor of academic 

resilience in three out of five education systems, whereas school emphasis on academic 

success was significant in only one country. 

Meanwhile, some researchers also compared protective factors between countries with 

notable cultural and economic differences. Ni and colleagues (2018) compared elementary 

students’ resilience in China and the United States. They found considerable country 

differences in individual resilience-promoting characteristics like self-control. Gabrielli and 

colleagues (2022) investigated protective factors between Southern European and North-

western countries. They found that school-level factors like extra-curricular activities were 

not significantly related to academic resilience in the former group, but the opposite was 

found in the latter. 

Özcan (2022) extended the research on academic resilience by comparing the influences 

of protective factors between individualist and collectivist cultures. Their study revealed 

significant disparities in the influences of individual characteristics, such as the self-concept 

of reading. However, negligible variations were observed concerning school-level resilience-

promoting factors such as disciplinary climate. 

1.4 Methodological Challenges 

Compared to studies employing pooled data, research utilizing country-specific data 

faces more difficulties concerning the methodologies applied in the analyses. ILSAs data like 

TIMSS typically involve a sample size of approximately 4,000 students per country, with a 

comparatively lower representation of disadvantaged students (Mullis & Martin, 2017). 

Smaller sample sizes decrease not only statistical power but also the flexibility of the effect 

size, which can result in the study being unable to detect a significant difference or correlation 

between variables, even if one is present (Anderson, Kelley, & Maxwell, 2017).  
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Given the hierarchical structure of schools, researchers commonly construct a baseline 

logistic regression model that includes individual-level variables and subsequently introduces 

classroom or school-level factors (Agasisti et al., 2018). However, the relationships among 

covariates may differ across countries, resulting in issues with model convergence. 

Consequently, multilevel modeling investigations often fail to explore interactions and 

primarily report the connections between protective factors and academic resilience. As a 

result, the interdependence among covariates across different hierarchical levels and its 

influence on the relationship between protective factors and academic resilience are 

frequently overlooked in these studies.  

To address these methodological challenges, Putwain and colleagues (2013) adopted 

cluster analysis and examined factors related to academic resilience across groups of students. 

Subsequently, Collie and colleagues (2017) expanded on this method by utilizing analysis of 

variance to establish associations between clusters of resilience and students’ motivation.  

The progress in statistical techniques has enabled researchers to establish the relationship 

between latent class membership and external variables. One approach that has gained 

widespread use in recent years is the three-step approach proposed by Asparouhov and 

Muthén (2014a). This approach involves estimating the latent class measurement model and 

subsequently examining the association between the latent class variable and the auxiliary 

variables. Boutin-Martinez et al. (2019) and Koirikivi et al. (2021) employed latent class 

analysis to identify distinct profiles of resilience-related factors, taking into account covariates 

and using the three-step method to explore auxiliary variables. 

However, empirical studies have suggested that the three-step method may not fully 

address the issue of shifting classes1, particularly when the entropy2 value is low and there is a 

significant disparity in the variances of the distal outcome across classes (Bakk and Vermunt, 

2014). To address this problem, Asparouhov and Muthén (2014b) proposed the BCH3 

method, which avoids shifts in latent class in the final stage to which the three-step method is 

susceptible. Despite the potential advantages of the BCH method, no resilience-related studies 

have yet, to the best of our knowledge, utilized this method. 

 
1 The introduction of external variables into the regression analysis may result in alterations to the probability of individuals 

being assigned to specific latent classes. 
2 Entrophy is a statistical fit index for model-based classification accuracy, with higher values indicating more precise 

assignment of individuals to latent profiles. Generally, a value close to 1 is ideal and above .8 is acceptable. 
3 Named after Bolck, Croon and Hagenaars who developed this method. 
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1.5 The Present Study 

In this study, country-specific characteristics are taken into account as relative thresholds 

for risks and positive adaptations are employed to define academic resilience. Taking 

advantage of the TIMSS design, in which students are nested in classrooms, we examine 

teacher and school characteristics previously documented as promising protective factors.   

Using latent profile analysis (LPA), this study investigates protective factors patterns by 

grouping the observed classroom and school characteristics into distinct profiles of resilience 

resources, to help improve our understanding of how such resources may work differently 

across cultures. Adopting the BCH method, we further examined the extent to which profiles 

are associated with academic resilience and education expenditure via auxiliary regression 

models. Specifically, we address the following research questions: 

1. How many distinct profiles of resilience resources, characterized by teacher quality, 

teaching quality, school climate, and school resources, can be identified in the 

sample?  

2. Do the profiles of resilience resources exhibit identifiable cultural patterns across 

diverse nations? 

3. To what extent do the identified latent profiles predict academic resilience? 

4. To what extent does the association between education expenditure as a percentage 

of Gross Domestic Product (GDP) and academic resilience vary across profiles?  

2. Method 

2.1 Sample and Procedure 

To better understand teachers’ impact on academic resilience, we utilized TIMSS 2019 

data, in which one or more intact classes were selected from randomly sampled schools via a 

two-stage stratified cluster sampling design (Mullis & Martin, 2017). The unprocessed data 

comprises 1.33 teachers per school4, with the majority of schools having only one teacher. In 

order to optimize a parsimonious model, one single teacher was randomly selected from 

schools represented by more than one teacher. T-tests were subsequently employed to 

compare teacher-related variables between the original and the modified dataset with only one 

teacher per school. Except for teachers’ educational level and specialization in Finland, and 

teachers’ educational specialization in Chinese Taipei, no other statistically significant 

 
4 The TIMSS data encompass one or more classrooms per school, with some instances involving multiple math teachers per 

school. However, the majority of the unprocessed data in our study consist of one classroom per school and one math teacher 

per classroom. 
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differences were detected in the remaining items that were tested (details see Tables 1-5 in 

Supplementary Materials).  

Following the appropriate treatment of 11 variables5 employed for latent profile 

identification and the random selection of one teacher per school, this study applied relative 

thresholds to define disadvantaged students within each education system. The final sample 

used for the present study thus comprises eighth-grade disadvantaged students (N = 54,748) 

and their mathematics teachers (n = 6,798) and principals (k = 6,798) from 36 educational 

systems participating in TIMSS 2019 Mathematics. Analyses were thereby conducted on this 

sub-sample of disadvantaged students and their teachers and principals. 

2.2 Measures6 

2.2.1 Academic Resilience 

This study adopted relative thresholds for risk and positive adaptation. Low SES (bottom 

1/3 within-country) was used to define risk, and high mathematics performance (top 1/3 

within-country) was used for positive adaptation. The Home Educational Resource (HER) 

scale of TIMSS 2019, based on students’ answers about home possessions and parents’ 

highest level of education, was used to indicate students’ SES. A higher score refers to a 

higher level of SES (see Table 6 in Supplementary Materials).  

The publicly available data sets from TIMSS represent students’ achievement by five 

plausible values (PVs) where students’ achievement scores are conditioned on all available 

background data (Mullis & Martin, 2017). This study used all five plausible values in 

mathematics, following Rubin’s (1987) rules. After identifying disadvantaged students as 

specified above, those with high performance were defined as resilient (1); otherwise, as non-

resilient (0). Consequently, the five plausible values were converted into five binary numbers 

that each assumed a value of either 1 or 0. These five binary numbers were used as dependent 

outcomes in the last step of the analysis. In Mplus software, this is achieved by specifying 

“TYPE = IMPUTATION” in the data command. 

With relative performance thresholds of 561.88 and 414.08, the United States and South 

Africa exhibited the lowest and highest occurrence of resilient students, respectively (see 

Figure 1). 

 
5  Students’ ratings on teaching quality (classroom management and instructional quality) were aggregated to the classroom 

level, and teachers’ ratings on school’s emphasis on academic success and safe and orderly climate were aggregated to the 

school level.  
6 Most of the variables used in this paper have composite scale scores in TIMSS, which the technical report confirms are 

comparable. We conducted measurement invariance tests on the remaining scores. 
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2.2.2 Teacher Quality 

This study assessed teacher quality by their highest level of education attained and 

classification of which subject or field was their major field of study. Teachers were asked to 

report their highest level of formal education completed on a scale ranging from 1 (did not 

complete upper secondary education) to 7 (Doctor or equivalent level), with a higher score 

indicating a higher level of educational attainment. Regarding the majors of the teachers, we 

used the variable, “Teachers Majored in Mathematics and Mathematics Education,” provided 

by the TIMSS data set. The scale of this variable ranges from 1 (major in mathematics and 

mathematics education) to 5 (no formal education in mathematics beyond upper secondary), 

which was reversed in our study such that a higher score denotes a stronger formal 

background in mathematics and education (see Table 1). 

2.2.3 Teaching Quality 

This study scrutinized three teaching quality dimensions: cognitive activation, 

instructional clarity, and classroom management (Blömeke, Olsen, & Suhl, 2016). Cognitive 

activation was evaluated through teachers’ responses to “How often do you do the following 

in teaching this class.” Seven items were rated on a four-point Likert scale, with examples 

including “related the lesson to students’ daily lives”. Given the involvement of numerous 

educational systems in the present study, we utilized relaxed fit indices to assess measurement 

invariance for cognitive activation (Nagengast & Marsh, 2014). Specifically, we relied on 

changes in the Comparative Fit Index (CFI) below .01 and changes in the Root Mean Square 

Error of Approximation (RMSEA) at or below .015. With ΔCFI = 0.00 and ΔRMSEA = 

0.014, scalar invariance was established. Subsequently, we constructed a scale (α = .780) 

based on these items, with a higher score reflecting greater levels of cognitive activation. 

For instructional clarity and classroom management, this study employed two TIMSS 

scales based on student responses, which were subsequently aggregated to the classroom level 

for appropriate modeling purposes. The scale of Instructional Clarity in Mathematics Lessons 

comprised seven items, including statements such as “My teacher is easy to understand,” with 

a higher score denoting higher levels of instructional clarity. The scale of Disorderly Behavior 

During Mathematics Lessons, consisting of six items, such as “there is disruptive noise,” was 

used as a measure of classroom management, with a higher score indicating fewer incidents of 

disorderly behavior. Composite scores for these two scales generated by TIMSS were used in 

the analysis. 
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2.2.4 School Resources 

Three aspects of school resources were investigated: mathematics resources as reported 

by principals, school SES as a proxy of overall school resources, and opportunity to learn 

(OTL) mathematics as reported by teachers for the target class.  

TIMSS’s composite scale score of the Instruction Affected by Mathematics Resources 

Shortage, which was derived from five items such as “Library resources relevant to 

mathematics instruction”, was used to measure mathematics resources. A higher score 

indicates that mathematics instruction is less impacted by resource shortage. School SES was 

created on students’ HER scores, aggregated to the school level. School OTL, which 

measures the extent to which students have access to high-quality curriculum, was based on 

teachers’ responses to 22 topics related to Numbers, Algebra, Geometry, and Data and 

Probability. If the teacher indicated that the specific topic, for instance, “Simple linear 

equations” was “Mostly taught before this year” or “Mostly taught this year”, the topic was 

regarded as taught. The number of topics taught divided by the total number of 22 topics was 

used as a measure of OTL. 

2.2.5 School Climate 

This study examined three aspects of school climate: discipline, schools’ emphasis on 

academic success (SEAS), and a safe and orderly environment.  

The composite scale score on School Discipline Problems was derived from principals’ 

answers on 11 items such as “Absenteeism”, with a higher score indicating a lower incidence 

of disciplinary problems. The other two composite scale scores—SEAS and Safe and Orderly 

School—were based on teachers’ responses. A higher score indicates a higher level of 

academic emphasis or a safer and more orderly climate. The SEAS scale was derived from 14 

items such as “Teachers’ expectation for student achievement”. The Safe and Orderly School 

scale was based on eight items such as “I feel safe at this school.”  All three composite scale 

scores were developed by TIMSS and designed to provide comparable measures across 

countries.  

2.2.6 Education Expenditure 

This study adopted the Government Expenditure on Education (% of GDP) data from the 

World Bank, calculated by dividing total government expenditure for all levels of education 

by GDP. In the analyses, averages of government expenditure on education from 2016 to 

2018, three years before TIMSS 2019, were employed, ranging from 2.26% to 7.87%. By 

averaging the data over three years, we can reduce the impact of year-to-year fluctuations and 
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obtain a more stable and reliable measure for education expenditure. Saudi Arabia and the 

three Nordic countries, Norway, Sweden, and Finland, ranked highest in education 

expenditure. 

2.3 Statistical Analyses 

Data was prepared using the R Software version 4.0.2 (R Core Team, 2019). Analyses 

were conducted using Mplus version 8.8 (Muthén & Muthén, 2017), and missing data were 

handled with the full information maximum likelihood. Maximum likelihood estimation with 

robust standard errors (MLR) was used for latent profile analyses. TIMSS 2019 data are 

available from the International Association for the Evaluation of Education Achievement 

(IEA) database at https://timss2019.org/international-database/. Education expenditure data 

can be downloaded from the World Bank website at 

https://data.worldbank.org/indicator/SE.XPD.TOTL.GD.ZS. 

Asparouhov and Muthén (2014a) proposed a three-step method to establish a connection 

between latent classes and external variables while considering measurement errors. This 

method involves: 1) identifying latent classes; 2) classifying memberships (calculating the 

average classification error for each identified class); and 3) linking the identified classes with 

external variables. To address issues related to shifting class membership, Asparouhov and 

Muthén (2014b) further developed the BCH method. This method closely resembles the three-

step approach but differs in the second step, where the classification error is calculated for 

each individual. 

The present study employs latent profile analysis (LPA) to identify multiple unobserved 

latent homogenous profiles. To investigate the influence of education expenditure on 

academic resilience across these profiles, we adopted a BCH method, which allows for 

linkage between the profiles and covariates, as well as with distal outcomes (Asparouhov & 

Muthén, 2014b). 

Figure 2 provides the conceptual model employed in the current study. The 11 school 

and classroom characteristics used as indicators in Step 1 were employed to identify the 

optimal latent profile model. In Step 2, individual classification errors were computed, and the 

inverse logits of these error rates were used as BCH weights in the next step (Nylund-Gibson, 

Grimm & Masyn, 2019). In Step 3, education expenditure and academic resilience were 

incorporated into the model as the covariate and the distal outcome, respectively. 

 



 

2
2

7
 

 F
ig

u
re

 2
 C

o
n
ce

p
tu

a
l 

M
o
d
el

 o
f 

th
e 

L
a
te

n
t 

P
ro

fi
le

 A
n
a
ly

si
s 

a
n
d
 A

u
xi

li
a
ry

 R
eg

re
ss

io
n

 

 
N

o
te

. 
S

E
S

 =
 s

o
ci

o
-e

co
n
o

m
ic

 s
ta

tu
s,

 O
T

L
=

 o
p
p
o
rt

u
n
it

y
 t

o
 l

ea
rn

, 
S

E
A

S
 =

 S
ch

o
o
l’

s 
em

p
h
as

is
 o

n
 a

ca
d
em

ic
 s

u
cc

es
s.

 

 

  



 

228 

 

Based on preliminary analyses and theoretical considerations, covariances among these 

11 items were also included in the latent profile analysis (LPA). Four models were assessed to 

determine the suitable LPA model. Model 1 assumed equal variances across profiles and fixed 

covariances to zero. Model 2 entailed equal variances and covariances across profiles. Model 

3 involved freely estimated variances and equal covariances across profiles. Lastly, Model 4 

allowed both freely estimated variances and covariances across profiles.  

Comparisons across models of the following fit indices were used to decide the 

appropriate number of latent profiles: the Akaike Information Criterion (AIC), the Bayesian 

Information Criterion (BIC), the sample-size adjusted BIC (SABIC), the Lo-Mendell-Rubin 

likelihood ratio test (LMR), and the bootstrap likelihood ratio test (BLRT). Besides, we also 

considered parsimony and theoretical meaningfulness (Nylund, Asparouhov, & Muthén, 

2007). 

After identifying the latent profiles of resilience resources, two auxiliary logistic 

regressions were performed using BCH weights derived from Step 2. The first regression 

examined the relationship between academic resilience and identified profiles, while the 

second regression incorporated the covariate variable, namely education expenditure, to 

assess the influence of education expenditure on academic resilience across profiles. Given 

that the BCH setting is not applicable in Mplus for multilevel design, we specified “TYPE = 

COMPLEX” and “CLUSTER = SCHOOLID” in the command to account for the hierarchical 

structure of students nested within schools. 

3. Results 

3.1 Research Question 1: Profiles of Resilience Resources  

3.1.1 Identifying Profiles of Resilience Resources 

Eleven classroom and school protective factors were used as latent profile indicators. In 

the following, we refer to these as resilience resources. Four distinct model configurations, 

each characterized by differing covariances and variances, were employed to determine the 

optimal LPA model. Model 1 exhibited entropy values of approximately 0.6, indicating a 

relatively low level of classification quality and suggesting inadequate fit of the model to the 

observed data (Wang et al., 2017). Models 3 and 4 had convergence problems when the 

profile numbers increased. This issue is common with less restrictive LPA models with many 

free parameters that may lead to unstable solutions (Bauer, 2022). Therefore, Model 2, which 

assumed equal variances and covariances across profiles, was chosen as the preferred model. 
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As the number of profiles increased, the AIC, BIC, and SABIC values decreased 

according to the LMR and BLRT tests (see Table 2). The decline in statistical significance 

was not evident in the five-profile model, indicating that the four-profile solution provides the 

optimal fit for the data, despite the two-profile model having the highest entropy value. 

Differences in entropy were limited, though. The smallest profiles in all models were smaller 

than 5%, ranging from .809% to 1.765%. Still, for the four-profile model, the smallest profile 

had 104 schools, higher than the recommended 50 units (Weller, Bowen, & Faubert, 2020). 

We also found that the smallest group in the four-profile model made reasonably conceptual 

sense. Therefore, the model with four profiles was chosen as both supported by model fit 

statistics and conceptual considerations. 

Table 2 Model Fit Indices for Latent Profile Analyses 

Profiles AIC BIC SABIC Entropy 
LMR  

p-value 

BLMR  

p-value 

Smallest  

profile% 

1 274637.592 275163.07 274918.382     

2 272423.568  273030.938  272748.118  .988  .000  .000  1.765  

3 270433.591  271122.854  270801.900  .923  .000  .000  1.589  

4 267693.930  268465.085  268105.998  .939  .000  .000  1.530  

5 267549.272  268402.319  268005.100  .939  .993  1.000  .809  

Note. N = 6,798, AIC = Akaike’s Information Criterion, BIC = Bayesian Information 

Criterion, SABIC = Sample-Adjusted BIC, LMR = Lo-Mendell-Rubin, BLRT = Bootstrap 

Likelihood Ratio Test. 

3.1.2 Description of the Four Profiles of Resilience Resources 

Figure 3 presents the latent profiles of the four groups across the 11 resilience resources, 

with the y-axis representing the standardized value for these resources. As commonly 

experienced in such latent profile analysis, one group represents those with low values across 

the indicators, while another group represents a profile with overall high average values 

across the indicators. In our case, profile 1, stands out as substantially different from the other 

three profiles with extremely low scores on all resilience resources. In contrast, profile 4 

represents a group of students with overall high values across all 11 resilience resources. The 

two other profiles also had overall relatively high values for many resources but with some 

substantially lower values for some indicators.  
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In the following more detailed descriptions for each of the profiles are provided. Profile 

1 had the lowest group size (1.53%), characterized by the lowest levels of teacher quality, 

teaching quality (instructional clarity and classroom management), school resources, and 

school climate. Hence, this profile was labeled “Vulnerable”. It should also be noted that in 

addition to being a rather small group, this profile is also mostly defined by one country 

(Morocco, see Figure 4). Hence, this profile appears partly as being an outlier in the solution. 

Profile 2 was the second-largest group (38.66%). Schools in this profile demonstrated 

high teaching quality, as evidenced by high instructional clarity and good classroom 

management. They also had a positive school climate, with the highest ratings for safe and 

orderly climate and schools’ emphasis on academic success. However, it ranked relatively 

low in mathematics resources but provided nevertheless a lot of OTL. This profile was named 

“Effective Teaching and Positive Climate.” 

Profile 3, with a group size of 19.99%, was characterized by a high level of school 

resources, including the highest school SES and mathematics resources. However, it had a 

low level of teaching quality, characterized by the lowest level of cognitive activation and 

relatively lower levels of instructional clarity and classroom management. Fewer teachers in 

Profile 3 had a major in mathematics and education. Furthermore, the school climate received 

relatively low ratings across all indicators, encompassing disciplinary measures, the school’s 

emphasis on academic success, as well as safety and orderly climate. The profile was denoted 

as “Resource-Heavy, Quality-Light.”  

Profile 4 had the largest group size (39.82%). Teachers in this profile exhibited the 

highest level of teacher quality on both education level and subject-specific major, and a high 

level of teaching quality on all other indicators, cognitive activation, instructional clarity, and 

classroom management. Schools in this profile also had a good school climate and ranked 

high on school resources, including school SES, OTL, and mathematics resources. For 

brevity, this profile was named “Good Schools.” 
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Figure 3 Plots of Four Latent Profiles  

Note. SES = socio-economic status, OTL= opportunity to learn, SEAS = School’s emphasis 

on academic success. 

3.2 Research Question 2: Cultural Patterns in Resilience Resources Profiles Across 

Countries7 

Schools characterized by a vulnerable profile (Profile 1) were found in 23.53% of the 

schools in Morocco, 4.90% in Sweden, and 4.35% in Jordan. The prevalence of the profile in 

the other countries, excluding the 21 out of 36 economies where Profile 1 was absent, ranged 

from 0.41% to 3.66% (see Figure 4A). 

The frequency of Profile 2, characterized by effective teaching and a favorable school 

environment, varied across countries, with Jordan exhibiting the highest proportion of schools  

(72.17%), followed by Romania (70.11%) and Saudi Arabia (66.33%). In contrast, the United 

States (12.06%), Hungary (8.90%), and Portugal (8.97%) demonstrated the lowest proportions 

of schools classified as Profile 2. 

The profile labeled “Resource-Heavy, Quality-Light” (Profile 3) exhibited a lower 

average prevalence across nations (19.99%). Among the economies studied, the highest 

proportion was observed in Hungary (71.92%), followed by South Korea (54.82%) and the 

United States (49.42%). In contrast, Romania (2.17%), Kazakhstan (1.89%), Georgia 

(1.42%), and Russia (1.02%) had the lowest prevalence of Profile 3. 

 

 
7  Classification for each school was based on its most likelihood of membership.  
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The “Good schools” (Profile 4) were most prevalent in Portugal at 84.83%, Georgia at 

82.27%, and Russia at 67.35%. Conversely, the lowest presence was observed in Hungary 

(19.18%), Morocco (12.61%), and Jordan (11.30%). 

As depicted in Figure 4A, the share of these four profiles displayed substantial variation 

across nations. Nonetheless, when cultural differences were taken into account, certain 

patterns emerged. This study categorized 34 education systems into six groups based on 

geographic and cultural considerations (see Table 3). We adopted a broader definition for the 

Middle East group, including countries in the Middle East and North Africa (Akkari, 2004). 

The Confucian Asia group included East and Southeast Asian education systems belonging to 

the Confucian cultural sphere (Huang & Chang, 2017). All countries in the Anglo group are 

developed nations, predominantly English-speaking, and once British colonies (Ashkanasy, 

Trevor-Roberts, & Earnshaw, 2002). The Latin Europe group included three Western or 

Southern European countries in which Romance languages are predominant. Three countries 

in the Nordic group share an egalitarian idea that the education system should provide access 

and opportunities for all (Frønes et al., 2020). The post-Soviet group includes six countries 

that used to be dominated by or part of the Soviet Union. Since Chile and South Africa were 

culturally and geographically different from these clusters, they were not included in any of 

the groups.  

The two-dimensional Figure 4B was constructed using the four profiles present in each 

economy. The ggplot2 package in R (Wickham et al., 2016) was utilized to generate a 

multidimensional scaling plot, a statistical technique employed to present complex, high-

dimensional data in a lower-dimensional space, while preserving the original distances or 

similarities as much as possible. In Figure 4B, closer proximity between economies indicated 

greater similarity in their four profiles. The present study utilized Fisher’s exact test to 

evaluate the similarities within cultural groups. The lines in Figure 4B indicated no 

statistically significant difference between the economies compared. We discuss our results, 

therefore, within cultural groups. 

Seven Middle East countries were found to have Profile 1 schools, which were observed 

in only 15 economies. Except for Turkey, Middle East countries demonstrated a relatively 

high prevalence of Profile 2, roughly 40% or greater. In contrast, Profile 3 was less prevalent, 

ranging from 27.04% to 7.52%. Profile 4 formed two distinct clusters characterized by higher 

and lower percentages. The latter cluster comprised Jordan, Morocco, Lebanon, and Saudi 

Arabia, most classified as low-SES countries. Fisher’s exact test results indicate no significant 
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differences among Oman, Bahrain, United Arab Emirates, Qatar, and Cyprus (p = .577). In 

contrast, Turkey and Morocco exhibited significant differences from the other Middle East 

countries. 

Profile 1 was absent in Confucian Asia, except for Malaysia. Profile 2 had a similar 

prevalence (around 34%) in Hong Kong, Malaysia, and Japan, with Chinese Taipei having a 

higher prevalence and South Korea having a lower prevalence. Profile 3 was more prevalent 

in South Korea (54.82%) and Hong Kong (37.90%), while the other three had lower 

proportions (< 23.21%). Profile 4 was less common in South Korea (19.88%) and Hong Kong 

(28.23%) but more common in the other three systems (> 37.06%). Fisher’s test results 

showed no statistically significant differences among Malaysia, Japan, and Chinese Taipei (p 

= .381) or between Malaysia, Japan, and Hong Kong (p = .056). However, South Korea was 

significantly different from the other Confucian Asia economies. 

Except for Ireland, Profile 1 was not found in Anglo countries. The prevalence of Profile 

2 was relatively lower in Anglo countries than in other groups, with the United Kingdom 

(39.34%) and Ireland (36.91%) having moderate representation. Profile 3 had a lower 

presence in Ireland (18.12%) and the United Kingdom (5.74%) but higher shares in the other 

three (>38.93%). Profile 4 had moderate to high representations in Anglo countries, ranging 

from 35.11% to 54.92%. In this group, Fisher’s test results found no significant differences 

among New Zealand, the United States, and Australia (p = .104). 

For the Latin Europe group, no cultural pattern was identified. Profile 1 was found in 

Italy but not the other two. Portugal and Italy had low shares of Profile 2, but France had a 

relatively high proportion (43.15%). Profile 3 had a higher presence in Italy (40.52%) but 

lower in the other two (< 6.21%). All three countries had a moderate to high share of Profile 

4, ranging from 41.83% to 84.83%.  

Among Nordic countries, Sweden showed significant differences compared to Norway 

and Finland. Regarding resilience resource profiles, Sweden exhibited a unique pattern with 

the presence of Profile 1, a relatively low proportion of Profile 2 (20.98%), and a relatively 

high ratio of Profile 4 (45.45%), respectively, as compared to the other two countries. Fisher’s 

test results also supported this finding. Norway and Finland were not significantly different (p 

= .082). 

Profile 1 was present in Georgia, Kazakhstan, and Romania. Profile 2 had a higher share 

in Kazakhstan (57.23%) and Romania (70.11%), a moderate presence in Russia and Lithuania 

(around 30%), and a low share in Georgia and Hungary (< 13.48%). Except for Hungary 
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(71.92%), Profile 3 had the lowest presence in Post-Soviet countries, ranging from 1.02% to 

2.17%. Profile 4 had high shares in Georgia (82.27%) and Russia (67.35%), moderate shares 

in Lithuania and Kazakhstan (around 40%), and relatively low shares in Romania and 

Hungary (about 20%). Within this group, the distribution of the profiles for Romania and 

Kazakhstan was not statistically different (p = .071). 

3.3 Research Question 3: Relationship Between Academic Resilience and Identified 

Profiles  

Following the completion of Steps 1 and 2, this study initially conducted an auxiliary 

logistic regression analysis, regressing the distal outcome of academic resilience on the four 

identified profiles. The purpose of this analysis was to investigate how these profiles predict 

academic resilience.  

In the regression analysis examining the association between latent profiles and the 

binary outcome of academic resilience, the odds ratios were obtained from the Mplus output. 

These odds ratios were then utilized to calculate the corresponding probabilities of being 

resilient across the different latent profiles (see Table 4), enabling a more accessible 

interpretation of the results. The probability estimates for students being resilient in Profiles 1, 

2, and 3 were calculated as 0.221, 0.213, and 0.206, respectively. In contrast, the probability 

of students being resilient in Profile 4, referred to as “Good Schools,”  was estimated to be 

0.281. We further tested probabilities across profiles via model constraint. The results 

revealed that the probability of being resilient in Profile 4 was significantly higher than the 

probabilities observed in the other three profiles (p = .000). 

Table 4 Relationship Between Four Latent Profiles and Academic Resilience 

    95% C.I.     

  Odds Ratio Lower2.5% Upper2.5%  p-value Probability 

Profile 1 0.961  0.818  1.128  0.000  0.221 

Profile 2 1.064  1.041  1.088  0.000  0.213 

Profile 3 1.061  1.004  1.121  0.000  0.206 

Profile 4 1.035  0.958  1.118  0.000  0.281 

 Note. C.I. = Confidential Interval. 

 



 

238 

 

3.4 Research Question 4: Relationship Between Academic Resilience and Education 

Expenditure Across Profiles 

Subsequently, we introduced the covariate, namely education expenditure, into the 

auxiliary logistic regression, investigating its association with academic resilience across 

profiles. Positive associations were observed between academic resilience and education 

expenditure in profiles 2, 3, and 4, with statistically significant relationships found only in 

profiles 2 (p = .000) and 3 (p = .037). In contrast, Profile 1 exhibited a negative but non-

significant association (p = .627) between education expenditure and academic resilience. 

Profile 1, denoted as “Vulnerable,” displayed an odds ratio of 0.961 (95% CI [0.818, 

1.128]). Profile 2, labeled as “Effective Teaching and Positive Climate,” demonstrated an 

odds ratio of 1.064 (95% CI [1.041, 1.088]), signifying a 6.4% higher likelihood of resilience 

with a one-unit increase in education expenditure. Profile 3, termed “Resource-Heavy, 

Quality-Light,” exhibited an odds ratio of 1.061 (95% CI [1.004, 1.121]), indicating a 6.1% 

higher likelihood of resilience with a one-unit increase in education expenditure. Profile 4, 

referred to as “Good Schools,” yielded an odds ratio of 1.035 (95% CI [0.958, 1.118]). 

Table 5 Relationship Between Education Expenditure and Academic Resilience  

          95% C.I. 

  Estimate S.E. p-value Odds Ratio Lower2.5% Upper2.5%  

Profile 1 -0.04 0.096 0.627  0.961  0.818  1.128  

Profile 2 0.062 0.016 0.000  1.064  1.041  1.088  

Profile 3 0.059 0.037 0.037  1.061  1.004  1.121  

Profile 4 0.034 0.058 0.389  1.035  0.958  1.118  

 Note. S.E. = Standard Error, C.I. = Confidential Interval. 

4. Discussion 

Prior research has identified classroom and school characteristics as predictors of 

academic resilience. However, certain technical and practical constraints, such as the design 

of ILSAs and limited access to SES data, have led to a lack of exploration regarding the 

influential role of these characteristics, including teacher and teaching quality, school 

resources, and school climate, in predicting academic resilience. Moreover, it has been an 

open question whether it is possible to identify cultural patterns in such protective factors. 

Scholars have dedicated attention to investigating the impact of education expenditure, 

particularly in countries with limited resources. However, research on the effectiveness of 
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education expenditure in relation to school inputs has been sparse, and there remains a dearth 

of knowledge regarding the allocation and utilization of funds. Additionally, concerns have 

been raised regarding the validity of operationalizations of academic resilience, which may 

impede the generalization of findings across studies. 

This study was designed to examine whether profiles of resilience resources exist across 

different countries, whether cultural patterns can be identified, and whether education 

expenditure promotes academic resilience within these identified profiles.  

4.1 Profiles of Resilience Resources 

This study employed latent profile analysis (LPA), a less commonly utilized approach in 

the field, to investigate protective factors associated with academic resilience from four key 

perspectives: teacher quality, teaching quality, school resources, and school climate. By 

incorporating the covariances among 11 items representing these perspectives, the study 

accounted for country-specific characteristics in identifying latent profiles of resilience 

resources. While direct relationships among these protective factors were not established 

through LPA, several patterns can be observed between them. 

One interesting characteristic of the four profiles is that where the teacher quality 

(particularly when their speciliaztions are more related to mathematics) is high, the three 

indicators of teaching quality also are high. This is consistent with findings from previous 

studies that teacher quality and teaching quality are associated (Blömeke et al., 2016).  

Another notable characteristic observed in the four profiles is the co-occurrence of low 

teaching quality, encompassing cognitive activation, instructional clarity, and classroom 

management, with a correspondingly low school climate. Specifically, indicators reflecting 

the school’s emphasis on academic success, as well as the climate of order and safety, exhibit 

lower levels when teaching quality is diminished. This phenomenon can be partially 

elucidated by the findings of Gore et al. (2022), who discovered that differences in teaching 

quality are less a reflection of teacher capabilities than of challenging circumstances. A better 

school climate may mitigate disturbances during class, thereby enabling teachers to focus on 

improving teaching interactions rather than classroom management. 

Prior research has established a positive association between school resources and 

teaching quality (Hill, Blazar, & Lynch, 2015). Schools with better resources were also 

known to attract and retain qualified teachers. However, the current study reveals a 

contrasting pattern wherein profiles characterized by greater school resources, encompassing 

school socio-economic status (SES), school opportunities to learn (OTL), and mathematics 
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resources, do not consistently exhibit higher levels of teacher quality and teaching quality. 

This finding may be attributed to educational equity policies that seek to redistribute 

accomplished teachers to socioeconomically disadvantaged schools. 

As previously indicated, profiles characterized by higher levels of school climate exhibit 

correspondingly higher levels of teacher quality and teaching quality. It is noteworthy that the 

most pronounced disparities are observed in the indicator measuring a safe and orderly 

climate. This observation can be attributed to the notion that a safe and orderly climate serves 

as a supportive environment for teachers, fostering their emotional well-being, social 

interactions, and academic endeavors (García-Crespo et al., 2021). 

4.2 Cultural Patterns in Resilience Resources Profiles Across Countries  

Previous research has assumed that countries sharing similar backgrounds tend to exhibit 

similarities in academic resilience and have consequently explored protective factors across 

various countries, including East Asian countries (Cheung et al., 2014) and Southern 

European countries (Gabrielli et al., 2022). However, there is a dearth of empirical studies 

investigating the underlying reasons for this assumption. To address this gap, the current 

study examined the presence of four identified profiles of resilience resources across six 

distinct cultural groups. 

Consistent with prior investigations, several of the examined cultural groups 

demonstrated certain cultural similarities. Specifically, five out of twelve Middle East 

countries, four out of five Confucian Asian economies, three out of five Anglo countries, two 

out of three Nordic countries, and two out of six Post-Soviet countries exhibited no significant 

differences in their respective profiles of classroom and school protective factors. 

However, noteworthy differences were also observed within these cultural groups, 

particularly among Middle East and Post-Soviet countries. Specifically, the presence of 

Profile 4, labeled as “Good Schools,” exhibited distinct proportions in two clusters in Middle 

East countries, one characterized by higher SES and the other characterized by lower SES. 

These differences may be partially attributed to variations in economic development, 

suggesting that the observed disparities in the prevalence of Profile 4 could be influenced by 

economic factors. 

4.3 Academic Resilience and Profiles of Resilience Resources 

Consistent with a substantial body of prior research (Agasisti et al., 2018; Garcia-Crespo 

et al., 2022), this study revealed a similar pattern whereby students in profiles characterized 

by higher levels of resilience resources, including teacher quality, teaching quality, school 
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resources, and school climate, exhibited a correspondingly higher likelihood of academic 

resilience. In particular, students in Profile 4, distinguished by the highest ratings across 

nearly all indicators pertaining to the four perspectives of resilience resources, demonstrate 

the highest probability of exhibiting resilience.  

However, an interesting finding emerged where students belonging to Profile 1, denoted 

by the lowest level of resilience resources, displayed the second highest probability of 

exhibiting resilience. This phenomenon can be attributed to the operationalization of 

academic resilience employed in this study, which adopted relative thresholds for 

performance. Notably, Profile 1 predominantly consisted of students from Morocco, a country 

characterized by the lowest mean SES among the 36 educational systems in our sample (see 

Figure 1). Despite this, Morocco demonstrated a relatively high prevalence of resilient 

students, ranking within the top five among the 36 education systems studied. 

4.4 Academic Resilience and  Education Expenditure 

 Consistent with prior investigations (Agasisti, 2017), our analysis revealed significant 

positive associations between education expenditure and academic resilience for two out of 

four profiles. Within Profile 2, characterized by low mathematics resources, and Profile 3, 

characterized by low teaching quality and school climate, a positive and statistically 

significant association was observed between education expenditure and academic resilience. 

This finding suggested that promoting academic resilience through these specific factors is 

plausible.  

However, the influence of education expenditure on academic resilience was found to be 

statistically non-significant in Profile 4, characterized as “Good Schools.” This observation 

can be attributed to the already high quality of the schools within this profile, suggesting that 

additional education expenditure did not result in further improvements in academic 

resilience. An alternative explanation could be that the education expenditure allocated within 

this profile was directed toward educational aspects not captured by ILSAs, such as initiatives 

aimed at promoting student well-being or investments in music and arts education. 

In Profile 1 (“Vulnerable”), the relationship between education expenditure and 

academic resilience exhibited a negative but statistically non-significant association. Although 

not reaching statistical significance, this negative association provides insights into potential 

disparities in the distribution of education resources within education systems including 

Profile 1 schools. Further empirical investigations are warranted to substantiate this 

assumption and deepen our understanding of resource allocation dynamics in these contexts. 
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5. Limitations 

With an emphasis on profiling resilience resources among disadvantaged students, this 

study exclusively scrutinized the teacher and school-related information pertaining to this 

subgroup. It is important to note that this limited scope may not comprehensively represent 

overall school inputs, particularly in countries characterized by significant income distribution 

disparities.  

Moreover, disadvantaged students were identified based on those who remained in 

school. Yet, it should be acknowledged that some of the most vulnerable students may already 

have dropped out of school and are not included in the sampling frame. The application of 

relative thresholds for risk and positive adaptation yields relatively higher proportions of 

resilient students in low-SES countries, which could be partially explained by lower coverage 

of the target population in those countries. 

To explore classroom factors associated with students’ academic resilience, we used the 

data from the TIMSS study, in which students are nested in a classroom. Given parsimonious 

model considerations, classroom and school factors were incorporated both at the school level 

in this study. Nonetheless, it is important to note that teacher quality in Finland and Taipei 

exhibited notable disparities between the raw data and the data utilized in this study. 

Consequently, careful scrutiny is necessary when interpreting the results of these two 

education systems, particularly concerning teacher education levels and majors. 

Furthermore, it should be noted that using the BCH method in this study has 

methodological limitations that preclude the application of multilevel modeling, including 

multilevel LPA. While schools were specified as the cluster to address the nesting structure of 

students and schools, treating education expenditure as a school-level variable does not 

capture the variances that may exist across schools.  

Although this paper examined the government expenditure on education (%GDP), no 

information was known about how funds were utilized. It is plausible that some countries may 

allocate funds to expand the scope of education, including areas such as music and arts, which 

are not typically evaluated by ILSAs. Besides, we adopted the mean of 2016 to 2018 to 

measure education spending, which may not accurately reflect the change across time. 

Moreover, it took time for protective factors to influence the outcome. Future studies are 

encouraged to explore protective factors longitudinally.  
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6. Conclusion 

This study found that profiles with teachers more likely to have a major in mathematics 

and education tend to have favorable teaching qualities. Furthermore, a higher level of 

teaching quality was observed in profiles with more favorable school climates. However, 

school resources were not necessarily associated with teacher quality, teaching quality, and 

school climate in these identified profiles. The presence of these identified four latent profiles 

varied across cultures. Several cultural patterns were found, which confirms the assumption 

that similar countries may be more alike in academic resilience. Profiles with higher level of 

resilience resources tended to predict academic resilience. The varied associations between 

education expenditure and academic resilience across profiles underscore the significance of 

contextual factors in supporting disadvantaged students. For instance, providing a dependable 

avenue for accessing resources might constitute a crucial prerequisite for assisting 

disadvantaged students in vulnerable schools. Alternatively, in good schools, factors such as 

effective teaching might be more influential in supporting disadvantaged students. These 

findings underscore the importance of tailoring interventions and policies to specific contexts 

and demand greater attention to the complexity of promoting academic resilience in schools. 
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Supplementary Materials 

Table 1  

Highest Educational Level (Raw data vs One-teacher data) 

    BTBG04 (Highest Educational Level) 

 AVG 

ONE-

T SD RAW SD statistic parameter p_value conf_int_lower conf_int_upper 

AUS 1.49  5.23  0.48  5.22  0.47  0.31  562.60  0.76  -0.06  0.09  

BHR 1.98  5.20  0.59  5.21  0.60  -0.16  217.18  0.87  -0.15  0.13  

CHL 1.02  5.10  0.33  5.11  0.33  -0.13  278.99  0.90  -0.08  0.07  

TWN 1.36  5.60  0.51  5.59  0.51  0.30  416.81  0.76  -0.08  0.11  

CYP 1.68  5.69  0.55  5.69  0.52  -0.02  138.77  0.99  -0.16  0.16  

FIN 2.15  6.00  0.30  5.91  0.54  2.37  462.95  0.02  0.02  0.17  

FRA 1.17  5.80  0.67  5.78  0.66  0.21  247.91  0.84  -0.15  0.18  

GEO 1.19  5.79  0.73  5.81  0.67  -0.29  276.58  0.77  -0.18  0.14  

HKG 1.27  5.42  0.53  5.40  0.52  0.25  251.19  0.80  -0.11  0.14  

HUN 1.64  5.26  0.50  5.27  0.51  -0.14  297.34  0.89  -0.11  0.10  

IRN 1.00  5.21  0.58  5.21  0.58  0.02  406.98  0.99  -0.11  0.11  

IRL 3.05  5.35  0.59  5.42  0.57  -1.31  226.37  0.19  -0.19  0.04  

ITA 1.29  6.07  0.44  6.07  0.41  -0.12  310.99  0.90  -0.10  0.09  

JPN 1.11  5.09  0.32  5.08  0.30  0.25  282.56  0.80  -0.06  0.08  

KAZ 1.33  5.09  0.50  5.12  0.48  -0.52  314.25  0.61  -0.13  0.08  

JOR 1.01  4.76  0.88  4.76  0.87  -0.01  398.98  0.99  -0.17  0.17  

KOR 1.22  5.39  0.49  5.39  0.49  -0.15  352.39  0.88  -0.11  0.09  

LBN 1.03  5.19  0.84  5.14  0.96  0.62  368.53  0.53  -0.13  0.24  

LTU 1.24  5.45  0.60  5.46  0.58  -0.16  382.47  0.88  -0.13  0.11  

MYS 1.51  5.03  0.52  5.02  0.48  0.20  334.46  0.84  -0.09  0.11  

MAR 1.05  4.00  1.44  3.93  1.47  0.45  365.83  0.65  -0.23  0.37  

OMN 1.06  5.03  0.47  5.04  0.47  -0.27  405.98  0.79  -0.10  0.08  

NZL 2.42  5.47  0.61  5.50  0.60  -0.39  210.94  0.70  -0.16  0.11  

NOR 1.48  5.39  0.54  5.45  0.54  -0.97  243.82  0.33  -0.19  0.07  

PRT 1.18  5.18  0.45  5.19  0.45  -0.15  300.50  0.88  -0.11  0.09  

QAT 1.39  5.34  0.51  5.28  0.51  0.87  275.20  0.39  -0.06  0.17  

ROM 1.09  5.12  0.76  5.13  0.75  -0.07  367.07  0.95  -0.16  0.15  

RUS 1.00  5.71  0.52  5.71  0.52  0.00  390.00  1.00  -0.10  0.10  

SAU 1.09  5.03  0.16  5.04  0.19  -0.50  319.94  0.62  -0.05  0.03  

ZAF 1.01  4.79  0.49  4.78  0.52  0.33  892.52  0.74  -0.05  0.08  

SWE 1.40  5.16  0.94  5.22  0.98  -0.52  290.51  0.60  -0.27  0.16  

ARE 1.53  5.26  0.56  5.27  0.61  -0.51  1114.31  0.61  -0.08  0.05  

TUR 1.03  5.06  0.24  5.06  0.24  0.06  317.57  0.95  -0.05  0.05  

EGY 1.02  4.73  0.84  4.72  0.85  0.10  293.99  0.92  -0.18  0.20  

USA 1.48  5.57  0.50  5.56  0.50  0.26  515.23  0.79  -0.07  0.09  

ENG 1.02  5.29  0.51  5.28  0.51  0.09  151.81  0.93  -0.15  0.17  

Note. AVG = Average number of teachers in raw data, SD = standard deviation, RAW = raw data, ONE-

T = one teacher data, conf_in = confidence interval. 
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Table 2  

Major (Raw data vs One-teacher data) 

    BTDMMME (Major) 

 AVG 

ONE-

T SD RAW SD statistic parameter p_value conf_int_lower conf_int_upper 

AUS 1.49  3.78  1.25  3.76  1.26  0.25  561.32  0.80  -0.17  0.22  

BHR 1.98  4.33  0.78  4.29  0.80  0.36  210.94  0.72  -0.15  0.22  

CHL 1.02  4.33  0.97  4.33  0.96  0.00  274.75  1.00  -0.23  0.23  

TWN 1.36  4.05  1.00  3.71  1.17  3.31  451.62  0.00  0.14  0.53  

CYP 1.68  4.16  0.63  4.14  0.53  0.20  126.81  0.84  -0.16  0.20  

FIN 2.15  3.74  1.02  3.38  1.16  3.41  333.30  0.00  0.15  0.56  

FRA 1.17  4.29  0.80  4.27  0.81  0.16  248.20  0.87  -0.18  0.22  

GEO 1.19  4.56  1.00  4.60  0.94  -0.25  163.57  0.80  -0.33  0.25  

HKG 1.27  3.64  1.14  3.60  1.17  0.25  253.75  0.80  -0.24  0.32  

HUN 1.64  3.40  0.76  3.36  0.74  0.45  289.55  0.66  -0.12  0.19  

IRN 1.00  3.86  0.98  3.86  0.99  -0.06  406.99  0.95  -0.20  0.19  

IRL 3.05  4.05  1.04  3.98  1.07  0.71  235.98  0.48  -0.13  0.28  

ITA 1.29  3.65  1.33  3.74  1.31  -0.58  318.26  0.56  -0.37  0.20  

JPN 1.11  4.16  0.98  4.17  0.96  -0.09  286.78  0.93  -0.23  0.21  

KAZ 1.33  4.36  0.62  4.39  0.60  -0.54  312.30  0.59  -0.17  0.09  

JOR 1.01  3.81  0.89  3.80  0.90  0.03  452.00  0.97  -0.16  0.17  

KOR 1.22  3.63  0.82  3.68  0.82  -0.51  352.92  0.61  -0.21  0.13  

LBN 1.03  3.61  1.13  3.56  1.17  0.49  370.96  0.62  -0.18  0.29  

LTU 1.24  4.36  0.73  4.36  0.74  0.10  393.04  0.92  -0.14  0.15  

MYS 1.51  3.98  1.12  3.91  1.16  0.62  359.80  0.54  -0.15  0.30  

MAR 1.05  3.11  1.45  3.07  1.46  0.32  466.28  0.75  -0.22  0.31  

OMN 1.06  4.24  0.75  4.24  0.75  -0.04  431.98  0.97  -0.14  0.14  

NZL 2.42  3.46  1.25  3.46  1.23  -0.04  211.97  0.97  -0.28  0.26  

NOR 1.48  3.65  0.93  3.70  0.93  -0.50  241.64  0.62  -0.28  0.17  

PRT 1.18  4.77  0.60  4.79  0.56  -0.35  296.68  0.72  -0.15  0.11  

QAT 1.39  4.35  0.81  4.33  0.80  0.17  274.09  0.87  -0.17  0.20  

ROM 1.09  4.21  0.50  4.19  0.51  0.40  312.20  0.69  -0.09  0.14  

RUS 1.00  4.66  0.49  4.66  0.49  0.00  390.00  1.00  -0.10  0.10  

SAU 1.09  4.08  0.62  4.09  0.63  -0.21  371.05  0.83  -0.14  0.11  

ZAF 1.01  4.04  0.93  4.03  0.94  0.18  933.00  0.86  -0.11  0.13  

SWE 1.40  3.84  1.30  3.82  1.28  0.19  299.52  0.85  -0.25  0.31  

ARE 1.53  4.34  0.83  4.31  0.85  0.70  1070.04  0.49  -0.06  0.13  

TUR 1.03  4.26  0.94  4.24  0.93  0.18  313.78  0.86  -0.19  0.23  

EGY 1.02  4.10  0.97  4.10  0.97  -0.04  310.79  0.97  -0.22  0.21  

USA 1.48  3.57  1.25  3.46  1.25  1.02  515.52  0.31  -0.10  0.31  

ENG 1.02  4.32  0.75  4.33  0.75  -0.14  151.88  0.88  -0.26  0.22  

 Note. AVG = Average number of teachers in raw data, SD = standard deviation, RAW = raw data, 

ONE-T = one teacher data, conf_in = confidence interval. 
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Table 3  

Cognitive Activation (Raw data vs One-teacher data) 

    CAgSCALE (Cognitive Activation) 

 AVG 

ONE-

T SD RAW SD statistic parameter p_value conf_int_lower conf_int_upper 

AUS 1.49  22.40  3.30  22.33  3.24  0.25  553.21  0.81  -0.45  0.58  

BHR 1.98  25.03  2.81  24.93  2.79  0.30  213.85  0.77  -0.56  0.75  

CHL 1.02  24.03  3.16  24.12  3.18  -0.22  270.93  0.82  -0.84  0.67  

TWN 1.36  19.31  3.41  19.43  3.44  -0.37  420.03  0.71  -0.75  0.52  

CYP 1.68  23.72  2.92  23.63  2.96  0.21  143.01  0.83  -0.80  0.99  

FIN 2.15  21.72  3.14  21.27  3.44  1.39  321.06  0.16  -0.18  1.07  

FRA 1.17  21.03  2.38  21.04  2.40  -0.01  245.68  0.99  -0.60  0.59  

GEO 1.19  23.33  2.60  23.23  2.59  0.34  288.88  0.74  -0.49  0.69  

HKG 1.27  19.07  3.34  18.91  3.48  0.38  257.84  0.70  -0.66  0.98  

HUN 1.64  22.60  3.03  22.32  3.18  0.83  300.86  0.41  -0.38  0.93  

IRN 1.00  22.44  3.29  22.43  3.29  0.04  400.99  0.97  -0.63  0.66  

IRL 3.05  21.75  3.45  21.63  3.52  0.34  237.59  0.73  -0.55  0.79  

ITA 1.29  23.48  3.34  23.61  3.36  -0.34  321.62  0.73  -0.84  0.59  

JPN 1.11  19.29  3.12  19.22  3.20  0.18  285.18  0.85  -0.66  0.80  

KAZ 1.33  25.06  2.50  24.83  2.56  0.85  333.77  0.39  -0.30  0.76  

JOR 1.01  23.55  2.84  23.56  2.84  -0.05  455.96  0.96  -0.53  0.51  

KOR 1.22  20.32  3.81  20.33  3.72  -0.03  344.54  0.98  -0.79  0.77  

LBN 1.03  23.07  3.41  23.13  3.40  -0.16  370.66  0.87  -0.75  0.64  

LTU 1.24  22.43  2.83  22.35  2.89  0.29  390.80  0.77  -0.48  0.64  

MYS 1.51  22.39  3.48  21.93  3.82  1.28  380.23  0.20  -0.25  1.17  

MAR 1.05  22.00  3.23  21.88  3.30  0.40  466.67  0.69  -0.47  0.71  

OMN 1.06  23.97  2.68  23.94  2.67  0.13  439.89  0.90  -0.47  0.53  

NZL 2.42  22.68  3.55  22.64  3.35  0.09  205.68  0.93  -0.72  0.79  

NOR 1.48  20.99  3.00  21.15  3.16  -0.41  224.41  0.68  -0.93  0.61  

PRT 1.18  22.18  3.08  21.89  3.41  0.80  308.75  0.42  -0.43  1.02  

QAT 1.39  24.47  3.09  24.44  3.11  0.10  272.81  0.92  -0.67  0.74  

ROM 1.09  23.37  3.19  23.40  3.26  -0.07  371.17  0.94  -0.68  0.63  

RUS 1.00  22.66  2.97  22.66  2.97  0.00  390.00  1.00  -0.59  0.59  

SAU 1.09  24.04  3.04  24.06  3.10  -0.07  346.80  0.94  -0.67  0.62  

ZAF 1.01  21.97  3.66  21.95  3.65  0.07  938.83  0.94  -0.45  0.48  

SWE 1.40  21.55  3.15  21.83  3.33  -0.78  302.12  0.44  -0.99  0.43  

ARE 1.53  25.04  2.95  24.97  3.01  0.41  1031.62  0.68  -0.27  0.42  

TUR 1.03  23.64  3.15  23.65  3.18  -0.03  315.93  0.98  -0.71  0.69  

EGY 1.02  23.09  2.96  23.09  2.95  0.01  322.85  1.00  -0.64  0.65  

USA 1.48  24.02  3.03  23.78  3.16  0.91  515.89  0.36  -0.27  0.75  

ENG 1.02  21.70  3.06  21.73  3.05  -0.04  141.86  0.97  -1.03  0.99  

 Note. AVG = Average number of teachers in raw data, SD = standard deviation, RAW = raw data, 

ONE-T = one teacher data, conf_in = confidence interval. 
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Table 4  

Teachers' Ratings on School Emphasis on Academic Success (Raw data vs One-teacher data) 

    BTBGEAS (school emphasis on academic success: teachers' perspective) 

 AVG 

ONE-

T SD RAW SD statistic parameter p_value conf_int_lower conf_int_upper 

AUS 1.49  9.91  2.11  9.94  2.07  -0.22  559.92  0.82  -0.37  0.29  

BHR 1.98  11.03  1.79  10.87  1.87  0.73  221.64  0.47  -0.27  0.58  

CHL 1.02  9.68  2.38  9.69  2.56  -0.03  278.19  0.98  -0.59  0.57  

TWN 1.36  9.95  2.03  9.73  2.00  1.17  418.82  0.24  -0.15  0.59  

CYP 1.68  10.82  2.61  10.57  2.48  0.64  140.01  0.52  -0.52  1.02  

FIN 2.15  9.59  1.66  9.45  1.55  0.87  278.75  0.39  -0.18  0.45  

FRA 1.17  9.29  1.56  9.30  1.58  -0.07  250.00  0.95  -0.40  0.37  

GEO 1.19  9.92  1.63  9.89  1.56  0.19  288.72  0.85  -0.33  0.40  

HKG 1.27  9.48  1.81  9.45  1.76  0.14  249.93  0.89  -0.40  0.46  

HUN 1.64  9.22  1.70  9.27  1.61  -0.29  279.77  0.77  -0.41  0.30  

IRN 1.00  9.48  2.25  9.47  2.25  0.05  408.99  0.96  -0.43  0.45  

IRL 3.05  10.70  1.87  10.64  1.95  0.30  234.46  0.77  -0.31  0.43  

ITA 1.29  9.38  1.52  9.45  1.56  -0.38  323.93  0.70  -0.39  0.26  

JPN 1.11  9.65  1.93  9.59  1.91  0.27  286.71  0.79  -0.38  0.50  

KAZ 1.33  11.45  1.50  11.23  1.59  1.34  345.64  0.18  -0.10  0.54  

JOR 1.01  9.79  1.92  9.80  1.93  -0.10  459.98  0.92  -0.37  0.33  

KOR 1.22  11.33  2.44  11.33  2.47  -0.01  353.30  0.99  -0.51  0.50  

LBN 1.03  9.82  2.10  9.86  2.11  -0.22  384.81  0.83  -0.47  0.37  

LTU 1.24  10.35  1.27  10.31  1.32  0.32  396.30  0.75  -0.21  0.29  

MYS 1.51  10.76  1.95  10.56  1.79  1.06  336.59  0.29  -0.17  0.57  

MAR 1.05  8.42  1.77  8.40  1.78  0.15  482.21  0.88  -0.29  0.34  

OMN 1.06  10.59  1.74  10.60  1.76  -0.07  438.94  0.95  -0.34  0.32  

NZL 2.42  10.20  2.35  10.19  2.21  0.03  199.50  0.98  -0.50  0.51  

NOR 1.48  9.99  1.56  9.95  1.49  0.21  233.07  0.83  -0.33  0.41  

PRT 1.18  9.17  1.69  9.15  1.64  0.08  300.94  0.94  -0.36  0.39  

QAT 1.39  11.19  2.08  11.19  2.08  0.00  276.34  1.00  -0.47  0.47  

ROM 1.09  10.18  1.86  10.16  1.88  0.14  372.55  0.89  -0.35  0.41  

RUS 1.00  9.46  1.37  9.46  1.37  0.00  390.00  1.00  -0.27  0.27  

SAU 1.09  11.25  2.20  11.23  2.19  0.09  384.89  0.93  -0.42  0.46  

ZAF 1.01  9.25  2.09  9.26  2.08  -0.08  954.85  0.94  -0.27  0.25  

SWE 1.40  9.67  1.56  9.65  1.64  0.14  309.74  0.89  -0.32  0.37  

ARE 1.53  11.45  2.51  11.52  2.57  -0.47  1076.65  0.64  -0.36  0.22  

TUR 1.03  9.49  2.06  9.48  2.07  0.05  317.85  0.96  -0.44  0.47  

EGY 1.02  10.16  1.84  10.19  1.83  -0.13  320.84  0.90  -0.43  0.38  

USA 1.48  9.63  2.16  9.64  2.12  -0.07  509.49  0.95  -0.36  0.34  

ENG 1.02  10.63  2.07  10.66  2.09  -0.09  151.96  0.92  -0.69  0.63  

 Note. AVG = Average number of teachers in raw data, SD = standard deviation, RAW = raw data, 

ONE-T = one teacher data, conf_in = confidence interval. 
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Table 5  

Teachers' Ratings on Safe and Orderly Environment (Raw data vs One-teacher data) 

    BTBGSOS (Safe and Orderly Environment: teachers' perspective) 

 AVG 

ONE-

T SD RAW SD statistic parameter p_value conf_int_lower conf_int_upper 

AUS 1.49  10.59  2.31  10.53  2.28  0.31  559.94  0.76  -0.30  0.42  

BHR 1.98  10.90  1.75  10.83  1.84  0.35  226.19  0.72  -0.34  0.49  

CHL 1.02  9.25  2.19  9.26  2.22  -0.03  278.97  0.97  -0.53  0.51  

TWN 1.36  10.19  1.76  10.10  1.73  0.54  416.40  0.59  -0.24  0.41  

CYP 1.68  10.39  2.49  10.16  2.47  0.60  143.40  0.55  -0.53  0.98  

FIN 2.15  9.38  1.76  9.26  1.63  0.76  277.11  0.45  -0.20  0.46  

FRA 1.17  9.40  1.92  9.49  1.93  -0.38  249.18  0.70  -0.57  0.38  

GEO 1.19  11.06  1.53  11.01  1.48  0.27  287.92  0.78  -0.30  0.39  

HKG 1.27  10.47  1.93  10.59  1.92  -0.49  250.99  0.62  -0.58  0.35  

HUN 1.64  10.05  1.67  10.09  1.67  -0.19  291.47  0.85  -0.39  0.32  

IRN 1.00  10.65  2.01  10.65  2.01  0.04  408.99  0.97  -0.38  0.40  

IRL 3.05  11.18  2.02  10.86  2.12  1.61  236.18  0.11  -0.07  0.73  

ITA 1.29  9.41  1.50  9.36  1.44  0.31  313.93  0.76  -0.27  0.36  

JPN 1.11  8.87  1.42  8.86  1.45  0.06  285.19  0.95  -0.32  0.34  

KAZ 1.33  11.61  1.76  11.56  1.72  0.25  328.64  0.80  -0.32  0.41  

JOR 1.01  10.28  2.00  10.29  2.00  -0.06  443.95  0.95  -0.38  0.36  

KOR 1.22  9.44  1.82  9.50  1.81  -0.35  349.04  0.72  -0.44  0.31  

LBN 1.03  10.21  1.95  10.26  1.98  -0.25  372.97  0.80  -0.45  0.35  

LTU 1.24  10.61  1.67  10.48  1.66  0.76  386.77  0.44  -0.20  0.45  

MYS 1.51  9.95  1.84  9.76  1.77  1.08  348.60  0.28  -0.16  0.55  

MAR 1.05  9.74  2.15  9.73  2.15  0.06  475.91  0.95  -0.37  0.40  

OMN 1.06  11.02  1.63  11.02  1.65  0.03  436.00  0.98  -0.30  0.31  

NZL 2.42  10.31  2.18  10.42  2.21  -0.47  216.20  0.64  -0.59  0.36  

NOR 1.48  10.47  1.83  10.35  1.82  0.53  239.10  0.60  -0.32  0.56  

PRT 1.18  10.22  1.97  10.09  1.97  0.61  303.47  0.54  -0.30  0.57  

QAT 1.39  11.04  2.02  11.10  2.06  -0.26  279.36  0.80  -0.52  0.40  

ROM 1.09  11.40  2.04  11.38  2.05  0.08  368.88  0.93  -0.40  0.43  

RUS 1.00  10.49  1.88  10.49  1.88  0.00  390.00  1.00  -0.37  0.37  

SAU 1.09  11.56  1.91  11.54  1.93  0.09  371.68  0.93  -0.37  0.41  

ZAF 1.01  8.44  2.01  8.45  2.02  -0.10  960.96  0.92  -0.27  0.24  

SWE 1.40  9.44  1.32  9.47  1.34  -0.19  303.78  0.85  -0.32  0.26  

ARE 1.53  11.64  2.18  11.67  2.15  -0.29  1043.72  0.77  -0.28  0.21  

TUR 1.03  10.03  2.23  9.98  2.23  0.21  317.79  0.83  -0.44  0.54  

EGY 1.02  10.91  1.82  10.94  1.83  -0.15  322.90  0.88  -0.43  0.37  

USA 1.48  9.81  2.25  9.79  2.28  0.10  515.35  0.92  -0.35  0.39  

ENG 1.02  10.59  2.20  10.63  2.20  -0.12  151.91  0.91  -0.74  0.66  

 Note. AVG = Average number of teachers in raw data, SD = standard deviation, RAW = raw data, 

ONE-T = one teacher data, conf_in = confidence interval. 
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Table 6  

Number of Disadvantaged Students and Thresholds for Academic Resilience 

  

Students 

(N) 

Students 

with HER 

information 

(n) 

HER 

missing 

rate (%) 

Disadvantaged 

students (k) 

Thresholds 

for 

academic 

performance  

AUS 9060 8902 1.74% 2967  554.28 

BHR 5725 5684 0.72% 1895  527.66 

CHL 4115 4070 1.09% 1357  471.92 

TWN 4915 4910 0.10% 1637  659.63 

CYP 3521 3500 0.60% 1167  537.99 

FIN 4874 4821 1.09% 1607  540.83 

FRA 3874 3724 3.87% 1241  513.02 

GEO 3315 3264 1.54% 1088  498.65 

HKG 3265 3248 0.52% 1083  620.36 

HUN 4569 4531 0.83% 1510  555.47 

IRN 5980 5970 0.17% 1990  483.45 

IRL 4117 4060 1.38% 1353  557.07 

ITA 3619 3605 0.39% 1202  529.04 

JPN 4446 4438 0.18% 1479  631.15 

JOR 7176 7078 1.37% 2359  459.87 

KAZ 4453 4435 0.40% 1478  520.50 

KOR 3861 3856 0.13% 1285  651.13 

LBN 4730 4667 1.33% 1556  458.89 

LTU 3826 3652 4.55% 1217  555.83 

MYS 7065 7033 0.45% 2344  495.17 

MAR 8458 8383 0.89% 2794  414.10 

OMN 6751 6646 1.56% 2215  456.15 

NZL 6050 5926 2.05% 1975  517.97 

NOR 4575 4270 6.67% 1423  538.54 

PRT 3377 3354 0.68% 1118  530.85 

QAT 3884 3835 1.26% 1278  483.00 

ROM 4494 4440 1.20% 1480  525.09 

RUS 3901 3893 0.21% 1298  577.87 

SAU 5680 5580 1.76% 1860  425.14 

ZAF 20829 20622 0.99% 6874  414.08 

SWE 3996 3891 2.63% 1297  536.74 

ARE 22334 21778 2.49% 7259  520.74 

TUR 4077 4044 0.81% 1348  542.60 

EGY 7210 7055 2.15% 2352  455.04 

USA 8698 8321 4.33% 2774  561.88 

ENG 3365 3183 5.41% 1061  552.35 

Note. HER = Home Educational Resources Index, students with the bottom 1/3 of HER were identified 

as disadvantaged, and performance thresholds were applied to their five plausible values in mathematics 
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to define resilience. Thresholds for performance were calculated based on five plausible values via 

intsvy package in R software. 

 


