

[image: image1]
More money does not necessarily help: relations of education expenditure, school characteristics, and academic resilience across 36 education systems









 


	
	
ORIGINAL RESEARCH
published: 09 May 2024
doi: 10.3389/feduc.2024.1368642








[image: image2]

More money does not necessarily help: relations of education expenditure, school characteristics, and academic resilience across 36 education systems

Wangqiong Ye†, Rolf V. Olsen*† and Sigrid Blömeke†


Faculty of Educational Sciences, Centre for Educational Measurement, University of Oslo, Oslo, Norway

Edited by
 Cheng Yong Tan, The University of Hong Kong, Hong Kong SAR, China

Reviewed by
 Michael D. Broda, Virginia Commonwealth University, United States
 Sonia Salvo-Garrido, University of La Frontera, Chile

*Correspondence
 Rolf V. Olsen, r.v.olsen@cemo.uio.no 

†ORCID
Wangqiong Ye, https://orcid.org/0000-0001-9629-8427
 Rolf V. Olsen, https://orcid.org/0000-0002-9621-4083
 Sigrid Blömeke, https://orcid.org/0000-0001-6068-4932

Received 11 January 2024
 Accepted 22 April 2024
 Published 09 May 2024

Citation
 Ye W, Olsen RV and Blömeke S (2024) More money does not necessarily help: relations of education expenditure, school characteristics, and academic resilience across 36 education systems. Front. Educ. 9:1368642. doi: 10.3389/feduc.2024.1368642
 

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 36 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.
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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 (e.g., 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 (e.g., 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 (e.g., Erberer et al., 2015).

Second, the operationalization of academic resilience is problematic in many studies, as shown by Ye et al. (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 (e.g., Vicente et al., 2021). Consequently, the intricate relationships and nonlinear associations among these protective factors were often overlooked. To address this issue, some researchers (e.g., 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 (e.g., outcome) is included in the final stage, the latent class variable may experience substantial shifts in membership, thereby rendering the results invalid (Asparouhov and 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 and 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 and 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 and 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 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).

These malleable school inputs are widely discussed with education expenditure, including government expenditure on education as a percentage of GDP, to gain insights into how education systems operate (Hanushek and Woessmann, 2017). Such discussions contribute to the development of educational policies aimed at enhancing educational equality and quality through careful resource allocation and management, such as teacher training (Vegas and Coffin, 2015). Importantly, since disadvantaged students often come from low-SES families, resources provided by schools can mitigate risks, highlighting the crucial impact of strategic resource allocation and spending on their social mobility. However, despite the extensive discussion on school inputs such as teacher quality, the influence of education expenditure on academic resilience remains less explored (Agasisti and Longobardi, 2014).

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 (e.g., bottom 1/3 of SES within-country), and a fixed cut-off on the scale of educational achievement is used to determine positive adaptation (e.g., 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 Ye et al. (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 et al., 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 and Stewart, 2007).

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 (2014) 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 et al. (2015) employed TIMSS 2011 data from 28 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 (e.g., their confidence in students doing well in math).

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 et al. (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 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 et al. (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, for example, 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 and Woessmann, 2017), it may help disadvantaged students perform better.

Agasisti and Longobardi (2014) employed PISA 2009 OECD data to investigate school factors related to teachers (e.g., 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 et al. (2014) 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. 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 Longobardi (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 (2000–2012). 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 et al. (2021) employed PISA data from 2003 to 2018 to investigate the influence of individual factors (e.g., self-confidence), school factors (e.g., school SES, class size), and country-level factors (e.g., 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.


1.3.1 Examination of general influences using pooled data

Using pooled data from OECD PISA 2009, Agasisti and Longobardi (2014) established the significance of education expenditure to academic resilience, which was confirmed and expanded upon in their subsequent research (Agasisti et al., 2014). 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., 2014). 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 (Agasisti and Longobardi, 2014).

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 28 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 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 et al. (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 et al. (2020) compared elementary students’ resilience in China and the United States. They found considerable country differences in individual resilience-promoting characteristics like self-control. Gabrielli et al. (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 and Bulus (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 and 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 et al., 2017).

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 (Chung et al., 2013). 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 (e.g., García-Crespo et al., 2022).

To address these methodological challenges, Putwain and Daly (2013) adopted cluster analysis and examined factors related to academic resilience across groups of students. Subsequently, Collie et al. (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 classes,1 particularly when the entropy2 value is low and there is a significant disparity in the variances of the distal outcome across classes (Bakk et al., 2013). 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.



1.5 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 Methods


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 and Martin, 2017). The unprocessed data comprises 1.33 teachers per school,4 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 differences were detected in the remaining items that were tested (details see Supplementary Tables S1–S5).

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 Measures


2.2.1 Academic resilience

This study adopted relative thresholds for risk and positive adaptation.6 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 Supplementary Table 6).

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 and Martin, 2017). This study used all five plausible values in mathematics, following Rubin (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 (Figure 1).

[image: Figure 1]

FIGURE 1
 SES, mathematics performance, and percentage of resilience in disadvantaged students across 36 education systems. SES, social-economic status; RES, percentage of resilient students; MATH, mathematics performance/100.




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 (Table 1).



TABLE 1 Summary of classroom and school protective factors (11 items).
[image: Table1]



2.2.3 Teaching quality

This study scrutinized three teaching quality dimensions: cognitive activation, instructional clarity, and classroom management (Blömeke et al., 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 and Marsh, 2014). Specifically, we relied on changes in the Comparative Fit Index (CFI) below 0.01 and changes in the Root Mean Square Error of Approximation (RMSEA) at or below 0.015. With ΔCFI = 0.00 and ΔRMSEA = 0.014, scalar invariance was established. Subsequently, we constructed a scale (α = 0.780) 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.



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, 3 years before TIMSS 2019, were employed, ranging from 2.26 to 7.87%. By averaging the data over 3 years, we can reduce the impact of year-to-year fluctuations and 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 and 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 and 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 (Boutin-Martinez et al., 2019). In Step 3, education expenditure and academic resilience were incorporated into the model as the covariate and the distal outcome, respectively.

[image: Figure 2]

FIGURE 2
 Conceptual model of the latent profile analysis and auxiliary regression. SES, socio-economic status; OTL, opportunity to learn; SEAS, school’s emphasis on academic success.


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 et al., 2007).

After identifying the latent profiles of resilience resources, two auxiliary binary 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.

Considering the covariances between school characteristics in LPA allows us to identify latent profiles that reflect the complex dimensions of school characteristics, while also being sensitive to the contextual differences across countries. Furthermore, examining education expenditure as an auxiliary variable via the BCH method enriches our understanding of its impact on academic resilience across different settings.




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.

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 0.809 to 1.765%. Still, for the four-profile model, the smallest profile had 104 schools, higher than the recommended 50 units (Weller et al., 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.
[image: Table2]



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.

[image: Figure 3]

FIGURE 3
 Plots of four latent profiles. SES, socio-economic status; OTL, opportunity to learn; SEAS, school’s emphasis on academic success.


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.

[image: Figure 4]

FIGURE 4
 (A) The presence of four latent profiles in 36 education systems. (B) Multidimentional scaling plot based on the presence of four latent profiles. For education system codes, see Table 3. In plot (B), lines between economies indicate no statistically significant difference.


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 “Well-Supported Schools.”




3.2 Research question 2: cultural patterns in resilience resources profiles across countries

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.7 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.

The “Well-Supported 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 and Chang, 2017). All countries in the Anglo group are developed nations, predominantly English-speaking, and once British colonies (Ashkanasy et al., 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.



TABLE 3 Cultural groups.
[image: Table3]

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 differences among Oman, Bahrain, United Arab Emirates, Qatar, and Cyprus (p = 0.577). 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 = 0.381) or between Malaysia, Japan, and Hong Kong (p = 0.056). 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 = 0.104).

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 = 0.082).

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 (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 = 0.071).



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 “Well-Supported 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 = 0.000).



TABLE 4 Relationship between four latent profiles and academic resilience.
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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 = 0.000) and 3 (p = 0.037). In contrast, Profile 1 exhibited a negative but non-significant association (p = 0.627) 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 “Well-Supported Schools,” yielded an odds ratio of 1.035 (95% CI [0.958, 1.118]) (Table 5).



TABLE 5 Relationship between education expenditure and academic resilience.
[image: Table5]




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 education expenditure in relation to school inputs has been sparse in resilience studies, 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 specializations 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 et al., 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 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 mentioned above, profiles characterized by higher levels of school climate display correspondingly higher levels of teacher quality and teaching quality. Notably, the most substantial differences are observed in the indicator assessing a safe and orderly climate, which can be explained by the fact that a safe and orderly support teachers emotionally, socially, and academically.

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).

It is worth noting that the presence of these four latent profiles vary significantly across countries. Interventions such as aiming at improving teacher quality for Profile 2 schools should take into account the existence of other profiles within the country.



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 “Well-Supported 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; García-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 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 and Longobardi, 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 “Well-Supported 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.




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. For example, 37.83 and 2.27% 15-year-old population are not included in the sampling for PISA 2018 in Jordan and Singapore, respectively (OECD, 2019). 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. Interpreting these findings requires careful consideration, particularly in low-and middle-income countries where student dropout rates are notably high.

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.

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. Besides, when accounting for various variances and covariances in identifying latent profiles, models struggled to converge, thereby hindering a comprehensive understanding of the relationships between indicators.

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. It’s recommended that future research more thoroughly examine the specifics of how funds for education are distributed. 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. For example, conducting interventions targeting on improving teachers’ content knowledge, and analyzing their effects across time may help to identify a more nuanced understanding of the mechanism that contribute to academic resilience.



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 Well-Supported 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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Footnotes

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   Entropy is an 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 0.8 is acceptable.

3   Named after Bolck, Croon, and Hagenaars who developed this method.

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.

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.

7   Classification for each school was based on its most likelihood of membership.
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