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Measuring academic resilience in quantitative research: A systematic review of the 

literature 

Abstract 

 Academic resilience research has the potential to improve the learning outcomes of 

students at risk of school failure, yet there is no standard approach to its measurement. This 

review aimed to provide an overview of the ways in which academic resilience has been 

measured and analysed within quantitative research over the last 20 years.  Our findings 

extended upon those in existing reviews by focussing on how academic resilience has been 

operationalised as a specific construct. A systematic search of the literature returned 127 

studies that drew conclusions about academic resilience based on quantitative data. Three 

distinct approaches to the measurement of academic resilience were identified using thematic 

analysis techniques: the definition-driven, process-driven, and latent construct approaches. 

Each of these approaches align with different types of analyses which, in turn, shape the 

inferences that researchers can make about academic resilience. The implications of these 

variations in measurement are discussed. At the macro-level, the utilisation of resilient 

characteristics and the omission of risk indicators within existing measures may undermine 

the validity of studies investigating the construct of academic resilience. At the micro-level, 

the purpose of the study, usability, and inclusivity of the measurement approach influence 

how researchers choose to operationalise academic resilience. This review emphasises the 

importance of considering the methodological decisions that researchers make and 

contributes to the ongoing refinement of academic resilience as a specific construct in 

resilience research.  

Keywords: Academic resilience; Risk factors; Protective factors; Operationalisation; 

Measurement  
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1. Introduction 

Resilience is a burgeoning field in psychological research. Resilience research embraces 

the natural variation in individual responses to personal stress and seeks to identify the 

determinants of positive adaptation in the face of life adversities (Rutter, 2012). An 

understanding of these factors and processes is valuable because the promotion of protective 

factors has the ability to support people to overcome threats to positive development. The 

transition from a deficit framework to the strength-based concept of resilience champions the 

promotion of healthy functioning over the prevention of maladaptive functioning (Morales & 

Trotman, 2010) and reflects a fundamental shift in expectations for people’s minimum 

standards of living and in realising their potential. Accordingly, resilience research explores 

ways to improve people’s lives across a variety of different domains and for different groups 

of people, including in relation to the COVID-19 pandemic (Barzilay et al., 2020), cancer 

patients (Min et al., 2013), and those with adverse childhood experiences (Poole et al., 2017).  

Understandings of resilience have changed over time. Initially posited as a fixed trait, 

resilient children were described as ‘invulnerable’ to life’s adversities (Alva, 1991; Anthony, 

1974). However, these conceptualisations have evolved to understand resilience as a process 

of positive adaptation, involving the dynamic interaction between the individual and their 

environment (Luthar et al., 2000, Rutter 2012). These developments have resulted in new 

considerations for the study of resilience. Firstly, contemporary resilience theory is 

underpinned by the belief that everyone is capable of positive functioning and can ‘bounce 

back’, given the right conditions (Morales & Trotman, 2010; Rutter, 2012). Consequently, 

studies of resilience often seek to identify protective factors that can then be fostered in 

others. Secondly, the dynamism of resilience acknowledges that an individual’s levels of 

resilience can change over time. This “ontogenetic instability” (Luthar et al., 2000, p. 11) 

contributes to the construct’s complexity, particularly for its measurement. Thirdly, it raises 
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questions as to whether resilience should be captured as a process or as an outcome 

(McGubbin, 2001).  

The concept of resilience has been applied to the academic domain. Wang and colleagues 

(1994) defined academic resilience as “the heightened likelihood of success in school and 

other life accomplishments, despite environmental adversities brought about by early traits, 

conditions and experiences” (p. 46). Here, the concept of resilience is specifically related to 

the context of education. Students who demonstrate academic resilience are those who have 

been exposed to adverse circumstances, such as low socioeconomic status (SES), that put 

them at a heightened risk of school failure, yet they demonstrate continued high levels of 

academic performance. Academic resilience is, therefore, often referred to as ‘better than 

expected’ educational outcomes (e.g., Borman & Overman, 2004). Academic resilience is 

often conflated with academic buoyancy. However, it differs in that academic resilience 

relates to success among populations that experience acute or chronic adversities, while 

academic buoyancy reflects a resilience to lesser day-to-day setbacks (Martin & Marsh, 

2008). Academic buoyancy, therefore, has a much broader application than does academic 

resilience, but is restricted in that it does not provide insight into factors enabling ongoing 

academic success despite more adverse circumstances. Consequently, studies of academic 

resilience, in their focus on severely disadvantaged groups, can provide important insight into 

such factors. 

While there is consensus as to the definition and broad conceptualisation of academic 

resilience, there is no standard approach to its measurement. The variation in these 

approaches present difficulties for estimating the prevalence rates of academic resilience and 

comparing the effectiveness of its protective factors (Tudor & Spray, 2018). The multiple 

components of academic resilience (risk and competence) combined with its dynamic nature 

has provided researchers with challenges to creating a measure that effectively captures its 
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essence (McGubbin, 2001). In quantitative studies, researchers must decide how to reduce the 

different components of academic resilience into a single variable or statistical model. While 

these decisions are the prerogative of the researcher, this responsibility cannot be 

underestimated. How academic resilience is operationalised ultimately determines who is and 

is not identified as resilient and thus who our conclusions about resilience are based upon. 

Luthar and colleagues (2000) raised similar concerns about general resilience research and 

encouraged researchers to be transparent about their method of measurement. Discussions 

about such methodological decisions and their implications for the field of academic 

resilience will ensure that contemporary research does justice to this important group of 

students. 

The current review aims to contribute to this discussion by looking into the different ways 

in which academic resilience has been measured. Existing reviews have documented such 

variations, which will be outlined in the following section. However, it is important to note 

that there are limitations to these reviews which ultimately provide support for the current 

review. Cosco et al. (2016) identified three methods of operationalisation used to capture 

resilience in longitudinal studies of ageing. Definition-driven methods utilised pre-determined 

indicators of risk and competence to identify resilient populations. Consequently, there was a 

clear demarcation between those who were resilient and those who were not. In contrast, 

data-driven methods were based on patterns within the data itself. Rather than nominating a 

priori thresholds, similar individuals were grouped together, for example based on their 

levels of depression, and then identified as resilient based on how these groups performed 

relative to each other. Thirdly, psychometrically driven methods referred to established 

resilience scales. While Cosco et al.’s (2016) findings helped to describe and categorise the 

variation in methods used to measure general resilience, academic resilience is a related but 

distinct construct that requires specific attention. Accordingly, Tudor and Spray (2018) 
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reviewed the different ways in which risk, positive adaptation, and protective factors had 

been assessed in the measurement of academic resilience and outlined two approaches 

commonly used in its analysis. Variable-focussed approaches investigated how protective 

factors functioned to ameliorate risk, typically using mediation or moderation analyses to 

explore the interplay between risk, protective, and achievement factors. Alternatively, studies 

employed person-centred approaches to explore group differences between those identified 

as resilient and non-resilient and identify protective factors.  

When combined, the two reviews noted here convey a cohesive overview of the ways in 

which academic resilience has been previously investigated. Tudor and Spray (2018) 

concluded that measures of academic resilience should include indicators of risk, positive 

adaption, and protective factors, while Cosco and colleagues (2016) incorporated similar 

measures of adversity and adaptation to identify three methods of operationalising resilience. 

These methods described the different ways in which the measures of risk and competence 

were combined to capture resilience. Tudor and Spray (2018) also presented two approaches 

to the analysis of academic resilience which related to Cosco et al.’s (2016) methods of 

operationalisation. The definition- and data-driven methods were employed to identify 

resilient and non-resilient groups which were then analysed using person-centred approaches. 

In contrast, the continuous nature of the psychometrically driven method lent itself to 

variable-focussed approaches which positioned the resilience measure as the outcome of the 

interaction between risk and protective factors.  

While the findings of these reviews seem to align, they are based on different samples and 

focus on different constructs. Accordingly, the value in the current work is its comprehensive 

review of the ways in which the academic resilience of students in educational settings has 

been measured and analysed within a single sample identified through a systematic search of 

the literature. Therefore, the primary research question directing this review is: How has 
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academic resilience been operationalised in the quantitative literature over the last 20 years? 

The secondary research question for this review is: What are the common types of statistical 

analyses used to investigate academic resilience?  This review will describe the existing 

approaches to the measurement of academic resilience with the aim of giving both 

prospective and existing researchers practical findings to contextualise existing studies and 

inform future research. 

2. Method 

To answer the research questions, a systematic search and review of the literature was 

conducted. Three databases were searched: PsycInfo, ERIC, and EbscoHost: Education 

Research Complete. The abstracts of the articles in each database were searched using the 

terms (“academic resilience” OR “educational resilience”). The same search terms were then 

used in Google Scholar to ensure that all relevant records had been captured. Given the 

breadth of articles included in Google Scholar, the search was limited to the title section of 

each record, using the advanced search function. Searches conducted on all databases were 

limited to results: 

 In the English language,  

 Distributed between January 2000 and August 2020, and  

 Of both peer-reviewed and unreviewed works that were available in the databases.  

The included date range was chosen to return the most recent articles exploring academic 

resilience to ensure that the findings would be relevant to contemporary society. Non-peer 

reviewed and unpublished works were included in an attempt to reduce the effect of 

publication bias. Given that there is no standard approach to the measurement and analysis of 

academic resilience in quantitative research, the inclusion of unreviewed works was also 
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used to explore how all levels of researchers chose to investigate academic resilience and 

whether the approaches taken in unreviewed works differed from those in published works. 

2.1. Screening process 

After the removal of duplicates, the four database searches returned 607 individual 

records which were subject to the screening process. Consistent with the PRISMA guidelines 

(Moher et al., 2009) the screening process was conducted in two stages: title and abstract 

screening, and eligibility testing. The inclusion criteria at Stage 1 were: 

1. The article presents a quantitative analysis of primary or secondary empirical data, 

2. In the quantitative section of the article, an indicator of individual academic resilience 

of students is created and/or investigated, and 

3.  The article investigates academic resilience within a formal or informal educational 

context. 

The small number of criteria reflects the intention to capture all studies that drew 

conclusions about academic resilience based on quantitative data and reduced the likelihood 

that articles of interest were prematurely rejected. This was important because many studies 

did not explicitly operationalise academic resilience in their methods. Any article that was 

qualitative in nature or analysed findings of existing studies (e.g., literature reviews) were 

excluded (n = 309). A further 105 records were excluded because they reported on other 

forms of resilience, such as psychological resilience or academic buoyancy, or did not 

investigate academic resilience of students at the individual level (e.g., school-level resilience 

or teacher resilience). Consequently, a total of 414 articles were rejected at Stage 1. 

Full-text copies of the remaining 193 records were then downloaded. In three cases the 

full-text copy of the work could not be accessed because the record related exclusively to the 

research brief. The authors were contacted via email in an unsuccessful attempt to locate the 
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related full-text work. In one case the corresponding full-text work had already been captured 

by the database searches (i.e., duplicate). Full-text copies of five theses were also not 

accessible via the corresponding university websites or the ProQuest Dissertations and 

Theses Global database. Thus, nine records were excluded in addition to those removed at 

Stage 1, leaving 184 independent records subject to eligibility testing. The eligibility criteria 

for Stage 2 were: 

1. The conclusions drawn about academic resilience are based on a quantitative 

measurement or analysis of academic resilience, and 

2. Articles employing academic resilience scales (or the original article describing the 

development of the scale) contain sufficient information about the nature and number 

of factors and scale-items used. 

Studies that purported to measure academic resilience but used resilience scales not 

specific to the educational domain were excluded (n = 17; e.g., The Connor-Davidson 

Resilience Scale; Connor & Davidson, 2003). This distinction was important to distinguish 

between studies that explored general resilience within an educational context (e.g., its 

association with academic achievement) and those that studied academic resilience as a 

specific construct. Similarly, articles that were conceptually linked to academic resilience but 

did not actually measure the construct were excluded (n = 15). For example, Torsney and 

Symonds (2019) concluded that increasing school engagement would strengthen students’ 

academic resilience, however their study did not measure academic resilience. Studies were 

also excluded if they used an existing academic resilience scale that could not be verified 

(e.g., the original work could not be sourced in English; n = 14) or did not contain enough 

information about the scale (n = 2). This was to ensure that the current review considered all 

information relevant to how academic resilience had been measured. In addition, one study 

was excluded because no quantitative results were reported with respect to the 
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operationalisation outlined, while another was excluded due to conflicting information about 

what scale had been used. Where articles reported on the same findings, the original work 

was retained, while subsequent iterations were excluded (n = 8).  

At the conclusion of the screening process 126 articles remained. Where an article used a 

scale developed by other researchers that had not already been identified in the screening 

process, the original article describing the creation of the scale was added to the final sample 

(n = 1; Carlson, 2001). This record was not captured using the current review criteria because 

it did not include the search terms in its title or abstract. However, it was included as two 

studies drew conclusions about academic resilience from its application and the measure was 

clearly reflective of the academic resilience construct. As a result, a total of 127 articles from 

the last 20 years were included for review (see Figure 1). 

Figure 1 

PRISMA Diagram of Search Process 
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2.2. Data analysis 

The studies were reviewed using a thematic analysis approach as outlined by Braun 

and Clarke (2006). This approach is a six-phase process (familiarisation, coding, searching 

for, reviewing, and naming themes, and reporting) used to identify “patterns of shared 

meaning” (Braun & Clarke, 2020, p. 4) in qualitative data. Identifying themes across the 

different studies investigating academic resilience was undertaken to provide an overview of 

the ways in which academic resilience has been measured and analysed. Firstly, relevant 

information about the study characteristics, sample population, and analyses were extracted 

from each study (see Appendix), facilitating data familiarisation (phase 1). The 

operationalisations of academic resilience were then coded based on their shared 

characteristics (phase 2). These codes related to the two components of resilience: risk (risk 

factors, at-risk sample, risk threshold) and competence (discrete, continuous, achievement 

related, characteristics, scale), as well as the analyses conducted (predictors of resilience, 

interaction between risk and protective factors, resilience as independent variable). The 

studies were organised based on their codes to make meaning from the different approaches 

to the measurement of academic resilience (phase 3). Initial themes included direct and 
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indirect, categorical and continuous operationalisations of academic resilience, which were 

subsequently refined to reflect the main approaches to the measurement of academic 

resilience in quantitative literature (phase 4). This involved defining and naming each of the 

themes (phase 5):  

1. The definition-driven approach, 

2. The process-driven approach, and  

3. The latent construct approach. 

These themes take inspiration from the methods outlined by Cosco et al. (2016). The 

definition-driven approach, akin to the definition-driven method, predetermines criteria by 

which resilient students are identified by, while the latent construct approach expands on the 

psychometrically driven method to include all measures that use characteristics to infer 

resilience. Lastly, the process-driven approach replaces the data-driven method, capturing 

how the interaction between risk and protective factors are manifested in students’ levels of 

achievement. The themes also map onto the two analysis approaches outlined by Tudor and 

Spray (2018), with the definition-driven approach explored using person-centred analyses 

and the process-driven and latent construct approaches typically investigated using variable-

focussed analyses. While there are similarities between the current categorisations and those 

outlined in previous works it was important that the themes were not predetermined, but 

rather grounded in the data itself (i.e., inductive). Each of the 127 studies was categorised 

into one of the three approaches, with four studies falling under two approaches. The results 

of the thematic analysis are presented in the following section (phase 6).  

3. Results 

Considerable variation in how academic resilience is operationalised was evident in 

the current sample. Three distinct approaches to the measurement of academic resilience 
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were identified, and each of these main approaches was underpinned by two sub-approaches. 

Two of the main approaches sought to measure academic resilience ‘directly’, that is, by 

utilising a measure of achievement to capture educational success. Forty studies employed a 

definition-driven approach which explicitly identified a subsample of students who were 

academically resilient. This group was then compared with a non-resilient group to 

investigate differences in their characteristics, such as levels of self-efficacy. The second 

direct measure, the process-driven approach, implicitly identified academic resilience (n = 

36). The process-driven approach investigates academic resilience (reflected by high levels of 

achievement) as the outcome of the interaction between risk and protective factors. Thirdly, 

the latent construct approach provided an ‘indirect’ (i.e., non-cognitive) measure of academic 

resilience. This approach, employed by 55 studies, measures characteristics associated with 

academic resilience which are used to calculate a resilience score. These approaches are 

summarised in Table 1. 

Table 1 

Descriptions of the Main Approaches to the Measurement of Academic Resilience 

Measurement 

approach 

Description Proportion 

of included 

studies 

Definition-driven Identifies a resilient sub-sample based on 

predetermined risk and achievement criteria 

31% 

Process-driven Investigates interaction of risk and protective factors 

on an achievement outcome; higher levels of 

achievement reflect higher levels of resilience 

28% 

Latent construct Continuous measure which calculates a resilience 

score based on characteristics indicative of a student’s 

capacity for resilience 

43% 
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Note. Proportion of included studies adds to more than 100% because of the four studies that 

fall under two approaches. 

3.1. The definition-driven approach 

Studies that explicitly identified their resilient sub-sample before conducting 

statistical analyses used a definition-driven approach to the measurement of academic 

resilience. This approach reflects the concept of academic resilience in its most literal sense: 

academic achievement despite adversity. Students could fulfil the criteria required to be 

resilient in two ways. In the first sub-approach students needed to be a member of a high-risk 

group while simultaneously being a member of a high achieving group. In the second, 

students were deemed to be resilient if they attained a better than expected achievement 

outcome, given their level of risk exposure. Resilient students were then contrasted with non-

resilient ones to create a categorical variable.  

3.1.1. High-risk and high achieving group membership 

Under the first sub-approach resilient students were identified in two steps. Firstly, 

researchers identified a high-risk sample. For example, Programme for International Student 

Assessment (PISA) defined a disadvantaged student as one who fell within the bottom 

quarter of their national socioeconomic measure (i.e., socioeconomic risk; Schleicher, 2019). 

Other studies used indicators of demographic (e.g., ethnicity) or academic risk (e.g., low 

achievement; see Table A1). It should be noted that simply using ethnicity as a risk factor has 

been extensively critiqued since the risk is generally associated with conflated factors such as 

SES or systemic bias (Kingdon & Cassen, 2010; Strand, 2014). Secondly, a threshold of 

achievement was nominated. For example, Agasisti et al. (2018) defined their resilient 

sample as disadvantaged students who achieved at or above PISA Level 3 in science, reading, 

and mathematics. This threshold represents an absolute measure of performance. That is, the 

score or behaviour used to indicate high achievement remains constant. Indicators of risk and 
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achievement could also be captured using a relative threshold. For example, PISA defined 

high achievement as performance within the top 25% of the achievement distribution 

(Schleicher, 2019). Thus, students who were in the lowest 25% of the national SES 

distribution and the top 25% of the reading achievement distribution were identified as 

resilient using relative thresholds of risk and achievement. When a relative threshold is 

employed, a student’s level of achievement, and therefore resilience status, is dependent on 

their position within the context’s achievement distribution.  

3.1.2. Resilience residuals 

The second sub-approach, resilience residuals, also identifies a high achieving group 

from within an at-risk sample by applying a relative achievement threshold, however, it 

employs regression analysis to account for the impact that risk has on achievement. For 

example, Cheung and colleagues (2014, 2017) defined resilience as disadvantaged students 

who achieved in the top 25% of the achievement distribution, after accounting for SES. This 

sub-approach can also be interpreted as identifying students demonstrating better than 

expected educational outcomes. Disadvantaged students who achieve well above their 

predicted grade and have a ‘positive residual’ are here deemed to be resilient. For example, 

Borman and Rachuba (2000) used SES and prior achievement to predict mathematics 

outcomes among sixth graders in the United States of America (USA). Resilient students 

were those whose standardised residuals were 0.33 or above on their Grade 6 mathematics 

test. A much stricter threshold was used by Wills and Hofmeyr (2019), with resilient students 

required to perform two standard deviations above their predicted score at two time points. 

Just 78 students out of the whole sample (n = 2,379) met this criterion, although this is almost 

double what would be expected assuming a normal distribution. Unsurprisingly, the number 

of resilient students nearly doubled when the threshold was reduced to 1.5 standard 

deviations above students’ predicted score.  
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3.1.3. Common types of analyses using the definition-driven approach 

Analyses investigated the differences in characteristics between the resilient and non-

resilient subsamples. These person-centred analyses were either conducted using t-tests and 

analyses of variance, or logistic regression analysis. The former treats academic resilience as 

a grouping variable. For example, results from Borman and Rachuba’s (2000) multivariate 

analysis of variance suggested that resilient students had significantly greater levels of self-

efficacy in mathematics, were more positive about school, and demonstrated higher levels of 

engagement, compared to their non-resilient counterparts. Similarly, Waxman et al. (2012) 

found that resilient students perceived higher levels of competition in the classroom and 

demonstrated higher levels of on-task behaviours than average and non-resilient students. 

When treated as an independent variable, resilient and non-resilient groups were typically 

compared based on their levels of positive learner attributes, such as academic aspirations and 

self-efficacy (e.g., Borman & Rachuba, 2000; Murray, 2018; Patterson, 2012), and indicators 

of school quality, such as school climate and teacher support (Brule, 2015; Vincent, 2007). 

These desirable student and school characteristics expectedly favoured the resilient sub-

samples. 

Logistic regression was the most popular method of analysis, likely because it 

positions academic resilience as the outcome, providing a logical method for the 

identification of protective factors. For example, foster youth with high levels of student 

engagement and more supportive teacher-student relationships were more likely to be 

resilient (Strolin-Goltzman et al., 2016). Logistic regression analyses calculated odds ratios, 

which offered a standardised effect size, quantifying the increase in likelihood associated 

with the presence of a specific protective factor. Accordingly, for every unit increase in 

student engagement the likelihood of academic resilience in foster youth increased over four 

times, while the same increase in rating of teacher-student relationships increased this 
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likelihood over eight times. Therefore, while both these variables could be described as 

protective, a positive teacher-student relationship seemed to more strongly promote post-

secondary education attendance.  

The ability to test the predictive strength of multiple variables simultaneously within a 

single logistic regression model facilitated the investigation of a wide range of protective 

factors spanning different developmental contexts. At the student-level high levels of subject 

self-concept increased the likelihood of resilience (e.g., Cheung, 2017; Sandoval-Hernandez 

& Cortes, 2012), while parental investment in and expectations of their children’s academic 

progress (e.g., Arnold, 2003; Pettit, 2016; Sacker & Schoon, 2007) were family-level 

predictors of resilience. Elements of external contexts of development also predicted 

resilience, such as school resourcing (e.g., Agasisti et al., 2018; Hofmeyr, 2019). When 

multiple protective factors are explored within a logistic regression model, the interpretation 

of the strength of each predictor is done so while holding each of the other predictors 

constant, thereby isolating the contribution of individual protective factors.   

The types of analyses used here are determined by the construction of academic 

resilience as a categorical variable. Person-centred analyses distinguish between resilient and 

non-resilient groups to identify protective factors. However, academic resilience could also 

be constructed as a continuous variable within the definition-driven approach by omitting the 

achievement threshold, allowing students to span the vulnerability-resilience continuum. Just 

one study employed the resilience residuals sub-approach to create a continuous measure. 

Searle (2011) predicted students’ levels of school engagement (an indirect measure of 

academic resilience) using a cumulative index of risk indicators. Academic resilience scores 

ranged from -3.31 to 2.98 (M = 0, SD = 1) and were approximately normally distributed. Path 

analyses were used to investigate the associations between parent-child relationships, mental 

health problems, self-concept, and academic resilience. Thus, the definition-driven approach 
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can be used to facilitate both person-centred and variable-focussed analyses of academic 

resilience.  

3.1.4. Strengths and weaknesses of the definition-driven approach 

 In focussing on the extremes of the risk and achievement distributions the definition-

driven approach significantly reduces the sample size and statistical power used to explore 

protective factors. Indeed, some studies reduced their achievement thresholds simply to 

increase their resilient sub-sample (e.g, Murray, 2018). Yet, this flexibility also enables 

researchers to nominate thresholds that are sensitive to the lived realities of the chosen 

population. For example, in their study of homeless and highly mobile students, a highly 

vulnerable student group, Cutuli et al. (2013) and Obradovíc et al. (2009) operationalised 

high achievement as achieving one standard deviation below mean achievement, or above. 

This was the lowest achievement threshold used in the current sample. The resilience 

residuals sub-approach also facilitates the development of context-specific measures by 

accounting for the impact that risk has on achievement. This will make it ‘easier’ for 

extremely disadvantaged students to reach the achievement threshold and arguably capture a 

more accurate sample of resilient students on which to base inferences about resilience on. 

The variation in resilience measures within the definition-driven approach has 

contributed to the disparate findings related to academic resilience. However, the use of 

international large-scale assessment datasets, such as PISA, has helped to standardise 

resilience measures. For example, Cheung and colleagues (2014, 2017) controlled for the 

international SES-achievement association, meaning that resilient students were 

disadvantaged within their own context, but demonstrated high achievement on the 

international stage. This operationalisation enabled comparisons of academic resilience and 

its protective factors among five East Asian education systems, with Shanghai consistently 

producing the highest rates of resilience (19% of all students). Therefore, while the flexibility 

Jo
urn

al 
Pre-

pro
of



17 
 

of the definition-driven approach is beneficial to the researcher by enabling the application of 

context-specific measures, standardising measures of academic resilience also has benefits by 

facilitating comparisons across contexts.   

3.2. The process-driven approach  

Contemporary understandings of academic resilience as a dynamic interaction 

between the individual and their environment were reflected in studies that employed the 

process-driven approach. Here, the achievement outcome was continuous, with studies 

looking to identify factors that predict higher levels of achievement. This approach is 

underpinned by the implicit assumption that higher levels of achievement reflect higher levels 

of academic resilience. Consequently, students fall along the vulnerability-resilience 

continuum. Within the process-driven approach, the two sub-approaches identified differed in 

the way in which risk was captured. 

3.2.1. Predicting achievement for an at-risk sample  

As in the definition-driven approach, risk was commonly captured using 

socioeconomic, demographic, or academic variables (see Table A2). Once the sample had 

been narrowed to those at risk of school failure, the first sub-approach tested for the 

association between protective factors and achievement. This sub-approach included 

intervention studies which sought to investigate whether school programmes improved at-risk 

students’ levels of achievement. For example, Kanevsky et al. (2008) investigated how the 

School in the Park programme increased at-risk students’ levels of mathematics achievement 

compared to a control group. There were no significant differences in mean levels of 

achievement between the two groups, suggesting that the intervention did not improve 

students’ levels of resilience.  
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3.2.2. The inclusion of risk factors within statistical models of resilience 

 A second way that academic resilience was measured involved capturing specific 

indicators of risk which were then entered into the statistical model as independent variables 

negatively associated with achievement. For example, Alfaro et al. (2009) and Abel (2013) 

both measured students’ perceptions of discrimination as a risk factor for samples of ethnic 

minority youth. The relationships between risk and protective factors are explored to better 

understand how academic resilience is facilitated when protective factors are present. While 

this sub-approach is similar to the resilience residuals sub-approach there are two 

distinguishing features. Firstly, the process-driven approach retains the continuous nature of 

the achievement outcome, whereas the definition-driven approach creates a categorical 

variable. Secondly, the process-driven approach seeks to explore how protective factors 

interact with risk factors to promote positive outcomes. Thus, the investigation of the 

resilience process is conducted using variable-focussed analyses. 

3.2.3. Common types of analyses using the process-driven approach 

Exploring the function of protective factors typically involves testing the association 

between protective factors and achievement. Within an at-risk sample, the more positive the 

association between a predictor and the outcome, the stronger its protective effects. For 

example, using structural equation modelling Gizir and Aydin (2009) found that high home 

expectations and students’ perceptions of their academic abilities positively predicted 

achievement, supporting their function as protective factors for impoverished eighth graders. 

In another study, Maier and colleagues (2012) investigated student- and classroom-level 

characteristics that predicted language and literacy achievement for four-year old Head Start 

students in the USA. Findings from the three multilevel regression models indicated that 

students’ psychosocial characteristics, such as self-control, predicted baseline literacy 

achievement, while classroom organisation predicted literacy growth over the academic year. 
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In both these examples and similar to logistic regression analyses within the definition-driven 

approach, the protective factors studied were representative of multiple developmental 

contexts, reflecting the complexity of isolating the individual contribution of certain 

protective factors from students’ social, cultural, and economic backgrounds, and their wider 

life experiences.  

Mediation analysis seeks to explain the relationship between risk factors and the 

increased likelihood of school failure. Here, protective factors are identified as the mediator 

because it has the potential to alter the negative relationship between the risk factor and 

outcome. Alfaro et al. (2009) investigated the role of academic motivation in mediating the 

negative relationship between students’ perceptions of discrimination and their grade point 

average (GPA). Latino boys who experienced higher levels of discrimination reported lower 

levels of academic motivation which, in turn, predicted lower achievement. The study 

highlighted how risk manifested in students’ achievement, and the potential of academic 

motivation to interrupt this process. Whereas, Alfaro and colleagues (2009) positioned the 

protective factor as the mediator, two studies investigated how protective factors negatively 

predicted risk factors (Kang et al., 2018; Li, 2017). In their study of adolescents who had 

experienced a traumatic event, Kang et al. (2018) found that that developmental skills, such 

as social competence, and developmental supports negatively predicted mental distress 

which, in turn, reduced instances of bullying behaviour and substance use. In this case mental 

distress mediated the association between protective factors and risk factors, suggesting that 

protective factors may alter the impact of a risk factor by reducing how much risk students 

are actually exposed to, rather than providing students with assets that enable them to respond 

adaptively to the adversity experienced.   

Lastly, a moderation analysis explores how the association between risk and 

achievement variables may change depending on a third variable. A moderator that reduces 
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the negative impact of a risk factor on achievement functions as a protective factor. For 

example, to test the protective role of emotional intelligence, Abel (2013) conducted multiple 

regression analyses. Perceptions of discrimination were negatively associated with GPA, 

though this was not significant. When emotional intelligence was added to create an 

interaction term (with the risk variable) it did not ameliorate the risk associated with higher 

levels of perceived discrimination among Latinx and African American students. Indeed, 

many studies that employed moderation analyses for the study of academic resilience did not 

produce results that were statistically significant, implying that the protective factors of 

interest did not demonstrate a protective function. Despite these findings, moderation analysis 

arguably provides the most accurate representation of the resilience process by establishing 

both how risk factors negatively impact achievement, and how protective factors intervene to 

produce more positive outcomes. 

3.2.4. Strengths and weaknesses of the process-driven approach 

Studies using the process-driven approach often omitted an operational definition of 

academic resilience in their work. The reader, therefore, was required to infer how academic 

resilience had been operationalised based on the variables used, analyses employed, and 

conclusions drawn. Consequently, this approach had the most tenuous links to the academic 

resilience literature, likely contributing to it being the least used measurement approach. 

However, it also opens up additional opportunities for the study of resilience, with many 

studies using this approach without explicitly stating their focus as that of academic 

resilience. For example, studies that investigate the determinants of academic success among 

students disadvantaged by socioeconomic, demographic, or academic adversity meet the 

criteria for this approach. The process-driven approach offers both strengths and weaknesses 

in terms of its usability, but ultimately has great potential for progressing the field of 

academic resilience research. 
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3.3. The latent construct approach 

The intangible nature of academic resilience has resulted in the development of 

psychometric measures, which take an ‘indirect’ approach to measuring resilience. That is, 

rather than utilising achievement data, characteristics indicative of academic resilience are 

collated to create a latent construct. Self-report scales were the most common approach to the 

measurement of academic resilience, while other studies created a latent construct without 

employing a scale dedicated to the measurement of academic resilience. The number and type 

of variables used to measure academic resilience depended upon whether the researcher 

proposed the construct to be unidimensional or multidimensional in nature.  

3.3.1. Academic resilience as a unidimensional latent construct 

As a unidimensional construct, academic resilience is measured using characteristics 

that directly reflect an individual’s ability to be resilient. The most popular unidimensional 

measure of academic resilience was the Academic Resilience Scale (ARS) created by Martin 

and Marsh (2003, 2006). This scale contains six attitudinal items which captured how well 

students reported responding to various academic adversities, such as a bad assignment mark. 

In the Academic Resilience in Mathematics scale (Ricketts et al., 2017), these items were 

specifically related to the mathematics domain (e.g., ‘I know where to get help if I’m having 

trouble with math’).   

3.3.2. Academic resilience as a multidimensional latent construct 

 More commonly, studies proposed academic resilience to be a multidimensional 

construct. Here, multiple characteristics comprise academic resilience. Consequently, 

multidimensional measures include more items than unidimensional measures (see Table 

A3). For example, Colp (2015) constructed academic resilience as a second-order factor 

comprised of five first-order factors, measured using 23 items, while He (2014) used 12 items 

to measure three first-order factors. In both cases the exploratory and confirmatory factor 
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analyses supported the construction of academic resilience as a multidimensional construct. 

Arguably, the most well-known multidimensional measure is the Academic Resilience Scale-

30 (ARS-30; Cassidy 2015, 2016). The ARS-30 is comprised of 30 scale-items measuring 

three dimensions: Perseverance, reflecting and adaptive help-seeking, and negative affect and 

emotional response. This process-based measure captures students’ cognitive-affective and 

behavioural responses to a hypothetical academic adversity.  

 There was both considerable overlap and marked variation in the factors used to 

measure academic resilience. Over 30 factors were used in the reviewed studies, with 

between two and ten factors used to construct each second-order factor. The first-order 

factors generally fell into one of two categories. Firstly, many factors captured students’ 

attitudes and behaviours related to their learner identity. More resilient students were 

purported to be more confident academically, have greater levels of academic self-efficacy, 

and have an internal locus of control. These students were also more optimistic, both in their 

natural disposition and their aspirations for their academic futures. Student behaviours 

associated with academic resilience included academic engagement, social skills, and the 

ability to set goals. These factors seemed to reflect learner attributes that are beneficial to all 

students, regardless of their experiences of adversity. 

 Factors relating to experiencing and responding to setbacks more closely aligned with 

the essence of academic resilience. In response to adversity, a highly resilient student was 

likely to demonstrate high levels of emotion regulation and self-regulation, as well as low 

levels of anxiety. Behaviourally these students were purported to demonstrate 

resourcefulness, an ability to solve problems, and initiative to ask for help. Attitudinal items, 

such as perseverance and determination similarly reflected factors that become particularly 

valuable when one is facing barriers to academic success. These factors measured how 
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greatly academic adversity would impact students’ affect and their capacity to respond 

adaptively. 

3.3.3. Common types of analyses using the latent construct approach 

 The latent construct approach creates a single continuous academic resilience 

measure. Its flexibility in analyses stems from the fact that it does not require a consideration 

of how risk, protective, and achievement outcome factors are ordered. Naturally, it was most 

common to investigate academic resilience as the outcome to identify protective factors, such 

as in regression analysis. For example, Cassidy (2015; 2016), Carlson (2001), and Martin and 

Marsh (2003; 2006) all validated their scales by testing the association between self-efficacy 

and academic resilience. While the association between self-efficacy and academic resilience 

was positive and significant in each study, the strength of the correlation coefficient varied 

from weak (r = .19; Martin & Marsh, 2006) to strong (r = .59; Carlson, 2001), depending on 

the type of correlation used and whether the dimensions of the latent construct were tested 

separately (e.g., Carlson, 2001) or as a combined score. Studies using regression analysis 

similarly found that self-efficacy positively predicted academic resilience (e.g., Martin & 

Marsh 2006; Rajan et al., 2017; Victor-Aigboidion et al., 2020). Other protective factors 

explored using the latent construct approach included grit (Calo et al., 2019; Chisolm-Burns 

et al., 2019), engagement (Li et al., 2019; Martin, 2012; Rajan et al., 2017), and sports 

participation (Harpalani, 2005; Hawkins & Mulkey, 2005). 

As an independent and mediator variable itself academic resilience was often used to 

test the association between academic resilience and achievement. Hill (2017) used Early 

Childhood Longitudinal Study data to investigate the role of academic resilience in 

promoting the reading achievement of third graders in the USA. The latent construct of 

academic resilience comprised measures of student self-regulatory and academic behaviours, 

while the measure of social-emotional development included indicators of internalising and 
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externalising problems. Academic resilience was found to positively predict reading 

achievement, as well as partially mediate the negative association between social-emotional 

behaviours and reading achievement. Here it could be argued that the positive association 

between academic resilience and achievement, and its function as a mediator, actually reflects 

the first-order factors of academic resilience as the protective factors of academic resilience 

measured using a direct measurement approach which, in this case, facilitated the reduction 

in risk related to internalising and externalising problem behaviours.  

3.3.4. Strengths and weaknesses of the latent construct approach 

Using an established scale enables findings to be compared across studies, without the 

need to consider measurement variation. The ARS (Martin & Marsh, 2003, 2006) has been 

used at the university level in Iran, the USA, Egypt, and Spain, as well as at the high school 

level in Australia, Romania, Turkey, Kenya, England, and India. The validation of the ARS 

in different contexts has provided support for the positive association between academic 

resilience and achievement (e.g., Khalaf, 2014; Njoki, 2018), as well as identifying a range of 

protective factors, including extraversion, self-esteem, and family support (e.g., Kapikiran, 

2012; Tamannaeifar & Shahmirzaei, 2019). Thus, scales may contribute to the 

standardisation of academic resilience measures.  

However, the current diversity of academic resilience scales does raise questions as to 

the validity of these measures. Measures derived from the latent construct approach varied in 

the number and combination of factors used to capture academic resilience. The number of 

scale-items used to measure the same first-order factors also varied. For example, Chisolm-

Burns and colleagues (2019) adapted the ARS-30 (Cassidy, 2015, 2016) to measure academic 

resilience among pharmacy students. Despite both scales capturing perseverance as a first-

order factor, it was measured using three scale-items by Chisolm-Burns et al. (2019) and 14 

by Cassidy (2015, 2016). Consequently, it is important that studies employing a latent 
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construct approach conduct appropriate factor analyses to ensure that the measure is valid 

within the study context. 

4. Discussion 

This systematic review has demonstrated the range of approaches used to measure 

academic resilience in the quantitative literature of the last 20 years and the myriad of 

decisions that researchers make regarding their chosen operationalisation. These decisions 

ultimately shape the findings they present. This section considers the implications of the 

variation in approaches to the measurement of academic resilience for the field at the macro-

level. The applications of the three main approaches are then discussed at the micro-level, in 

relation to the study purpose, usability and inclusivity of the measures. The section concludes 

with consideration to the study limitations and future directions. 

4.1. Considering the validity of the different approaches to the measurement of 

academic resilience 

 At the macro-level, the lack of cohesion among the three main approaches raises the 

question as to whether studies purporting to measure academic resilience are really doing so, 

or whether they are measuring related but distinct phenomena. Direct and indirect measures 

of academic resilience reflect fundamentally different understandings of what information 

can be used to infer academic resilience. Indeed, Morales and Trotman (2010), in applying 

the concept of resilience to the educational domain, noted that achievement was the “logical 

and implicit end result” (p. 4.). Thus, it is important to consider whether the utilisation of 

characteristics (e.g., perseverance) to measure academic resilience is an effective approach, 

especially as the latent construct approach was the most widely used approach.  

At-risk students who score highly on characteristics related to academic resilience 

should also score highly on achievement tests. Arguably, the value in being resilient is the 
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demonstrations of success despite adversity, rather than simply the acquisition of 

characteristics that purportedly promote academic resilience. Many studies that employed the 

latent construct approach did not account for achievement or test the association between 

academic resilience and achievement. Studies that did generally found evidence for the 

proposed positive association (e.g., Hill, 2017; Mendez & Bauman, 2018), however this was 

not always the case (e.g., Buslig, 2019; Choo & Prihadi, 2019). Furthermore, when Ricketts 

(2015) tested whether students’ scores on the Academic Resilience in Mathematics Scale 

differed between resilient and non-resilient groups, measured using the definition-driven 

approach, they found no statistically significant differences. The findings led Ricketts (2015) 

to conclude that measuring academic resilience using students’ own perceptions of their 

capacities to be resilient was not congruent with the outcome-based measure of resilience, 

resulting in the identification of different groups of ‘resilient’ students and subsequently 

different findings about academic resilience. Accordingly, in the included studies, the 

association between measures of academic resilience captured using the latent construct 

approach and achievement was unclear and hence less compelling as a valid measure of 

academic resilience. 

 The validity of the latent construct approach is also undermined by the general 

absence of risk indicators. Without screening for or simulating a context of acute or chronic 

adversity capturing resilient characteristics may simply reflect one’s learner identity. 

Furthermore, many unidimensional scale-items arguably captured students’ responses to 

lesser day-to-day setbacks, such as receiving a bad mark (e.g., Martin & Marsh, 2003, 2006). 

Accordingly, such measures may be capturing academic buoyancy instead. Indeed, the major 

distinction between the Academic Buoyancy Scale (Martin & Marsh, 2008) and the 

Academic Risk and Resilience Scale (ARRS; Martin, 2013), was not in the scale items 

themselves, but the additional adversity screening tool of the ARRS. It was common for 
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studies to address the absence of risk indicators by employing an at-risk sample. This puts the 

onus on individual researchers to account for risk. Other studies made conclusions about 

academic resilience without acknowledging the absence of adversity, compromising the 

representation of academically resilient populations and the conclusions drawn about 

academic resilience.  

4.2. Applications of the three approaches to the measurement of academic resilience 

At the micro-level, the variation in measurement approaches offers researchers 

options when deciding how to operationalise and study academic resilience. These decisions 

will have a strong influence on the resulting conclusions drawn. Therefore, it is important that 

researchers both outline and justify their measurement approach. The following sections 

consider why a researcher may employ each of these approaches in three areas: study 

purpose, usability and, inclusivity.  

4.2.1. The purpose of the study 

The focus of the study will help to determine what approach should be employed to 

measure academic resilience. Arguably, the process-driven approach provides the most 

comprehensive representation of the resilience process because it captures the dynamic 

interaction between risk and protective factors. Rather than risk providing the context of 

adversity, as within the definition-driven and some latent construct approaches, risk is 

integral to understanding how protective factors enable resilient students to overcome 

adversity. The inclusion of multiple risk and protective factors within a single statistical 

model also helps to capture the natural complexities of everyday life. For example, Li (2017) 

found that in a sample of Chinese school students, low levels of school commitment and high 

levels of alienation and conflict were negatively associated with achievement (risk factors). 

However, parental supervision and school involvement and recognition negatively predicted 

these risk factors, suggesting that protective factors could reduce the degree to which students 
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were vulnerable to academic adversities. Therefore, the process-driven approach, in its 

concomitant analysis of risk, protective and achievement factors, offers an effective 

representation of the academic resilience process (Tudor & Spray, 2018), as well as some 

flexibility in the way that that the resilience process is conceptualised (i.e., the ordering of 

risk and protective factors). 

The definition-driven approach is often employed when there is a specific 

achievement outcome of interest to researchers because it allows for flexibility in how 

academic resilience is operationalised. This means that the measure can be developed to be 

meaningful within the context being explored. Indeed, studies that nominated absolute 

thresholds of achievement often justified their chosen threshold based on its significance for 

the at-risk group. For example, Agasisti et al. (2018) explained that their threshold reflected 

that resilient students had the minimum skills and knowledge to contribute to society. 

Similarly, Patterson (2012) argued that operationalising resilience as Black students who had 

been admitted to a prestigious university which had historically low rates of admission 

among ethnic minority groups offered novel insights about academic resilience. The 

definition-driven approach, therefore, can facilitate the exploration into the determinants of a 

meaningful academic outcome.   

 The latent construct approach captures students’ capacities to be resilient in a 

standalone resilience score, thereby making it possible to investigate both how the collective 

protective factors of academic resilience can be strengthened, as well as how developing 

students’ capacities to be resilient can subsequently improve student outcomes. However, the 

utilisation of characteristics as indicators of academic resilience seems to be at odds with the 

study of protective factors, which is arguably the primary aim of academic resilience research 

(Morales & Trotman, 2010). The latent construct approach raises the issue as to how 

researchers should delineate between protective factors and indicators of academic resilience. 
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Many factors used to measure academic resilience using the latent construct approach were 

also investigated as protective factors under the other two measurement approaches. In this 

way it could be argued that within the latent construct approach, measures of academic 

resilience without considering achievement are simply a collection of protective factors. As a 

result, these measures may be better employed to understand how to improve the skills and 

knowledge students require in order to be resilient, as demonstrated by an achievement 

measure. 

4.2.2. The usability of academic resilience measures 

The flexibility of the definition-driven approach enables its application to a range of 

different datasets and to different indicators of risk and competence. The researcher has 

autonomy as to what data is used to determine how a resilient student is identified and can, 

therefore, be used to construct a measure of academic resilience that is relevant to the context 

of interest and sympathetic to the constraints of the dataset being used. Moreover, in its most 

basic form, the definition-driven approach identifies two groups. Thus, group differences can 

be explored using t-tests or logistic regression analysis to understand how resilient and non-

resilient groups differ. Such person-centred analyses provide an accessible introduction to the 

quantitative study of resilience.  

Whereas the flexibility of the definition-driven approach contributes to its level of 

usability, the stability of existing academic resilience scales promotes accessibility within the 

latent construct approach. Academic resilience scales provide consistency in the 

measurement of academic resilience across contexts which reflects an underlying assumption 

that resilience can be operationalised the same way across different groups of people (Cosco 

et al., 2016). Utilising a scale that has been validated, especially within a context relevant to 

the study in question, will provide researchers with confidence that the measure is an 
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effective one and help to produce comparable findings, supporting the consolidation of 

academic resilience research.  

The process-driven approach is arguably the least accessible approach. The researcher 

must have a strong understanding of the resilience process generally, as well as how the 

chosen risk and protective factors function to predict the achievement outcome. In addition, 

the researcher must have a comprehensive knowledge of statistical methods relevant to 

investigating these relationships and how this will shape the inferences made about academic 

resilience. The sequential nature of the resilience process implied by the process-driven 

approach also constrains how it can be applied to resilience research. That is, the requirement 

to have the risk and protective factors preceding the achievement outcome, to investigate how 

these variables work to promote academic resilience  means that this approach can only be 

used to identify protective factors, rather than further understandings about how resilience 

may influence other psychosocial processes. Therefore, the level of content and 

methodological knowledge required to implement this approach effectively combined with its 

limited ability to provide diverse insights into academic resilience reduces its level of 

usability. 

4.2.3. The inclusivity of academic resilience measures 

Inclusivity refers to who is included and excluded within the study of resilience. This 

is an important consideration because these decisions directly impact the conclusions drawn 

about academic resilience. The process-driven approach is the most inclusive approach. 

Rather than the researcher determining whether a student is resilient or not, the inferences 

about resilience are made based on the experiences of all students, regardless of whether they 

are at an increased risk of school failure, or not. Arguably, the inclusion of a greater number 

of student experiences offers more information from which to better understand the resilience 

process. This approach also offers a more hopeful outlook by investigating how one can 
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improve their resilience levels. Here, instead of being categorised as resilient or non-resilient, 

the process-driven approach conceptually enables students to continually develop their levels 

of academic resilience over time.  

The latent construct approach is also highly inclusive. However, the lack of adversity 

screening means that studies often included students who may not have experienced 

academic adversity, with some studies making conclusions about resilience without 

acknowledging the additional barriers that at-risk students must overcome to demonstrate 

academic resilience. As a result, this inclusivity may compromise the accurate identification 

of resilient populations, which should be derived from the academic competence of severely 

disadvantaged groups. Cassidy (2015, 2016) took a novel approach to including an element 

of risk by presenting students with a vignette which simulated a hypothetical academic 

adversity. This standardised the risk students were responding to, allowing the levels of 

academic resilience of students from all backgrounds to be compared, regardless of their true 

levels of adversity. It could be argued either way that students who have experienced 

significant academic adversity would score higher on these measures due to a strengthening 

of protective factors, or lower due to their additional vulnerabilities. However, the absence of 

real risk indicators within this measure does not allow for these types of insights and may 

understate the complexity of academic adversity and its impact on achievement. 

The definition-driven approach is unique in that it distinguishes between resilient and 

non-resilient groups. Creating a categorical resilience variable may make this approach the 

least inclusive. Typically, just two groups (at the extremes of the vulnerability-resilience 

continuum) are used to draw conclusions about resilience. Therefore, despite the large 

heterogeneity in student experiences, just a sub-section of an at-risk population is used to 

make conclusions about academic resilience. Furthermore, while the identification of a non-

resilient comparison group is based on a strengths-based framework, the use of this label may 
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add additional barriers for children already at-risk of school failure. The use of the resilience 

residuals sub-approach may provide a more inclusive definition-driven approach, especially 

when used to construct a continuous measure. The resilience residuals sub-approach is 

arguably more sensitive to the heterogeneity in students’ experiences, acknowledging that 

even within an at-risk sample, for example those below the poverty line, students will 

experience differing levels of financial hardship which may impact their ability to realise 

their academic potential. Consequently, using the resilience residuals sub-approach may 

result in the identification of a more accurate and, thus, inclusive sample of resilient students 

than measures that do not account for risk concomitantly. 

Another consideration regarding the inclusivity of resilience measures is the 

recruitment of samples of students deemed to be at high risk of school failure. Specific 

samples are often employed to provide the context of adversity in which resilience can be 

demonstrated within. Yet, the decisions involved in this process require careful consideration. 

Identifying with a group that is at a heightened statistical risk of underachievement does not 

innately cause differences in achievement. The causes of underachievement are more 

complex and multifaceted. For example, disadvantaged students will likely experience 

additional barriers to achievement, such as stereotype threat (Steele & Aronson, 1995), low 

teacher expectations (Rubie-Davies et al., 2006), and deficit theorising (Smit, 2012). In 

particular, the risk associated with identifying with a specific ethnic group is not derived from 

the ethnicity itself, but rather the related experiences such groups face. Accordingly, the same 

risk factor may carry different meanings and implications within different contexts. For 

example, students’ experiences of and outcomes related to the educational risks associated 

with a low-SES background will vary depending on how homogenous the education system 

is (e.g., the variation in funding and teacher quality across schools) and whether it is 

centralised, or not (e.g., nationalised curriculum; Broer et al., 2019). Therefore, the 
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interpretation of at-risk samples must be sensitive to the experiences they face, rejecting the 

sentiment that risk factors are fatalistic, and emphasising the potential of all students to be 

successful.  

4.3. Study limitations and future directions 

 It is acknowledged that not all studies related to academic resilience may have been 

captured by the current review as a result of the inconsistent terminology used within the 

field. Some studies might have followed the approaches outlined in this review without 

explicitly referencing academic resilience and, therefore, were not captured by the database 

searches. In addition, the included studies were not subject to quality assessment screenings 

and, thus, represent a wide spectrum quality of works that spanned the three identified 

measurement approaches. Finally, the search results were limited to the English language. 

Thus, measurement approaches may well be different in studies undertaken in other 

languages.  

 This review aimed to describe the existing approaches to the measurement and 

analysis of academic resilience in current quantitative research. Considering the range of 

datasets and studies reviewed here, future research should investigate how the approaches 

identified function within a single dataset to facilitate more accurate comparisons. 

Conducting analyses using these approaches will aid in verifying and demonstrating the 

inferences made by the current review, contributing to the further refinement of academic 

resilience as a specific construct. 

4.4. Conclusion 

This review has identified three distinct approaches to the measurement of academic 

resilience in quantitative research. These approaches were related to, but distinct from the 

findings of existing systematic reviews of resilience and academic resilience. The definition-

Jo
urn

al 
Pre-

pro
of



34 
 

driven approach creates a categorical resilience variable which facilitates the exploration of 

group differences using person-centred analyses. In contrast, the process-driven approach 

reflects conceptualisations of resilience as a dynamic process involving the interaction of 

risk, protective and continuous achievement outcome variables, lending itself to variable-

focussed analyses. Lastly, the latent construct approach employs characteristics indicative of 

a student’s capacity to be resilient to create a continuous resilience measure. The approach 

implemented will depend upon the purpose of the study, as well as the usability and 

inclusivity of the measure. However, while variation in the approaches to the measurement of 

academic resilience provide flexibility for researchers, it may also contribute to some of the 

disparate findings within the field, particularly when measures are derived from indirect 

measures of resilience or do not capture a context of adversity. Researchers must document 

the decisions they make regarding their chosen operationalisation and method of analysis and 

consider how this will shape the conclusions drawn. Such considerations will facilitate 

ongoing discussions about how to most effectively quantify and analyse academic resilience 

to further our understandings about resilient student populations and the resilience process 

within educational settings. 
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Appendix  

Table A1 

Studies using a Definition-Driven Approach (n = 40) 

Author(s) 

(Year) 

Country Sample Risk indicator Achievement indicator Analysis 

High-risk and high achieving group membership 

Agasisti et 

al. (2018) 

International 

(PISA) 

Approximately 2 

million 15-year old 

students 

Lowest 25% SES Achieve at or above Level 3 

in reading, mathematics, and 

science 

DV in multilevel 

logistic regression 

analysis 

Arnold 

(2003) 

USA (NELS:88) 5,014 high school 

students 

Lowest 25% SES High school completion DV in logistic 

regression analysis 

Aydin 

(2017) 

Turkey (PISA) 1,200 15-year old 

students 

Lowest 25% SES Achieve above average in 

mathematics and science 

DV in CHAID 

analysis 

Brooks 

(2010) 

USA 

(ELS:2002) 

11,360 high school 

students 

Lowest 25% SES, 

African American 

students, Hispanic 

students, students from 

non-traditional families, 

students who have been 

retained in school, 

students whose first 

language is not English, 

and students with a 

disability 

High school graduation DV in hierarchical 

generalised linear 

regression analysis 

Brule 

(2015) 

USA 322 Gr. 6 and Gr. 

8 students 

Low-SES students, 

ethnically diverse 

students, and English 

learners 

GPA above 3.60 IV in MANOVA, 

MANCOVA, and 

ANCOVA 

Cappella 

& 

Weinstein 

(2001) 

USA (NELS: 

88) 

1,362 high school 

students 

Gr. 8 reading 

achievement at Level 0 

Gr. 12 reading achievement 

at Level 2 or 3 

DV in simultaneous 

multiple regression 

analysis 

Choi 

(2019) 

USA (ECLS-

K:1998) 

2,234 Gr. 3 

students 

Students from households 

below 200% of the 

poverty threshold 

Moderately- and high-

performing students in 

mathematics 

DV in multinomial 

logistic regression 

analysis 

Cutuli et 

al. (2013) 

USA 52,975 Gr. 3 to Gr. 

8 students 

Homeless and highly 

mobile students 

Scoring within or above 1 

SD below the mean of the 

national reading or 

mathematics achievement 

norms 

IV in descriptive 

statistics 

de la Torre 

(2004) 

USA 114 Gr. 11 

students 

Low-SES students, 

Latinx students, students 

whose parents speak little 

Medium and high levels of 

academic functioning 

DV in stepwise 

multiple regression 

analysis 
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English, students who 

parents have less than a 

high school education, 

and students who live in a 

low resource and possibly 

dangerous community 

Erberer et 

al. (2015) 

International 

(TIMSS) 

Approximately 

150,000 Gr. 8 

students 

Few resources category 

of the Home Educational 

Resources Index 

Intermediate benchmark in 

mathematics 

DV in logistic 

regression analysis 

Jaramillo 

(2020) 

USA 293 high school 

students 

Foster youth High school completion DV in linear 

probability analysis 

Kimball 

(2007) 

USA 1,133 Gr. 10 

students 

Gr. 9 transition period Promotion to Gr. 10 DV in Pearson’s 

chi square tests 

Lewis 

(2003) 

USA 129 undergraduate 

students  

African American 

students 

GPA 3.0 or above IV in independent 

samples t-tests 

Li & 

Yeung 

(2019) 

China 1,212 10- to 15-

year old students 

Rural students Cognitive test score 1 SD or 

above full sample mean 

IV in ANOVA 

Murray 

(2018) 

USA 

(ELS:2002) 

2,020 Gr. 10 

students 

Black, African American, 

and non-Hispanic 

students 

Achieving above the 50th 

percentile of the combined 

reading and mathematics 

score of the full sample 

DV in hierarchical 

linear regression 

analysis 

Obradović 

et al.  

(2009) 

USA 14,754 Gr. 2 to Gr. 

5 students 

Homeless and highly 

mobile students 

Reading or mathematics 

achievement 1 SD below the 

national mean or 

higher 

IV in descriptive 

statistics 

Patterson 

(2012) 

USA 16,731 Gr. 11 and 

undergraduate 

students 

Black students Admission to UCLA IV in independent 

samples t-tests 

Peck et al. 

(2008) 

USA 1,060 high school 

students 

Negative lifespace 

configuration 

College attendance DV in cluster 

analysis and 

hierarchical logistic 

regression analysis 

Perkins 

(2018) 

Ireland 8,568 9- and 13-

year old students 

Students whose families 

have access to a medical 

card 

Scores on tests of literacy 

and numeracy are at least 0.5 

SD above mean performance 

DV in logistic 

regression analysis 

and structural 

equation modelling 

Pettit 

(2016) 

USA (ECLS-B) 2,050 kindergarten 

students 

185% income-to-needs 

ratio 

0.5 SD above children whose 

families are not in poverty in 

literacy or mathematics; 0.5 

SD above other 

disadvantaged children in 

literacy or mathematics 

DV in multinomial 

logistic regression 

analysis 
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Ricketts 

(2015) 

USA 528 Gr. 7 and Gr. 

8 students 

Eligible for free or 

reduced-priced lunch 

Met or exceeded the 

standards of a standardised 

mathematics assessment 

IV in Many-Facet 

modelling and 

independent 

samples t-tests 

Rosen et 

al. (2019) 

USA (HSLS:09) 2,320 high school 

students 

Experiencing a dropout 

episode during high 

school 

High school completion DV in logistic 

regression analysis 

and multinomial 

regression analysis 

Sacker & 

Schoon 

(2007) 

Britain 12,940 students 

16-years old and 

above  

Students left continuous 

full-time education at 16-

years old  

Return to full-time education DV in logistic 

regression analysis 

Salvo-

Garrido et 

al. (2019) 

Chile 324,525 Gr. 4 

students 

Low-SES students Academic performance 

exceeded the cut-off score in 

Language test 

DV in multilevel 

logistic regression 

analysis 

Sandoval-

Hernández 

& 

Bialowols

ki (2016) 

Asia (TIMSS) 23,354 Gr. 8 

students 

Few resources on the 

Home Educational 

Resources index 

At or above the 

mean mathematics 

achievement score for 

disadvantaged students  

DV in logistic 

regression analysis  

Schleicher 

(2019) 

International 

(PISA) 

Approximately 

600,000 15-year 

old students 

Lowest 25% SES  Top 25% of reading 

achievement 

IV in descriptive 

statistics  

Skokut 

(2009) 

USA 115 senior high 

school students 

Students who had not 

passed all portions of the 

high school exit exam 

before their senior year 

Post-secondary school 

attendance 

DV in logistic 

regression analysis 

and discriminant 

analysis 

Strolin-

Goltzman 

et al.  

(2016) 

USA 102 15- to 21-year 

old students 

Foster youth College entry or intent to 

attend college 

DV in logistic 

regression analysis 

Waxman 

et al. 

(2012) 

USA 189 Gr. 4 and Gr. 

5 students 

Teacher nominated at-

risk students 

Teacher nominated resilient 

students 

IV in ANOVA 

Wayman 

(2000) 

USA 519 high school 

students 

Experiencing a dropout 

episode during high 

school 

High school completion DV in logistic 

regression analysis 

Yavuz 

(2016) 

Turkey 304 senior high 

school students 

Low-SES students Top 27% of students’ GPA IV in MANOVA 

and Chi-Square 

Test 

Resilience residuals 

Bell 

(2010) 

Australia 164 Year 4 to Year 

7 students 

NA Residual literacy and 

numeracy scores in the top 

25%  

DV in stepwise 

multiple regression 

analysis 
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Borman & 

Rachuba 

(2000) 

USA 3,981 Gr. 6 

students 

At or below -0.33 

standardised residuals on 

the standardised SES 

measure 

Residual mathematics score 

at or above 0.33 SD of the 

full sample mean  

IV in MANOVA 

Cheung 

(2017) 

Asia (PISA) Approximately 

26,000 15-year old 

students 

Lowest 25% SES Residual mathematics 

performance in the top 25% 

of students internationally 

DV in logistic 

regression analysis 

Cheung et 

al. (2014) 

Asia (PISA) Approximately 

20,000 15-year old 

students 

Lowest 25% SES Residual reading 

performance in the top 25% 

of students internationally 

DV in logistic 

regression analysis 

García-

Crespo et 

al. (2019) 

Europe (PIRLS) 117,539 Gr. 4 

students 

Lowest 25% SES Residual reading 

performance in the top 25% 

of students within the 

European Union  

DV in binary 

multilevel logistic 

regression analysis 

Hofmeyr 

(2019) 

South Africa 

(TIMSS and 

PIRLS) 

25,181 Gr. 4 and 

Gr. 9 students 

Lowest 75% SES 

 

Residual reading or 

mathematics score at or 

above 1.5 SD of the full 

sample mean  

DV in logistic 

regression analysis 

Sandoval-

Hernández 

& Cortes 

(2012) 

Europe (PIRLS) Approximately 

22,000 Gr. 4 

students 

Lowest 20% SES  Residual reading 

performance in the top 20%  

DV in logistic 

regression analysis 

Vincent 

(2007) 

USA 6,504 Gr. 7 to Gr. 

12 students 

Low-SES students Residual GPA score at or 

above 1 SD of the full 

sample mean  

IV in MANOVA, 

ANOVA, and 

discriminant 

analysis 

Wills & 

Hofmeyr 

(2019) 

South Africa 2,383 Gr. 6 

students 

NA Residual English reading 

performance at or above 2 

SD of the full sample mean 

at 2 time points; Residual 

English reading performance 

at or above 1.5 SD of the full 

sample mean at 2 time points 

DV in logistic 

regression analysis 

Note. Significant national and international datasets presented in parentheses. ANOVA = Analysis of Variance; CHAID = 

Chi-squared Automatic Interaction Detector; DV = Dependent Variable; Gr. = Grade; GPA = Grade Point Average; IV = 

Independent Variable; MANCOVA = Multivariate Analysis of Covariance; MANOVA = Multivariate Analysis of Variance; 

SD = Standard Deviation; SES = Socioeconomic Status; UCLA = University of California, Los Angeles. 

Table A2 

Studies using a Process-Driven Approach (n = 36) 

Author(s) 

(Year) 

Country Sample Risk indicator Achievement indicator Analysis 

At-risk sample 
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Alvarez 

(2003) 

USA 364 Gr. 4 to Gr. 6 

students 

Low-SES students, Hispanic 

students, and students with 

limited English proficiency 

GPA DV in hierarchical 

multiple regression 

analysis 

Brooks (2010) USA 

(ELS:2002) 

11,360 high 

school students 

Lowest 25% SES, African 

American students, Hispanic 

students, students from non-

traditional families, students 

who have been retained in 

school, students whose first 

language is not English, and 

students with a disability 

Mathematics 

achievement 

DV in hierarchical 

generalised linear 

regression analysis 

Cunningham 

& Swanson 

(2010) 

USA 206 high school 

students 

African American students Self-reported grades DV in zero order 

correlation analysis 

Das (2019) India 12,300 8- to 11-

year old students 

Socially excluded groups by 

religion and caste 

Reading and arithmetic 

achievement 

DV in regression 

analysis 

Dever (2009) USA 748 Gr. 10 

students 

Risk takers Academic behaviours 

and outcomes 

DV in hierarchical 

cluster analysis and 

ANOVA  

Fallon (2010) USA 162 Gr. 9 to Gr. 

12 students 

Latinx students and low-SES 

students 

GPA, reading and 

mathematics 

achievement 

DV in linear 

regression analysis 

Flannigan 

(2017) 

USA 343 11- to 17-

year old students 

Foster youth Woodcock-Johnson III 

Tests of Achievement 

DV in structural 

equation modelling 

Gizir & Aydin 

(2009) 

Turkey 872 Gr. 8 students Low-SES students GPA DV in structural 

equation modelling 

Kanevsky et 

al. (2008) 

USA 201 Gr. 3 and Gr. 

4 students 

English learners Mathematics 

achievement 

DV in independent 

samples t-tests 

Kimball 

(2007) 

USA 1,133 Gr. 9 

students 

Gr. 9 school transition Academic change score 

on the English 9 End-of-

Course test 

DV in independent 

samples t-tests and 

Chi-Square Test 

Kong (2020) Ireland 8,568 9- and 13-

year old students 

Low-SES students Drumcondra Numerical 

Ability Test 

DV in multiple 

regression analysis 

Lawrence 

(2010) 

USA 80 high school 

students 

Foster youth California Standardized 

Tests in English 

Language Arts and 

Mathematics, and GPA 

DV in multiple 

regression analysis 

Maier et al. 

(2012) 

USA 275 preschool 

students 

Low-SES students Galileo System for 

the Electronic 

Management of 

Learning Language and 

Literacy scale 

DV in multilevel 

regression analysis 

Mamphane & 

Huddle (2017) 

South Africa 53 high school 

students 

Rural school setting Performance in English 

First Additional 

DV in independent 

samples t-tests 
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Language, SiSwati, and 

Life Orientation 

Niemeyer 

(2010) 

USA 145 Gr. 7 to Gr. 

12 students 

Hispanic students and 

students who had a parent 

that had not obtained a 

qualification beyond high 

school 

Current grades, current 

GPA, and GPA for the 

previous semester 

DV in structural 

equation modelling 

Paat (2015) USA 755 high school 

students 

Mexican immigrant students GPA and highest 

educational attainment 

DV in multiple 

regression analysis 

Plunkett et al. 

(2008) 

USA 216 Gr. 9 students Mexican-origin students GPA DV in dominance 

analysis 

Powers (2004) USA 55 13- to 19-year 

old students 

Students diagnosed with 

reflex neurovascular 

dystrophy 

GPA and attendance DV in multiple 

regression analysis 

Roberts 

(2012) 

USA 146 college 

students and 

graduates 

Low-SES students and 

experience of adversity 

GPA DV in bivariate 

correlation analysis 

and independent 

samples t-tests 

Schelble et al. 

(2010) 

USA 158 6- to 18-year 

old students 

Students who had an open 

child welfare services case 

School/Work 

performance subscale of 

the Child and 

Adolescent Functional 

Assessment 

DV in linear 

regression analysis 

Schultz-León 

(2012) 

USA 165 Gr. 6 to Gr. 8 

students 

Latinx students and low-SES 

students 

The Woodcock Johnson 

Tests of Achievement 

Form C/ Brief Battery 

DV in hierarchical 

regression analysis 

and moderated 

multiple regression 

analysis 

Sturtevant 

(2014) 

USA 91 high school 

students 

Low-SES students GPA, language arts 

achievement, and world 

history achievement 

DV in multiple 

regression analysis 

Vargas-

Reighly 

(2001) 

USA 270 Gr. 9 students Latinx and Southeast Asian 

students 

GPA DV in structural 

equation modelling 

Whitmore 

(2017) 

USA 126 

undergraduate 

students 

African American students GPA DV in hierarchical 

multiple regression 

analysis 

Zhao et al. 

(2011) 

China 1,299 6- to 18-

year old students 

Rural students affected by 

HIV/AIDS 

In age-appropriate grade, 

above-average academic 

performance, and 

demonstrating school 

leadership 

DV in multivariate 

regression analysis 

Risk factors 
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Abel (2013) USA 79 high school 

students 

Perceptions of discrimination 

among African American 

and Latinx students 

GPA DV in 

simultaneous 

multiple regression 

analysis 

Alfaro et al. 

(2009) 

USA 221 high school 

students 

Experiences of 

discrimination among Latinx 

students 

GPA DV in multiple 

group structural 

equation modelling 

Browder 

(2014) 

USA 165 high school 

students 

High social distance, 

traumatic events, lack of 

authoritative parental 

support, separation from 

family, exposure to negative 

peer influence, and hours 

spent working in 

employment experienced by 

English learners with limited 

or interrupted formal 

education 

English proficiency 

attainment and gains and 

standardised tests of 

algebra, biology, and 

English language arts 

achievement 

DV in bivariate 

and multivariate 

regression analysis 

Crosnoe & 

Elder (2004) 

USA 11,788 high 

school students 

Emotional distance between 

parent and student 

Off-track academic 

behaviour 

DV in path 

analysis 

Gonzalez 

(2013) 

USA 55 kindergarten 

students 

English language 

proficiency, preschool 

experience, special 

education, social emotional 

functioning, maternal 

education, paternal 

education, familial poverty, 

familial concrete support, 

and familial social support 

experienced by Latinx 

students 

The STAR Early 

Literacy test 

DV in hierarchical 

linear regression 

analysis 

Kang et al. 

(2018) 

USA 45,296 Gr. 8, Gr. 

9, and Gr. 11 

students 

Bullying behaviour, 

substance use, and mental 

distress among students who 

have experienced one or 

more traumatic events 

GPA DV in structural 

equation modelling 

Li (2017) China 693 Gr. 11 

students 

Low school commitment and 

individual conflict attitudes 

GPA DV in structural 

equation modelling 

Nauman 

(2019) 

USA 1,077 Gr. 9 

students 

Relational adversity GPA and language, 

literacy, and 

mathematics 

achievement 

DV in stepwise 

regression analysis 

Perez et al. 

(2009) 

USA 110 high school, 

community 

Latinx students with high 

levels of employment during 

GPA DV in regression 

analysis 
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college, and 

university 

students 

high school, a sense of 

rejection related to 

undocumented 

status, low parental 

educational attainment, and 

large family size 

Staylor (2019) USA 789 college 

students 

Disadvantaged background, 

adaptation to stressful 

circumstances, and 

adaptation and functioning 

despite a traumatic event 

Progression through 

English courses 

DV in multivariate 

linear regression 

analysis 

Von Secker 

(2004) 

USA 22,545 Gr. 4, Gr. 

8, and Gr. 12 

students 

SES, racial-ethnic status, and 

gender 

Science achievement DV in hierarchical 

linear regression 

analysis 

Note. Significant national and international datasets presented in parentheses. ANOVA = Analysis of Variance; DV = 

Dependent Variable; Gr. = Grade; GPA = Grade Point Average; HIV/AIDS = Human Immunodeficiency Virus/Acquired 

Immunodeficiency Syndrome; IV = Independent Variable; SES = Socioeconomic Status. 

Table A3 

Studies using a Latent Construct Approach (n = 55) 

Author(s) 

(Year) 

Country Sample Scale Risk 

indicator 

Number of 

factors/Scale 

items 

Analysis 

Unidimensional construct 

Samuels 

(2004) 

USA 587 college 

students 

ARI NA 1/40 IV in hierarchical linear 

regression analysis 

Kheirkhah 

(2020) 

Iran 30 high school 

students 

ARI (Samuels, 

2004) 

NA 1/40 DV in MANCOVA 

Reed-Hendon 

(2013) 

USA 769 university 

students 

ARI (Samuels, 

2004) 

NA 1/40 DV in independent samples t-

tests 

Ricketts et al. 

(2017) 

USA 528 Gr. 7 and 

Gr. 8 students 

ARM  NA 1/9 DV in Many-Facet modelling 

Liu & Platow 

(2020) 

China 751 Gr. 9 and 

Gr. 10 students 

ARM (Ricketts 

et al., 2017) 

NA 1/9 DV in structural equation 

modelling 

Ricketts 

(2015) 

USA 1,134 Gr. 7 and 

Gr. 8 students 

ARM (Ricketts 

et al., 2017) 

NA 1/9 IV/DV in Many-Facet 

modelling, hierarchical 

regression analysis, and 

structural equation modelling 

Martin (2013) Australia 918 high school 

students 

ARRS 10-item 

academic 

adversity 

screening 

tool 

1/4 IV in structural equation 

modelling 
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Victor-

Aigboidion et 

al. (2020) 

Nigeria 1,320 secondary 

school students 

ARRS (Martin, 

2013) 

10-item 

academic 

adversity 

screening 

tool 

1/4 DV in regression analysis 

Martin & 

Marsh (2003) 

Australia 402 Year 11 and 

Year 12 students 

ARS NA 1/6 DV in factor analysis, 

Pearson’s product moment 

correlation analysis, multiple 

regression analysis, 

hierarchical cluster analysis, 

and ANOVA 

Martin & 

Marsh (2006) 

Australia 402 Year 11 and 

Year 12 students 

ARS NA 1/6 IV/DV in zero order and partial 

correlation analysis, path 

analysis using multiple linear 

regression, and cluster analysis 

Anghel (2015) Romania 251 high school 

students 

ARS (Martin & 

Marsh, 2003) 

NA 1/6 DV in Mann-Whitney U Tests 

Atkinson 

(2018) 

USA 184 

undergraduate 

students 

ARS (Martin & 

Marsh, 2006) 

NA 1/6 IV (mediator) in first-stage 

moderated mediation analysis 

de Carvalho & 

Skipper 

(2020) 

UK 18 14- to 16-year 

old students 

ARS (Martin & 

Marsh, 2006) 

NA 1/6 DV in Bayesian paired samples 

t-tests and Bayesian 

repeated measures ANCOVA 

Frisby et al. 

(2020) 

USA 213 college 

students 

ARS (Martin & 

Marsh, 2006) 

NA 1/6 DV in multiple linear regression 

analysis 

Kapikiran 

(2012) 

Turkey 378 high school 

students 

ARS (Martin & 

Marsh, 2006) 

NA 1/6 DV in correlation analysis 

Khalaf (2014) Egypt 190 

undergraduate 

students 

ARS (Martin & 

Marsh, 2006) 

NA 1/6 DV in independent samples t-

tests and correlation analysis 

Mendez & 

Bauman 

(2018) 

USA 245 university 

students 

ARS (Martin & 

Marsh, 2006) 

NA 1/6 IV/DV in hierarchical multiple 

regression analysis and binary 

logistic regression analysis 

Meneghel et 

al. (2019) 

Spain 965 university 

students 

ARS (Martin & 

Marsh, 2006) 

NA 1/6 IV/DV in correlation analysis 

and structural equation 

modelling  

Njoki (2018) Kenya 500 Form 3 

students 

Adapted ARS 

(Martin & 

Marsh, 2006) 

NA 1/9 IV in multiple linear regression 

analysis, independent samples t-

tests, and ANOVA 

Rajan et al. 

(2017) 

India 155 high school 

students 

ARS (Martin & 

Marsh, 2006) 

NA 1/6 DV in Pearson’s product 

moment correlation analysis 

and independent samples t-tests 
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Tamannaeifar 

& 

Shahmirzaei 

(2019) 

Iran 368 university 

students 

ARS (Martin & 

Marsh, 2003) 

NA 1/6 DV in correlation analysis and 

stepwise multiple regression 

analysis 

Buslig (2019) Philippines 100 college 

students 

Self-created NA 1/40 IV in Pearson’s product 

moment correlation analysis 

Multidimensional construct 

Cassidy 

(2015) 

UK 435 

undergraduate 

students 

ARS-30 Adversity 

vignette 

3/30 DV in zero order correlation 

analysis 

Cassidy 

(2016) 

UK 532 

undergraduate 

students 

ARS-30 Adversity 

vignette 

3/30 DV in Pearson’s product 

moment correlation analysis 

Buathong 

(2019) 

Thailand 216 junior high 

school students 

Adapted ARS-30 

(Cassidy, 2016) 

Adversity 

vignette 

3/16 DV in independent samples t-

tests, ANOVA, and mediation 

analysis 

Calo et al. 

(2019) 

Australia 134 

undergraduate 

and graduate-

entry masters 

students 

ARS-30 

(Cassidy, 2015) 

Adversity 

vignette 

3/30 DV in point biserial correlation 

analysis and relative risk ratios 

Chisolm-

Burns et al. 

(2019) 

USA 544 

undergraduate 

students 

Adapted ARS-30 

(Cassidy, 2016) 

Adversity 

vignette 

4/16 DV in Mann-Whitney U test, 

Kruskal-Wallis test, and 

Pearson’s product moment 

correlation analysis 

Choo & 

Prihadi (2019) 

Malaysia 132 

undergraduate 

students 

ARS-30 

(Cassidy, 2016) 

Adversity 

vignette 

3/30 IV (mediator) in multiple 

regression analysis and 

mediation analysis 

Howell et al. 

(2018) 

Australia 320 

undergraduate 

students 

ARS-30 

(Cassidy, 2016) 

Adversity 

vignette 

3/30 DV in MANOVA 

Karabıyık 

(2020) 

Turkey 198 

undergraduate 

students 

ARS-30 

(Cassidy, 2016) 

Adversity 

vignette 

3/30 DV in independent samples t-

tests, Pearson’s product 

moment correlation analysis, 

and bivariate linear regression 

analysis 

Lanuza et al. 

(2020) 

Philippines  363 college 

students 

ARS-30 

(Cassidy, 2016) 

Adversity 

vignette 

3/30 DV in ANOVA 

Ramezanpour 

et al. (2019) 

Iran 409 high school 

students 

ARS-30 

(Cassidy, 2016) 

Adversity 

vignette 

3/30 DV in correlation analysis 

Seçer & Ulaş 

(2020) 

Turkey 452 high school 

students 

ARS-30 

(Cassidy, 2016) 

Adversity 

vignette 

3/30 IV (mediator) in structural 

equation modelling 

Toprak Çelen 

(2020) 

Turkey 436 university 

students 

ARS-30 

(Cassidy, 2016) 

Adversity 

vignette 

3/30 IV in structural equation 

modelling 
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Trigueros et 

al. (2020) 

Spain 2,967 university 

students 

ARS-30 

(Cassidy, 2016) 

Adversity 

vignette 

3/30 IV in structural equation 

modelling 

Carlson 

(2001) 

USA 494 college 

students 

CRQ NA 2/27 DV in Pearson’s product 

moment correlation analysis 

Mbindyo 

(2011) 

USA 106 college 

students 

CRQ (Carlson, 

2001) 

NA 2/27 DV in independent samples t-

tests 

White (2013) USA 215 university 

students 

CRQ (Carlson, 

2001) 

NA 2/27 DV in ANOVA and Pearson’s 

product moment correlation 

analysis 

Colp (2015) Canada 655 

undergraduate 

students 

Self-created NA 5/23 IV (mediator) in structural 

equation modelling 

Cunningham 

& Swanson 

(2010) 

USA 206 high school 

students 

Self-created NA 3/3 DV in zero order correlation 

analysis and hierarchical linear 

regression analysis 

Fang et al. 

(2020) 

China 2,328 Gr. 7 and 

Gr. 9 students 

Self-created NA 3/3 IV (mediator) in structural 

equation modelling 

Fauziah et al. 

(2020) 

Indonesia 120 high school 

students 

Self-created NA 4/4 DV in linear regression analysis 

Foshee (2013) USA 1,970 college 

students 

Self-created NA 2/4 IV/DV in hierarchical multiple 

regression analysis and 

ANOVA 

Harpalani 

(2005) 

USA 779 high school 

students 

Self-created NA 3/6 DV in ANOVA 

Hawkins & 

Mulkey 

(2005) 

USA 

(NELS:88) 

2,217 Gr. 8 

students 

Self-created NA 3/16 DV in multiple regression 

analysis 

He (2014) USA 

(HSLS:09) 

2,938 Gr. 9 

students 

Self-created NA 3/12 IV in structural equation 

modelling 

Hill (2017) USA 

(ECLS-K) 

10,395 Gr. 3 

students 

Self-created NA 8/30 IV (mediator) in structural 

equation modelling 

Irfan Arif & 

Mirza (2017) 

Pakistan 255 Gr. 9 and 

Gr. 10 students 

Self-created NA 10/40 DV in independent samples t-

tests 

Kaur (2017) India 1,200 secondary 

school students 

Self-created NA 5/52 DV in independent samples t-

tests, ANOVA, and Pearson’s 

product moment correlation 

analysis 

Li et al. (2019) Taiwan 658 

undergraduate 

students  

Self-created NA 3/12 DV in differential item 

functioning analysis and 

Pearson’s product moment 

correlation analysis 

Martin (2012) USA 308 secondary 

school students 

Self-created NA 6/11 DV in hierarchical multiple 

regression analysis and Sobel's 

z-tests 
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Rapone (2018) USA 83 Gr. 10 

students 

Self-created NA 3/21 DV in independent samples t-

tests and Spearman’s rank order 

correlation analysis 

Sapio (2010) USA 281 Gr. 6 to Gr. 

10 students 

Self-created NA 2/32 DV in MANCOVA 

Searle (2011) Australia 575 reception 

students 

Self-created 10 risk 

factors 

2/16 IV in path analysis, structural 

equation modelling, binary 

logistic regression analysis, 

MANOVA, and hierarchical 

multiple linear regression 

analysis 

Zulfikar et al. 

(2020) 

Indonesia 181 senior high 

school students 

Self-created NA 5/22 DV in exploratory factor 

analysis 

Note. Significant national and international datasets presented in parentheses. ANCOVA = Analysis of Covariance; ANOVA 

= Analysis of Variance; ARI = Academic Resilience Inventory; ARM = Academic Resilience in Mathematics; ARRS = 

Academic Risk and Resilience Scale; ARS = Academic Resilience Scale; ARS-30 = Academic Resilience Scale-30; CRQ = 

College Resilience Questionnaire; DV = Dependent Variable; Gr. = Grade; IV = Independent Variable; MANOVA = 

Multivariate Analysis of Variance. 
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 Identifies three distinct approaches to the measurement of academic resilience 

 Each identified approach strongly influences conclusions drawn about resilience  

 Variation in measurement permits researchers to employ context-specific measures 

 Absence of risk indicators may undermine the validity of some resilience measures 

 Measurement of academic resilience not considering academic outcomes is 

problematic 
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