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Abstract: Understanding the determinants of academic achievement (AA) is crucial for virtually every
stakeholder interested in personal development and individual and societal wellbeing. Extensive
research in several areas, such as education, economics, or psychology, has addressed this topic,
identifying a vast number of determinants that impact high school students’ AA. In this work, we
perform a meta-analysis, including a weight analysis of 49 quantitative studies that investigate this
topic, exploring the best predictors of high school students’ academic success. We also explore
moderation effects. Our results show that academic self-efficacy and socioeconomic status are the best
predictors of AA, and they are statistically significant. Other statistically significant predictors, albeit
less common in the analyses, are mastery avoidance, motivation, sleep habits, and work avoidance.
Implications for theory and practice and directions for future research are discussed.

Keywords: academic achievement; academic success; quantitative; weight-analysis; meta-analysis

1. Introduction

Academic achievement (AA) has been a key topic of interest in many areas of knowl-
edge, namely education, psychology, sociology, and economics [1], and involves one’s
family, community, and school experiences [2]. It is usually measured through perfor-
mance, namely individual students’ grades in a given year, school achievement exams or
standardized test scores in core subjects, grade point average (GPA), and teacher rating
scales [3].

The impact that students’ AA has on individuals and overall society is a matter
that has increasingly concerned researchers, mainly due to the positive effects that it has
demonstrated on critical aspects of society, such as improvements in development and
productivity [4]. Research shows that international scores on mathematics and science tests
are strongly related to national development and economic growth because mathematics,
science, and reading skills are essential for the labor force [5]. Academic difficulties may
lead to long-term patterns of school dropout, academic failure, and problems achieving
a successful career in adulthood [6]. Struggling in school can also lead to externalizing
problems [7,8], especially during adolescence and high school years, which are understood
to be a critical period with important implications for school achievement [9]. Given all
the rapid societal transformations and the need to handle and adapt to the economic,
technological, and cultural changes of societies and the competition in the job market [10],
one can understand the importance of understanding the drivers of AA, as it is a topic
that has considerable personal and social impacts. School dropout is one of the most
common outcomes of school failure [11]. It is also an obstacle to economic growth and
employment, as dropout harms productivity and competitiveness and fuels poverty and
social exclusion. For these reasons, the Europe 2020 Strategy seeks to reduce dropout
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rates, increase the number of students who complete their compulsory education, and
simultaneously increase the number of students who continue to university level [12]. This
matter is still ongoing as it is a fundamental concern in the 2030 Strategy, according to
which all young people should receive better education and training, regardless of their
socio-economic background, thereby leading to more and better skills.

Therefore, research on this topic is critical to provide decision makers with quality
information to increase school success [13]. The interconnectedness between researchers
and practitioners also enriches the range of knowledge gained, improving theory building
and allowing more practically applicable results [14]. Most of the research on AA has
identified many factors that impact students’ performance, namely characteristics of the
students [15,16], parents [17,18], teachers [19,20], and schools [21]—the four main agents
related to the education process. However, most studies and reviews on this topic explore
the contributions of each of these factors individually or in clusters of more related factors.
Another conundrum is that the literature in AA reports conflicting findings. For example,
some authors show that internet access is highly correlated with low academic achieve-
ment [22,23]. However, other studies have proved these conclusions are unclear, as children
who use the internet more often attain higher scores [24,25]. In this line, a quantitative
meta-analysis serves as a valuable tool for synthesizing the results of numerous studies on
a particular topic [26]. We perform a quantitative synthesis of the findings in this research
area with our weight analysis and meta-analysis by identifying determinants that have
been intensely scrutinized in the literature, including the best predictors of success and
shedding light on the contributions of each construct to AA. This meta-analysis will also
promote a generalization analysis of each relationship tested with AA, thereby providing
evidence regarding the conflicting results found in the academic literature [27].

We will perform a weight and meta-analysis of factors that impact AA, including
high school students. Although it may seem reasonable to assume that several AA drivers
may be shared across different school levels, each undoubtedly has its own and, more
importantly, different impacts. High school was chosen because, even though this particular
period of school life is a part of compulsory education in most developed countries, it is
the one during which most students drop out [11]. The high school period is characterized
by significant changes on a personal level, namely in identity and personal and social
development [28], and research shows that, in adolescence, cognitive-affective variables
become crucial in accounting for academic behavior, compared to earlier years [29]. High
school also presents changes at a curricular level, as secondary education is more narrowed
down to a student’s interests regarding preparation for tertiary education or pursuit of a
professional career [30]. High school success is also linked to better results in university [31].
Thus, the importance of understanding AA is to enhance social and personal development.

This paper’s contributions are threefold. First, we contribute to a broader understand-
ing of which of the determinants of AA have received more attention from researchers
in this period of education. Second, we characterize the impact and relevance of those
determinants on high school achievement. Finally, we identify the best AA determinants
based on the weight analysis and meta-analysis results.

The following section describes the research methodology. Subsequently, we present
this study’s results, including descriptive statistics, weight analysis, and meta-analysis.
Finally, we discuss the findings and their implications for theory and practice, our conclu-
sions, study limitations, and avenues for future research.

2. Method
2.1. Criteria for Selection of Studies

The first step in a weight and meta-analysis investigation is to formulate the prob-
lem [32]. We are interested in determining which factors are most studied when trying to
explain the academic performance of high school students. The second step concerns how
to conduct a systematic review [32]. We follow the PRISMA protocol [33] to achieve this
aim as applied in other researchers’ meta-analyses [34]. Following the PRISMA protocol,
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we selected studies that examined this topic as broadly as possible to identify the AA
factors or variables. Accordingly, we searched an online scientific database (Web of Science
core collection) through a query combining the following terms in the title or abstract
(topic): “academic achievement”, “school dropout”, and “academic performance”, AND
“drivers”, “model”, “research model”, “conceptual model”, “quantitative”, “regression”,
and “correlation”, AND “PLS”, “SEM”, “OLS”, and “ordinary least squares”, AND “stu-
dent”, “high school”, and “secondary”. The papers were published in English and peer
reviewed. The systematic search included all papers published until the end of 2019. This
query returned 1551 results, screened according to the following exclusion criteria: (a)
school year (only secondary school years were included, and we excluded studies made
in elementary/primary school, junior high, or university); (b) clinical population (e.g.,
students with dyslexia; studies that addressed drug or alcohol use); (c) studies in which
the dependent variable was not AA, expressed by GPA or another quantitative score (e.g.,
test or exam score, previous term grade, previous year grade); (d) qualitative studies, scale
development studies, or meta-analyses; and (e) training development program studies.
This screening excluded 1190 papers by reading the title and abstract only, and 293 excluded
after full text reading. Following the screening, 73 papers remained for inclusion in the
meta-analysis (Figure 1).

Figure 1. Literature search, screening, and assessment process. Note: n refers to the number of
papers.

2.2. Data Extraction

We applied the Rust and Cooil [35] suggestion to extract the data. Two research assis-
tants performed these tasks. Before starting the data extraction process, the classification
criteria were discussed among three researchers. As mentioned, two researchers performed
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the coding of all valid articles separately. At the end of these procedures, the results were
compared, and the level of agreement was 80%. For the cases in disagreement, the third
researcher analyzed the differences. The procedure used for the data extraction followed
that of earlier meta-analysis research [36]. The following items were extracted from each ar-
ticle: year of publication, type of relationship found with AA (e.g., independent–dependent
variable), name of relational constructs, coefficient of relationships between constructs,
significance (yes or no), quantitative method, sample size, school year, school subject (when
available), and nationality of the sample. We identified 363 relationships between explana-
tory variables and AA. Figure 1 illustrates each step applied to identify the valid studies
used in this meta-analysis.

2.3. Merging of Variables

The extracted data analysis revealed that, in some cases, different authors gave dif-
ferent names to variables that measure the same construct, and therefore have the same
meaning. Hence, after a detailed theoretical review, we merged variables found in the
studies that were synonyms (e.g., gender and sex), described with different phrasing (e.g.,
performance-approach and performance-approach goals, absence, and absenteeism), or related
to the same construct (e.g., cognitive confidence and academic self-efficacy). After merging
variables, we identified twenty relationships between variables studied at least three times
or more in our sample’s papers [37]. Nineteen of those relationships revealed the dependent
variable was AA; the other relationship between variables present at least three times was
between academic self-efficacy and performance goals. From the initial pool of 73 papers,
24 studied only variables that did not coincide with the others, i.e., were not used at least
three times in explaining AA. We therefore excluded those 24 papers from the analysis.
The final sample included in the weight analysis and meta-analysis comprises 49 papers
(Appendix A).

2.4. Analysis Procedures
2.4.1. Weight Analysis

Weight is an indicator of the predictive power of independent variables [38]. The
weight for a variable was calculated by dividing the number of times an independent
variable was reported to be significant by the number of times the independent variable
was examined. This study analyzes the constructs’ relationship strength, i.e., the influence
of an independent variable over a dependent variable (AA). A weight of 1 indicates that
the relationship was significant in all papers, and a weight equal to 0 indicates that the
relationship was nonsignificant in all studies.

2.4.2. Meta-Analysis

We follow the traditional analysis techniques used in meta-analytical studies [39],
whereby the direct analysis was performed considering Pearson’s correlation coefficient
(r). When studies did not report the correlation effects (e.g., Beta; t-test; F-ratio; and χ2),
we used Hunter and Schmidt’s (2015) conversion procedure suggestions. The effect sizes
were corrected by scales reliability and sample size [37]. As suggested by those authors, we
applied the random-effects model of the effect size and considered the confidence interval
index at the 95% level.

Our analysis also presented heterogeneity among the studies by the Q and I2 tests.
Cochran’s Q calculates the weighted sum of squared differences between the individual
effects of the study and the combined effect of the studies [40]. The I2 statistic is obtained
through the Q statistic. I2 of 25% or lower presents low heterogeneity; the I2 index of
26–50% shows moderate heterogeneity, and studies with an I2 greater than 75% have high
heterogeneity [41].

We also investigated possible moderators on the significant relationships with more
than ten effects [37]. This analysis was conducted via a meta-regression test in which we
used raw effect sizes from primary studies as a dependent variable in weighted regression
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analysis. The coded moderators were used as independent variables [42]. All analyses
were performed employing the metafor R package [43].

3. Results
3.1. Descriptive Statistics

In the 49 selected papers published between 1992 and 2019, we identified 120 relation-
ships (independent–dependent variables) included in the meta and weight analyses. The
Table A1 in the Appendix A synthesizes the list of papers selected for our study, indicating
the school years and subjects each study refers to (when this information is available), the
sample size, country, and the statistical analysis used. The total sample is 610,522 students
from 25 different countries in Europe (10), Asia (9), North America (2), Africa (2), and
Australia (1). South Korea is the country with the largest sample size (487,077), and the
United Kingdom (UK) has the smallest (120). Although many studies choose to assess AA
considering global performance in a given year (e.g., GPA), Math, Sciences, and English
(either as a native or foreign language) are the main subjects considered. Few of the articles
found were published before 2012; nonetheless, from that year on, we observed a more
regular number of publications per year, showing an increasing interest in this topic.

3.2. Weight Analysis

Table 1 presents the results of the weight analysis ordered by the independent variables’
frequency of use. According to the weight analysis, the variables that can be considered to
be the leading determinants of AA (as their weight is equal to or greater than 0.8 and are ex-
amined at least five times) are academic self-efficacy (1), conscientiousness (0.88), cognitive
ability (0.88), socioeconomic status (SES) (0.86), gender (0.81), and performance-avoidance
(0.80). Some variables are significant in all studies and therefore have a weight of 1, but
because they are present fewer than five times are considered “promising determinants.”
These include sleep habits, motivation (both present four times), absenteeism, work avoidance,
and mastery avoidance (present three times).

Table 1. Weight analysis results (ordered by frequency of use).

Independent Variable Dependent
Variable Non-Significant Significant Frequency of Use Weight = Sig/Freq

Gender AA 4 17 21 0.81
Socioeconomic status (SES) AA 2 12 14 0.86

Academic self-efficacy AA 0 11 11 1.00
Performance-approach AA 2 7 9 0.78

Conscientiousness AA 1 7 8 0.88
Cognitive ability AA 1 7 8 0.88

Agreeableness AA 4 2 6 0.33
Performance avoidance AA 1 4 5 0.80

Motivation AA 0 4 4 1.00
Sleep habits AA 0 4 4 1.00

ICT leisure use AA 1 3 4 0.75
Extraversion AA 3 1 4 0.25

Openness AA 3 1 4 0.25
Absenteeism AA 0 3 3 1.00

Mastery avoidance AA 0 3 3 1.00
Work avoidance AA 0 3 3 1.00

Parental involvement AA 1 2 3 0.67
Emotional stability AA 2 1 3 0.33
Mastery approach AA 2 1 3 0.33

3.3. Meta-Analysis Correlations Effects

We first present the results of direct relationships (Table 2). This table presents: (a) the
effect sizes (r) adjusted by sample size and reliability of measurement; (b) the correlations
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transformed by Fischer’s Z-distribution; (c) the upper and lower confidence interval in-
dex (95% level), which comprises an estimate of the mean range of corrected weighted
correlations [37], and (d) the heterogeneity test of the effects by Cochran’s Q test and I2.

Table 2. Meta-analytic calculation (ordered by frequency of use).

Variables (k) (o) N r Z Sig LCI
(95%)

UCI
(95%) Q I2

Gender 20 21 571,462 −0.021 −0.470 0.636 −0.109 0.067 5220.200 99.600%
Socioeconomic status 13 13 117,088 0.183 3.420 0.000 *** 0.079 0.284 1748.680 99.300%
Academic self-efficacy 11 11 27,705 0.347 3.970 0.000 *** 0.181 493 969.220 98.900%
Performance-approach 9 9 8930 0.147 2.620 0.008 ** 0.037 0.254 90.780 91.200%

Conscientiousness 9 9 10,981 0.119 1.390 0.165 −0.049 0.281 416.340 98.100%
Cognitive ability 8 8 50,844 0.249 1.210 0.225 −0.156 0.583 7732.000 99.900%

Agreeableness 6 6 5654 −0.024 −0.391 0.697 −0.14 0.1 78.870 92.400%
Performance-avoidance 4 5 3244 −0.099 −1.140 0.253 −0.263 0.07 73.220 94.500%

Motivation 4 4 21,054 0.22 11.690 0.001 *** 0.184 0.255 12.090 75.200%
Sleep habits 3 3 11,799 −0.192 −2.010 0.044 * −0.366 −0.004 134.860 98.500%

ICT leisure use 4 4 8777 −0.216 −2.590 0.009 ** −0.368 −0.053 84.330 96.400%
Extraversion 4 4 4572 −0.044 −2.680 0.007 ** −0.076 −0.019 3.31 ns 4.200%

Openness 4 4 4617 0.075 1.340 0.179 −0.034 0.184 11.690 74.300%
Absenteeism 3 3 9271 −0.177 −1.680 0.095 −0.369 0.029 54.150 96.300%

Mastery avoidance 2 3 1908 −0.271 −2.440 0.014 * −0.464 −0.055 39.570 94.900%
Work avoidance 3 3 3325 −0.219 −2.720 0.006 ** −0.366 −0.062 23.040 91.300%

Parental involvement 3 3 23,846 0.113 2.250 0.024 * 0.017 0.245 122.150 98.400%
Emotional Stability 4 4 1316 0.056 1.260 0.207 −0.031 0.142 5.20 ns 42.400%
Mastery approach 3 3 4286 0.221 2.000 0.004 ** 0.004 0.418 49.510 96.000%

Note: * p < 0.05; ** p < 0.01; and *** p < 0.001; ns = non-significant; k = number of studies used in the analysis;
o = number of observations tested; r = weighted average effect and corrected from the sample obtained in studies;
Z = Fisher Z effects; Sig = degree of significance of the effect size, LCI lower confidence interval; UCI upper
confidence interval; Q: test of heterogeneity; and I2 = test of heterogeneity.

We evaluated 19 constructs related to AA. Eleven of these presented significant effects.
Academic self-efficacy had the strongest positive effect-size (r = 0.347; p < 0.001). This analysis
was obtained from 12 studies and a sample of 27,705 students. Extraversion was negatively
related with achievement (r = −0.044; p < 0.01). In this case, we also observed that the
effects produced by four primary studies that analyzed the relationship produced consistent
findings as the heterogeneity index was not significant (Q = 3.31; p > 0.05; I2 = 4.2%). Along
the same line, we also found a negative and significant effect on the relationship between
ICT leisure use and AA (r = −0.216; p < 0.05).

Other significant effects were related to mastery assumptions. While the relationship
between mastery approach and AA was positive (r = 0.221; p < 0.05), the effect of mastery
avoidance on AA was negative (r = −0.217; p < 0.05). Both were obtained from three effect-
sizes. We also noted positive and significant effects of student motivation and AA (r = 0.220;
p < 0.01). These results are derived from a sample of 21,054 students distributed among
four studies. Parental involvement also presented positive and significant effects on student
achievement (r = 0.113; p < 0.05). Regarding the other four significant relationships, we
found that performance approach and SES socio-economic status showed positive effects on
AA (r = 0.147 and r = 0.183; respectively), while sleep habits and work avoidance produced
negative effects (r = −0.192 and r = −0.219; respectively).

Finally, the results also showed that eight of the tested relationships, namely absen-
teeism, agreeableness, cognitive ability, conscientiousness, emotional stability, gender, openness,
and performance-avoidance, do not yield a significant effect on the students’ AA. One can
argue that, although these features appear in some research as AA antecedents, they can
work as such in specific contexts.

3.4. Moderation Effects

We also investigated possible moderators that could explain some heterogeneity in the
direct relationships found [44]. The analysis was on the relationships between (1) academic
self-efficacy and AA and (2) SES and AA. Both relationships were significant and produced
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more than ten effect sizes. Lower numbers would be insufficient to analyze effect size
changes through moderators [37].

In the same vein, we analyzed the possible moderation of (1) the scores of the 2018
Program for International Student Assessment (PISA), an international assessment that
measures 15-year-old students’ reading, math, and science literacy every three years, (2) the
Human Development Index (HDI), a statistic composite index of life expectancy, education,
and per capita income indicators, and (3) Education Index (EI), a component of the HDI,
measured by combining average adult years of schooling with expected years of schooling
for children in each country. The PISA index was obtained by the National Center for
Education Statistics (2018), the EI from the United Nations Human Development Report
(2016), and the HDI from the United Nations Human Development Report (2019). Each of
the moderators’ classifications was based on the country of origin of the data collections
applied in each investigation. The raw PISA index scores are scaled to allow meaningful
comparisons: the OECD average in each domain (mathematics, reading, and science) is 500,
and the standard deviation is 100; the EI and HDI scores vary from 0.001 to 0.999. Table 3
presents the moderation analysis results.

Table 3. Meta-regression analysis.

Academic Self−Efficacy and AA
Moderator ß z CI(L) CI(U) p

Intercept 0.897 0.911 −0.890 −2.680 0.325
PISA × ASE −0.002 0.001 −0.004 0.001 0.208
HDI × ASE 0.375 1.560 −2.690 3.440 0.811
EI × ASE −0.124 0.933 −1.950 1.700 0.089

Socioeconomic status (SES) and AA
ß z CI(L) CI(U) p

Intercept 1.267 1.530 −1.730 4.260 0.408
PISA × SES −0.001 0.002 −0.005 0.003 0.587
HDI × SES −1.900 4.090 −9.910 6.110 0.642
EI × SES 1.310 2.730 −4.050 6.740 0.632

As seen in Table 3, none of the moderators obtained significant effects. This observation
may indicate that the impact of the academic self-efficacy and SES variables included in this
meta-analysis’ studies is relatively stable across countries, regardless of being developed
or developing, as none of the possible moderator variables explored explain variance in
our results.

3.5. Major Findings

Figure 2 presents the combined results of the weight and meta-analysis. Values rep-
resent the weights obtained by weight analysis, and the weighted average effect values
obtained in the meta-analysis are in parentheses. Best and promising predictors as deter-
mined from the weight analysis are represented: best predictors have a weight of at least
0.80 and are present in the analysis five times or more. Promising predictors have a weight
of 1 but are examined fewer than five times. The results show that the best predictors of
AA are academic self-efficacy, socioeconomic status, cognitive ability, gender, conscientiousness,
and performance-avoidance. Of these best predictors, those statistically significant in the
meta-analysis are academic self-efficacy and socioeconomic status. The statistically signifi-
cant promising predictors are motivation, sleep habits, mastery avoidance, and work avoidance.
Absenteeism is also a promising determinant (weight of 1, but only present four times in
the analysis). However, it proved not significant in the meta-analysis. The determinants
found to be least important are agreeableness, openness, and emotional stability, as they were
all nonsignificant and had low weight values.
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Figure 2. Final weight analysis and meta-analysis results model. Note: * p < 0.05; ** p < 0.01;
and *** p < 0.001. Values represent the weight and effect sizes (r) adjusted by sample size, and
measurement reliabilities are in parentheses. Full lines represent significant paths.

4. Discussion

This paper’s results show that AA is a widely studied topic that interests researchers
from different areas and is a topic that has become increasingly prominent in the literature,
with a growing number of published papers in the last decade. Paradoxically, there are
a plethora of studies with apparently contradictory findings and a paucity of studies
summarizing the literature with the goal of shedding light on such a pertinent topic as is
AA. Our goal is to contribute to this synthesis of the drivers that are the best and most
significant predictors of AA.

From the weight analysis, the following variables emerged as the best predictors
of students’ success in high school (independent variables that were examined five or
more times and with a weight of at least 0.80): academic self-efficacy, socioeconomic status,
conscientiousness, cognitive ability, gender, and performance-avoidance. All of these variables,
except for performance avoidance, positively impact AA, but only academic self-efficacy and
socioeconomic status are statistically significant in the meta-analysis. Academic self-efficacy
refers to an individual’s belief that they can successfully achieve a specific academic goal
at a designated level in an academic task [45]. In this analysis, socioeconomic status (SES)
measures derive from self-reported or self-perceived values and school record information.
Students’ SES background depends upon family income, level of education, and occupation
status and, not surprisingly, is a significant determinant of AA, as social and economic
conditions may influence youngsters’ functioning and development [46]. Conscientiousness
is a personality trait present in the Big Five Model related to self-control, the ability to
plan, and being efficient and organized [47]. As operationalized in the papers in this meta-
analysis, cognitive ability is a quantitative measure of the general intelligence (g factor), i.e.,
the ability for reasoning, problem-solving, complex idea comprehension, and learning from
experience [48]. Cognitive ability is one of the most studied predictors of AA, and research
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has consistently demonstrated it to be a significant predictor of success in school [49] and
adult life [50]. Concerning gender, our results are consistent with the literature: females tend
to perform better than males. However, some authors have shown that males outperform
females in specific mathematics abilities [51], so this analysis could help clarify gender
impact on AA. The only determinant identified in the weight analysis as one of the best
predictors of AA that has a negative impact is performance-avoidance, i.e., the desire to
avoid performing more poorly than others do [52]. Performance-avoidance is consistently
linked to several adverse outcomes, such as anxiety and decreased performance [53], thus
explaining its negative impact on AA.

Other relationships between variables evaluated five times or more in this study were
found to be significant in the meta-analysis but obtained a weight slightly below 0.80. This
is the case for performance approach (weight = 0.78), for which further research could help
assess the actual impact on AA. The AA determinants with the lowest weight value (0.25)
are extraversion and openness, personality traits that are part of the Big Five Personality
Model [54], suggesting they are probably not among the most relevant for AA research.

Our weight analysis and meta-analysis results allow us to draw a model of the predic-
tors of high school achievement across countries. The best of these predictors are academic
self-efficacy and social-economic status. The model also identifies other seemingly impor-
tant antecedents of AA (carrying weights of 1 but present fewer than five times in this
analysis), viz. motivation, sleep habits, work avoidance, and mastery avoidance. These last
three antecedents have a significant negative impact on AA and should continue to be
considered in future research in order to clarify their importance in student achievement.
Although not statistically significant in the meta-analysis, absenteeism is also a promising
predictor of AA. These results highlight the importance of students’ habits outside school,
and further conclusions can help parents, teachers, and other educational agents promote
better conditions to enhance AA.

We analyzed the possible effect of moderators in two relationships found in this meta-
analysis: academic self-efficacy and AA, and SES and AA. The data samples used in this
study belong to countries with different social and economic development classifications,
such as Norway, the USA, the Dominican Republic, and Iran. No significant results were
found for the moderators (PISA index score, Human Development Index, and Education
Index score of each country), which seems to indicate that both of the previously mentioned
determinants (academic self-efficacy and SES) influence AA in a manner that is independent
of the students’ country of origin.

Survey-driven measures, such as those in most studies presented in this work, have
been widely used in AA research. Recent research [55] has suggested that data-driven
research using machine learning techniques could complement the more traditional re-
search approach and produce more accurate results, capitalizing on the massive amount of
information available to educational institutions [56]. For example, Cruz-Jesus et al. [57]
employed artificial intelligence techniques to assess AA drivers in high school, using a
database from all public high schools in Portugal. The database included demographic
information, financial information of students’ families, and information about the school
and the area in which the school is located. These authors found that students’ previous
academic record (namely if the student had failed previously) and gender (females out-
performing males) impact AA the most, whereas, and contrary to what previous research
had suggested [58], class size does not significantly affect students’ achievement. Apart
from gender, none of the other variables identified by these authors emerged in our analysis,
suggesting that using AI methods could bring new valuable insights to this area of research.

4.1. Theoretical Implications

This paper contributes to theory by assessing the main drivers of AA through an analy-
sis of relevant literature. To the best of our knowledge, no research addresses meta-analysis
combined with weight analysis in the context of AA. Using these analytical methods, we
contribute to research by identifying the most used determinants, their significance, impact,
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and the best predictors of AA, thus allowing us to synthesize knowledge from a vast area
of research.

According to our results, one of the most critical drivers of AA is academic self-efficacy,
a variable that impacts AA positively. Students who have a high level of academic self-
efficacy tend to have a greater level of class participation and exert prodigious effort in
studying, which will increase their final score [59]. Research also indicates that academic self-
efficacy moderates the relationship between future orientation (i.e., students’ expectations
about the outcomes of their academic path) and AA [60]. Our study also allowed us to
assess the impact of all four dimensions of the achievement goals framework [61] on high
school students’ AA. According to this framework, individuals who have a strong mastery
orientation feel competent at a task when they have mastered the task itself or when they
have improved relative to their past performance. In contrast, individuals who have a
strong performance orientation feel competent at a task when they have performed well on
the task relative to others.

Previous research findings are not consistent considering the impact of the performance-
approach (i.e., the desire to outperform others) showing that, although it is a driver of
success, it is also related to adverse outcomes, namely due to increased performance anxiety
levels [61]. However, our results highlight a significant positive impact of performance-
approach on AA, suggesting that the motivation to perform better than peers can be more
beneficial than detrimental at the secondary education level. Our results also reveal a
positive impact of the mastery approach on AA, consistent with earlier empirical research
reporting that this driver is linked to several positive achievement outcomes through
increased self-efficacy, adaptive learning strategies, and feedback-seeking behaviors [62].
Performance-avoidance and mastery avoidance are both determinants with a negative impact
on AA. The impact is significant for mastery avoidance, suggesting that when preventing
failure, it is the self-evaluation of past performance rather than comparing with other
students that matter the most. However, based on earlier research, we would have expected
a stronger relationship between performance-avoidance and AA [53].

Some predictors in this study did not significantly impact AA; namely, conscientiousness
is a contrasting result compared with recent findings [63]. This aspect indicates that
conscientiousness is a crucial non-cognitive predictor for school achievement compared
to other predictors such as self-efficacy, grit, and anxiety. It should be focused on when
supporting students and improving their performance. Our results, however, highlight
context-specific determinants such as academic self-efficacy as more relevant and worthy of
such focus.

4.2. Practical Implications

Academic success has significant personal and societal outcomes. This study’s findings
raise implications that could be of widespread interest to policymakers, schools, and
teachers. Specifically, understanding which among the variables studied herein are the best
predictors of AA yields valuable information highlighting new policies or interventions
that could be directed to enhance academic results.

Considering academic self-efficacy is one of the most critical determinants of AA, school
management bodies and teachers could implement academic self-efficacy enhancing inter-
ventions such as teaching study methods and test-taking skills to reduce performance
anxiety [64], thus increasing students’ belief that they will succeed academically. These
interventions would convey benefits for students with low academic self-efficacy, who are
usually less motivated to thrive [65]. Our results also suggest other ways of improving AA,
such as interventions designed to minimize the negative impact of mastery avoidance and
work avoidance—specifically discussing with students the influence of previous academic
failure on their performance and helping them to set personalized and attainable achieve-
ment goals. Combined with school environment interventions, such as those discussed,
others involving families and schools seem to convey good results: parental involvement
is a strong predictor of student AA [66]. Our results demonstrate a positive relationship
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between parents’ involvement in school life and AA. Previous research has highlighted
that the combination of solid school–family relationships and high levels of parental sat-
isfaction with a school leads to better results [67]. Therefore, facilitating ways to engage
parents in their children’s academic path and enhance communication with schools are
seemingly beneficial to increasing performance. Parental involvement can be contingent on
the family’s SES, as not all families have the same availability or social capital to participate
in students’ school life. Although SES is a relatively stable condition and difficult to change,
research suggests that social inequalities can be attenuated by interventions based on the
sociocultural-self model. Targeting individual attributes can help underprivileged students
form and sustain a positive self-concept, increasing AA [68]. Research also shows that hope
is a significant mediator between SES and AA [69], meaning that SES gaps can be overcome
if students’ hope increases.

Our results show that ICT leisure use impairs AA. Thus, policy changes in schools
to minimize the impact of this variable, such as the restraint of mobile phone use in the
classroom or monitoring students’ time spent on the internet (on social media, gaming,
etc.), could increase AA. The concern with ICT leisure use should also be considered outside
school. The Internet and technology use play a tremendous part in everyday human
life activities and are also considered an asset for learning. Nevertheless, their excessive
use has been linked to addiction behaviors [70,71]. Research has shown that parental
monitoring of students’ internet usage should be done carefully, as mere dissuasion may
not be an effective strategy. Some authors suggest alternative means such as rationalization.
Communication should be preferential [72].

Although a common characteristic in adolescence, poor sleep habits also diminish AA
and are antecedents of other problems such as smoking, alcohol usage, and high anxiety and
depression scores. Seemingly, high school students would benefit from more guidance from
parents, school authorities, and health professionals regarding sleep and sleep habits [73].

4.3. Limitations and Future Studies

As stated above, AA is a vast topic that interests researchers from different areas of
knowledge. We present an analysis based on a few papers, which are only a tiny portion
of the existing literature on this topic. The fact that we only selected papers written in
English can also mean we omitted relevant literature in other languages and, for the type
of analysis conducted, we also left out qualitative studies.

5. Conclusions

This paper performs a meta-analysis and weight analysis on the determinants of AA
in high school of 49 papers published across 27 years (1992–2019). We identify some of
the best and most promising predictors of high school AA and their significance, thus
contributing to an integrated and synthesized view of an extensive research topic such
as AA. The results show that academic self-efficacy and socioeconomic status are the
variables with the most significant impact on AA. At the same time, motivation, sleep
habits, absenteeism, work avoidance, and mastery avoidance are promising determinants
that should be further explored in research. We critically discuss these results, framing them
in the findings reported in the existing literature, and propose a model of the synthesized
determinants of AA that could be of use for researchers by providing information about
the primary constructs to be included in AA research models. Our research also enables
parents, teachers, and other stakeholders to support policies and interventions aimed at
helping students achieve better schooling results.
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Appendix A

Table A1. List of useful datasets, indicating school grade and school subject (when indicated), number
of subjects, country, and analysis method.

Studies School Subject Sample Size Country Method

Abdi et al. [74] GPA 127 Iran Regression analysis

Ahinful et al. [75] Accounting 500 Ghana Regression analysis

Anderson and
Keith [76] ND 8100 USA Structural equation

modeling (SEM)

Arslan [77] GPA 553 Turkey SEM

Carolan [78] Math 10,350 USA Regression analysis

Cho and Coulton [79] English, Math 1100 South Korea Ordinary least squares regression

Crook et al. [80] Biology 340 Australia Multiple regression

Crouzevialle and
Butera [81] Physics, Chemistry 173 France Linear regression analysis

Di Fabio and
Busoni [82] GPA 286 Italy Hierarchical regression

Di Giunta et al. [83] GPA 426 Italy SEM

Dickhäuser et al. [84] Math 288 Germany SEM

Dinger et al. [85] GPA 524 Germany SEM

Ergene [86] GPA 510 Turkey Multiple regression analyses

Gibson et al. [87] ND 3235 Canada Generalized estimated equations

Gilar-Corbi et al. [88] GPA 1396 Spain Regression analysis

Howard et al. [89] Math 13,694 USA Regression analysis

Inal et al. [90] GPA 804 Turkey Correlation

Ishak et al. [91] GPA 493 Malaysia SEM

Keith and Benson [92] GPA 12,142 USA SEM

Kim and Hong [93] Korean, English, Math 485,977 South Korea Multivariate multilevel
modeling (HLM)

King and Ganotice [94] Math, Science, English 1026 Philippines SEM

Köller et al. [95] GPA 3775 Germany Multiple regression analysis

Kozina et al. [96] Math 2802 Slovenia Multiple regression analyses

Levi et al. [97] EFL, Math, History 289 Israel SEM

Liem et al. [98] Math, English 356 Indonesia SEM

Luo et al. [99] Math 1196 Singapore SEM
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Table A1. Cont.

Studies School Subject Sample Size Country Method

McIlroy et al. [100] English, Math, Science 120 UK HLM

Meyer et al. [101] GPA (Math, EFL) 3637 Germany Multiple regression analysis

Miñano et al. [102] Math 341 Spain SEM

Novak et al. [103] GPA 1854 Lithuania Multivariate regression analysis

Oljača et al. [104] GPA 584 Serbia Linear regression analysis

Osborne [105] ND 21,830 USA Multiple regression analysis

Peklaj et al. [106] Math 386 Slovenia SEM

Pina-Neves et al. [107] Portuguese, Math 2179 Portugal SEM

Rahafar et al. [108] GPA 158 Iran SEM

Robinson et al. [109] GPA 972 USA Regression models

Sæle et al. [110] GPA 1315 Norway Multivariable regression analyses

Sahin et al. [111] GPA 104 Turkey SEM

Sampasa-Kanyinga
et al. [112] ND 6093 Canada Multiple linear regression

Sánchez et al. [113] GPA 143 USA Regression models

Sivertsen et al. [114] GPA 8347 Norway Regression models

Sorić et al. [115] Chemistry 501 Croatia Multiple regression analysis

Titus et al. [116] Economics 640 Nigeria SEM

Tomás et al. [117] ND 614 Dominican
Republic SEM

Tonetti et al. [118] GPA 36 Italy Multiple regression analysis

Wang et al. [119] GPA 148 China Regression analysis

Wernette and Emory
[120] GPA 217 USA Correlation

Zhang et al. [121] Math 10,495 China SEM

Zhou and Zhou [122] EFL 187 China Hierarchical regression analyses

Note: ND = not disclosed in the article; EFL = English as a foreign language; and GPA = grade point average.
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