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Abstract
This meta-review synthesizes evidence from systematic reviews (SRs) examining the appli-
cation of Learning Analytics (LA) to the study of academic performance in higher education 
from an educational perspective. Despite growing interest in this area, existing reviews vary 
considerably in scope and exhibit notable substantive and methodological shortcomings. 
A comprehensive search strategy, up until May 2025, was conducted across four major 
databases (Scopus, Web of Science, ERIC, and PsycINFO), and gray literature. A narrative 
synthesis was employed to analyze findings from 19 SRs that met the inclusion criteria. 
The reviewed SRs paid limited attention to key educational aspects, such as instructional 
contexts, pedagogical aims, disciplinary domains, underlying educational theories, and stu-
dent learning stages. They were also characterized by critically low methodological quality. 
Considerable variability was found in how academic performance was conceptualized and 
operationalized, ranging from broad constructs to clearly defined indicators. Demographic 
and socioeconomic variables, followed by academic background and performance indica-
tors, were the most frequently examined factors, although their predictive power was rarely 
reported. Supervised quantitative approaches, particularly regression and classification-
based techniques. However, the predominantly narrative and heterogeneous reporting of 
non-comparable performance metrics precluded robust conclusions. The educational impli-
cations of these patterns are discussed, emphasizing the need for future research to incor-
porate contextually relevant educational dimensions, multi-source data, and multivariate and 
multilevel analyses. Overall, the results underscore the importance of aligning LA research 
with pedagogical objectives and enhancing its practical relevance in higher education.
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Introduction

Over the past two decades, higher education institutions have progressively integrated 
digital platforms into their programs to support and enhance teaching and learning pro-
cesses. These platforms have enabled a systematic collection of extensive student-related 
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data, ranging from patterns of interaction with educative digital contents through to aca-
demic performance indicators. Against this backdrop, Learning Analytics (henceforth LA) 
has emerged as a distinct, interdisciplinary field concerned with the measurement, collec-
tion, analysis and interpretation of educational data with the aim of understanding and 
improving learning processes, and the environments in which they occur (Lang et al., 
2022; Long et al., 2011).

Initially, LA in higher education was limited to basic functionalities within learn-
ing management systems (LMS), such as Moodle and Blackboard, focusing primarily on 
simple metrics such as attendance and grades. However, advances in data infrastructures, 
computational capabilities and artificial intelligence have facilitated the development of 
more sophisticated platforms, such as edX Insights, IBM Watson Education, and Learning 
Locker, which employ semi-automated or fully automated processes that can manage large-
scale datasets. As a result, LA has evolved from a largely descriptive tool to one capable 
of supporting real-time analyses of student engagement, personalized learning pathways, 
and academic competences (Haleem et al., 2022; Mhlanga, 2024). This transformation has 
expanded LA’s scope from passive tracking (Viberg et al., 2018) to the deployment of pre-
dictive and prescriptive models that can forecast academic outcomes and recommend tai-
lored, data-based interventions (Ouyang et al., 2023).

Contemporary research on LA in higher education converges in three principal domains: 
(1) the personalization of learning experiences through the monitoring of student progres-
sion (Banihashem et al., 2022); (2) the iterative design of curricula informed by data-driven 
insights (Leitner et al., 2017); and (3) the optimization of institutional resources through the 
identification of usage patterns and systemic inefficiencies (Llopis-Albert & Rubio, 2021). 
Collectively, these applications underscore LA’s potential to inform data-informed decision-
making through pedagogical innovation (Utamachant et al., 2023; Yan et al., 2024).

Despite LA’s growing prominence, literature assessing its impact, particularly through 
evidence synthesis methods (e.g., systematic literature reviews), reveals persistent concep-
tual and methodological challenges (Chan et al., 2019; Foster & Francis, 2020; Ifenthaler 
& Yau, 2020). While a number of reviews have confirmed LA’s efficacy in identifying aca-
demic performance trends and modeling student success (Alnasyan et al., 2024; Dol & 
Jawandhiya, 2024; Rahul & Katarya, 2023), significant inconsistencies remain in the accu-
racy of models. Such discrepancies are often attributed to heterogeneity: in data sources 
(e.g., institutional records, LMS, tutoring systems, game-based learning environments), data 
types (e.g., clickstream logs, assessment scores, forum posts, sensor and biometric data), 
and input variables (e.g., demographic data, prior academic performance, engagement met-
rics, emotional states); in how academic performance is operationalized (e.g., final course 
grades, retention or dropout status, formative assessment outcomes); and even in applied 
analytical techniques (e.g., association rules, classification algorithms) (Larrabee Sonder-
lund et al., 2019; Namoun & Alshanqiti, 2020). Moreover, several theoretical and practical 
issues remain understudied. For example, many studies lack robust theoretical foundations 
with defined pedagogical objectives, limiting the capacity of LA to inform pedagogically 
meaningful interventions (Gašević et al., 2017; Reimann, 2016). Indeed, without address-
ing detailed characteristics related to the educational context, LA risks reinforcing techno-
solutionist paradigms that prioritize algorithmic efficiency over pedagogical relevance.

In light of such challenges, and in order to address existing knowledge gaps, a compre-
hensive meta-review of existing synthesis studies is warranted. To date, no meta-reviews 
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have been carried out on LA applications in the study of academic performance specifically 
in higher education, although two previous studies have come close to addressing this goal 
(Chaka, 2022; Du et al., 2019, 2021), collecting data up until 2021 at the latest. Du et al. 
(2019, 2021), without a predefined review protocol, conducted a meta-review covering the 
period from 2012 to 2017, in which 901 publications were examined. However, this meta-
review combined empirical studies with only eight review papers, and lacked a clear focus 
on academic performance. Chaka (2022) brought improvements in methodological rigor by 
employing a standardized protocol, yet his review was limited to predictive methods.

Existing meta-reviews thus exhibit notable substantive and methodological limitations, 
particularly in terms of their thematic focus and analytical scope. While systematic reviews 
(henceforth SRs) are designed to synthesize evidence, they frequently diverge in terms of 
scope, methodological approaches, and inclusion criteria, resulting in fragmented, overlap-
ping, or even contradictory conclusions. This underscores the need for a meta-review specif-
ically focused on the applications of LA within a defined educational context, namely, higher 
education, and addressing a targeted academic domain, such as academic performance.

Ultimately, this meta-review contributes to a more integrated understanding of LA’s role 
in higher education by examining both substantive dimensions, such as phase of the educa-
tional process in which LA was applied, the knowledge domains involved, and any under-
pinning pedagogical theories and objectives, and operational aspects, including the data 
sources and types, and the predictive variables and performance metrics employed, as well 
as the analytical strategies used. Furthermore, an in-depth study of LA from a more educa-
tional perspective promises to provide a theoretical framework for its use as a mechanism 
to analyze the academic development of higher education students. Finally, from a practi-
cal standpoint, it contributes to the optimization of LA as a set of fundamental educational 
procedures for personalizing university students’ teaching and learning processes. The main 
objective of this meta-review is thus to examine SRs of the applications of LA in the study 
of academic performance in higher education.

Method

Meta-review protocol

This meta-review was conducted in accordance with a synthetic planning protocol preregis-
tered in the INPLASY repository (number 2024120119 ; doi: ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​3​7​7​6​6​/​i​n​p​l​
a​s​y​2​0​2​4​.​1​2​.​0​1​1​9​​​​​)​, as well as with a previously published empirically tested protocol article 
(Molla et al., 2025). The reporting of this meta-review was based on the Preferred Reporting 
Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines (Page et al., 2021), 
and more specifically on the Preferred Reporting Items for Overviews of Reviews (PRIOR) 
statements (Gates et al., 2022; Pollock et al., 2019). Additional methodological recommen-
dations specifically proposed for overviews of reviews were also taken into account (Aro-
mataris et al., 2015).

Consistent with the principles of open science, and to enhance transparency and repro-
ducibility, all procedures and materials referenced in this meta-review are openly accessible 
in the OSF repository by clicking here ​h​t​t​p​s​​:​/​/​o​s​f​​.​i​o​/​d​​e​j​n​v​​/​o​v​e​r​v​i​e​w​?​v​i​e​w​_​o​n​l​y​=​b​9​e​5​e​7​3​1​
4​a​d​e​4​1​e​8​b​6​9​f​3​9​7​9​e​3​f​4​a​4​0​3​​​​​.​​

https://doi.org/10.37766/inplasy2024.12.0119
https://doi.org/10.37766/inplasy2024.12.0119
https://osf.io/dejnv/overview?view_only=b9e5e7314ade41e8b69f3979e3f4a403
https://osf.io/dejnv/overview?view_only=b9e5e7314ade41e8b69f3979e3f4a403
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Information sources and search strategies

Both the selection of databases and the search strategy employed were based on the meta-
review protocol study, in which a university librarian and a researcher with expertise in 
evidence synthesis conducted a critical review and testing process (Molla et al., 2025), 
assessing the adequacy of database selection, overall coverage and precision of the search 
syntax, the appropriateness of thesaurus descriptors, free-text keywords, truncation sym-
bols, and Boolean operators, and the suitability of a preliminary retrieval of records. 
Refinements made to the search strategy can be consulted in the published meta-review 
protocol study.

Bibliographic searches were carried out across four electronic databases, Scopus (Else-
vier), Web of Science Core Collection (via Clarivate Analytics), ERIC (via ProQuest), and 
PsycINFO (via ProQuest), to cover a comprehensive coverage of disciplines relevant to the 
subject of study (e.g., education, technology, informatics, data science). Gray literature was 
also explored using Google (screening the first 250 results sorted by relevance) and Disser-
tations & Theses Global (via ProQuest), as well as other specific sources related to LA, such 
as the Proceedings of the International Conference on Learning Analytics & Knowledge 
(LAK). Emails were sent to leading researchers and research groups with a substantial pub-
lication record on LA in order to inquire about ongoing or unpublished SRs that might meet 
the inclusion criteria. In addition, the reference lists of all included studies and other rele-
vant publications were manually screened to identify additional potentially eligible reviews.

The search strategy was developed in accordance with the Preferred Reporting Items for 
Systematic Reviews and Meta-Analyses Literature Search Extension (PRISMA-S) guide-
lines (Rethlefsen et al., 2021). It was designed through an iterative process that incorporated 
key terms from the empirical literature and consultations of relevant databases, as well as 
from search strategies employed in previous SRs on LA in higher education (Chaka, 2022; 
Ifenthaler & Yau, 2017; Pan et al., 2024). Four main groups of descriptors were there-
fore identified, combining both highly sensitive and specific terms related to the following 
dimensions: (1) Learning Analytics (e.g., learning analytics, academic analytics, data-
driven education, educational data mining); (2) type of study (e.g., systematic review, scop-
ing review, integrative review); (3) academic performance (e.g., academic grades, academic 
marks, academic outcomes, academic performance); and (4) higher education (e.g., tertiary 
education, undergraduates, university). Boolean operators (i.e., OR, AND) were applied 
both within and across groups of descriptors, respectively.

The search strategy was adjusted to the specific syntax, characteristics and functionalities 
of each bibliographic database (e.g., search fields, combinations of free text and thesaurus 
terms, truncation symbols), limited to publications from 1st January 2000 to 30th April 
2025. Monthly alerts were set in all four databases in order to identify new records pub-
lished during the review process, up until 21st May 2025. To support the reproducibility of 
this meta-review, the full search strategies applied in each of the databases are presented in 
the Supplementary Tables S1a to S1e.

Eligibility criteria and selection process

To address the stated objectives of this meta-review, studies were deemed eligible for inclu-
sion if they: (1) were SRs, regardless of the specific review type (e.g., scoping review, inte-
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grative review); (2) were available in any document format (e.g., journal article, conference 
proceeding); (3) SRs focusing exclusively on higher-education settings; (4) were published 
in English or Spanish; and (5) were published from the year 2000 onward.

Conversely, studies were excluded if they primarily focused on: (1) bibliometric analy-
ses; (2) non-human samples, such as software, tools, or algorithms; or (3) Massive Open 
Online Courses (MOOCs), unless these courses were explicitly embedded within formal 
higher education curricula; or (4) mixed educational levels (e.g., higher education combined 
with secondary or other educational contexts), unless results were reported separately for 
higher education.

All the retrieved records were imported into Zotero software (version 7.0.8), where 
duplicate references were removed prior to the screening process. Two reviewers (FGG & 
MIGN) independently screened all titles and abstracts against the inclusion criteria, follow-
ing the predefined adjudication rules described in the meta-review protocol (Molla-Esparza 
et al., 2025). Thus, records advanced to full-text screening under three circumstances: (1) 
both reviewers judged the study to be eligible; (2) one reviewer expressed uncertainty; 
or (3) the reviewers reached different decisions. Screening based on titles and abstracts 
yielded good inter-rater reliability (Gwet’s AC1 = 0.92, 95% CI: 0.91, 0.94, p < .001), with 
an observed agreement of 93% between the reviewers (Gwet, 2014). Full-text screening 
was conducted independently by the same two reviewers (FGG & MIGN). Cases involv-
ing disagreement or uncertainty were discussed with the aim of reaching consensus, and, 
when consensus could not be reached, a third reviewer (CME) was consulted to make the 
final decision. The full-text screening phase also demonstrated good inter-rater reliability 
(Gwet’s AC1 = 0.65, 95% CI: 0.52, 0.78, p < .001), with an observed agreement of 72% 
between reviewers. Supplementary Table S2 indicates all the references excluded, while 
Supplementary Table S3 indicates all those selected for final inclusion in the meta-review 
after full-text screening.

The degree of overlap of primary studies across the included SRs was evaluated both 
using artificial intelligence tools (specifically the NotebookLM platform from Google 
Research), and manually. The resulting Corrected Covered Area value was 0.91%, indi-
cating a slight overlap (Pieper et al., 2014). Consequently, there was no substantial over-
lap that would justify concerns regarding duplication, or warrant further examination. 
This assessment contributed to the interpretation of the results, particularly in terms of 
their validity.

Data extraction and quality assessment

Data were extracted from the included SRs using a piloted data extraction form by two 
independent reviewers (FGG & CME), with discrepancies between coders addressed by 
trying to reach consensus, and arbitration by a third reviewer (MIGN) when required. The 
data coding form was pilot-tested in two consecutive rounds in order to minimize potential 
errors and enhance the reliability of the process, and a preliminary satisfactory inter-coder 
agreement result was obtained (Molla-Esparza et al., 2025). Supplementary Table S4 shows 
the data extraction form used in the meta-review.

For coding purposes, bibliometric data included: (1) authors’ names, affiliations, and 
subject areas; (2) publication year; (3) document type (e.g., article, conference proceed-
ing); (4) source; (5) language; and (6) open access status. Regarding the characteristics of 
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the SRs, the following data were coded: (7) type of SR (e.g., scoping review); (8) adher-
ence to a reporting guideline (e.g., PRISMA); (9) research aims; (10) eligibility criteria; 
and (11) the number of primary studies included. To gain a deeper understanding of LA 
applications in the study of academic performance in higher education, the following data 
were also extracted: (12) higher educational levels at which LA was applied (e.g., under-
graduate, postgraduate); (13) knowledge domains involved (e.g., education, medicine); (14) 
educational settings (e.g., online, blended); (15) educational theories; (16) objectives of 
the primary studies; (17) pedagogical purposes guiding LA applications; (18) phase of the 
educational process in which LA was applied; (19) data collection methods and sources 
(e.g., LMS); (20) parties generating the data and units of analysis (e.g., individual students, 
groups); (21) communication channels used (e.g., web-based dashboards); (22) types of 
data gathered (e.g., demographic, performance data, engagement data); (23) analyzed input 
variables (e.g., logins) and output variables (e.g., course completion rates, grade point 
averages), and those identified as statistically significant; (24) LA methods used (e.g., self-
organizing maps, social network analysis); (25) measures of the accuracy and precision of 
methods (i.e., statistic performance metrics); and (26) software tools employed (e.g., R, 
Stata). Gwet’s coefficient for data extraction was 0.90 (95% CI: 0.87, 0.93, p < .001), with 
an observed agreement of 91% between coders.

Following the same data coding process, the methodological quality of the included SRs 
was assessed using the A Measurement Tool to Assess Systematic Reviews (AMSTAR 2) 
guidelines (Shea et al., 2017). Minor semantic adjustments were made to adapt the tool to 
the LA literature (e.g., replacing ‘patients’ with ‘users’, and removing medical terms such as 
‘dose’). AMSTAR 2 comprises 16 domains evaluating key aspects such as research question 
formulation, protocol registration, search strategy comprehensiveness, duplicate screening 
and data extraction, specification of eligibility criteria, characterization of primary studies, 
risk of bias assessment, and disclosure of funding sources. Overall quality was classified 
in line with the AMSTAR 2 guidance, which identifies domains 2, 4, 7, 9, 11, 13, and 15 
as critical. The methodological quality of each SR was thus categorized on the basis of the 
number and severity of its methodological weaknesses: high (no or one non-critical weak-
ness); moderate (more than one non-critical weakness); low (one critical weakness, with or 
without non-critical weaknesses); and critically low (more than one critical weakness). The 
methodological quality assessment demonstrated good overall agreement between coders 
(Gwet’s AC1 = .93, 95% CI: .91, .96, p < .001), with an observed agreement of 93%. The 
overall methodological quality and domain-level scores are provided in Table 1 and Supple-
mentary Table S5, respectively.

Data synthesis

Due to the expected heterogeneity of LA applications in the study of academic perfor-
mance in higher education, the data extracted from the included SRs were synthesized nar-
ratively. The narrative synthesis was guided by the research objectives of the meta-review, 
and was structured around the aforementioned predefined dimensions. In particular, the 
synthesis began with a description of search results, study characteristics (e.g., publication 
years, document types, reporting guidelines employed), and their methodological quality. 
It then addressed educational contexts and pedagogical aims targeted by LA applications, 
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including institutional levels, disciplines, learning environments, and stated educational 
purposes. Furthermore, results concerning the generation, collection, and management of 
data for LA were gathered, reporting the systems and platforms used, as well as the types 
of data gathered.

The synthesis also examined how academic performance was conceptualized or opera-
tionalized, and the factors studied in relation to it. Indicators were extracted verbatim, and 
ambiguity in SR terminology was coded explicitly. Outcome indicators were additionally 
examined in terms of whether the included SRs reported clearly operationalized indicators 
or broader conceptual labels lacking explicit operational definitions. Then, all indicators 
were classified into three mutually exclusive outcome families: (1) academic performance 
and learning outcomes; (2) progression and retention; and (3) engagement and behavior. 
Factors examined in relation to academic performance were synthesized and grouped into 
meta-categories, such as demographics and socioeconomics, and digital interaction and 
log data. The synthesis also reported LA methods used and the performance of these 
methods. LA methods (e.g., random forest, decision trees) and their specific models or 
algorithms (e.g., ID3, C4.5) were extracted as reported in the included SRs and tabu-
lated by model family (e.g., tree-based models, kernel-based models). When possible, 
the prevalence of each method across SRs was reported. LA model performance was 
also coded by extracting the specific performance metric types (e.g., accuracy, sensitiv-
ity, specificity) and the underlying modeling approach or task (e.g., classification-based), 
and subsequently tabulated according to families of performance metrics (e.g., threshold-
dependent classification metrics, ranking-based metrics). When feasible, the prevalence 
of metric use across SRs was reported. In addition, when SRs provided sufficient quantita-
tive information, performance results were summarized descriptively; otherwise, findings 
were synthesized narratively.

Overall, quantitative results were consistently reported in both percentages (%) and 
absolute counts (n) in order to support interpretability and ensure clarity in representing the 
distribution of characteristics and findings across the included SRs. Finally, findings were 
framed as patterns in the existing review literature and interpreted in light of the method-
ological quality ratings, particularly regarding the strength and robustness of the synthe-
sized evidence base.

Results

Search results and study characteristics

The initial search of electronic databases identified a total of 1441 potentially relevant 
records. After the removal of duplicates, 1204 studies remained. Of these, 1124 were 
excluded for not meeting the inclusion criteria based on their titles and abstracts. The 
remaining 80 studies were retrieved for full-text assessment. Of these, 3 could not be 
accessed through the databases but were requested and subsequently provided by the origi-
nal authors. Consequently, the full-text of 80 studies was examined, resulting in the inclu-
sion of 16 studies that met all the established inclusion criteria. An additional 3 studies were 
identified in gray literature sources and incorporated into the final synthesis. Finally, a total 
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of 19 SRs were included in this meta-review (see Fig. 1 for the PRISMA flow diagram, and 
Supplementary Tables S2 and S3 to consult all the references excluded and included after 
the full-text review).

As shown in Table 1, all SRs included in this meta-review were published between 2019 
and 2024, with primary studies covering the period from 2000 to 2024. Nevertheless, there 
was an increase in empirical research output from 2010 onward (see Supplementary Data-
set). Most of the SRs were journal articles (n = 15, 79%), and half were available via open 
access (n = 10, 53%). Approximately two thirds of the SRs (n = 12, 63%) were produced 
by researchers affiliated with engineering or computer science disciplines. Nearly all the 
SRs (n = 18, 95%) were standard SRs, with a minority employing comprehensive review 
approaches or meta-analytic techniques (n = 1, 5%). Regarding adherence to reporting 
guidelines, approximately 37% (n = 7) of the SRs did not report any framework. Among 
those that did, the PRISMA guidelines were the most frequently reported (n = 6, 32%), fol-
lowed by various versions of Kitchenham’s guidelines (n = 4, 21%). All SRs (n = 19, 100%) 
were classified as having critically low methodological quality (see Table 1 and Supplemen-
tary Table S6 for details). Additional information on the studies analyzed is provided in the 
Supplementary Dataset.

Educational contexts and pedagogical aims

While all the SRs used the context of higher education as an inclusion criterion regarding 
their primary studies, only a subset (n = 7, 37%) further specified the type of institution 
(e.g., universities) (n = 3, 16%), the educational level (e.g., undergraduate, postgraduate) 
(n = 4, 21%), or the disciplinary focus (e.g., engineering, education) (n = 1, 5%). Regard-

Fig. 1  PRISMA flow diagram
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ing academic disciplines, three quarters of the SRs (n = 14, 74%) did not establish disci-
plinary domains as inclusion criteria, nor did they consider them as a focus of analysis 
of primary studies. In the SRs that explicitly examined disciplines (n = 3, 16%), primary 
studies were predominantly focused on students enrolled in engineering and technol-
ogy fields, mainly engineering, computer science, and other related science, technology, 
engineering and mathematics (STEM) disciplines. Business-oriented and health-related 
programs were also represented, though to a lesser extent. These SRs also noted that 
many primary studies failed to specify the academic programs involved, and revealed a 
clear underrepresentation of social sciences, arts, and humanities, indicating a disciplin-
ary imbalance in LA applications. Educational settings were likewise not predefined as 
an outcome of interest in the majority of the SRs analyzed (n = 14, 74%). The subset 
of SRs that considered this dimension (n = 4, 21%) indicated that applications of LA in 
relation to academic performance were predominantly conducted within digital learn-
ing environments, with online and blended learning modalities being the most prevalent. 
Moreover, none of the SRs included in this meta-review reported a synthesis of the peda-
gogical models or educational theories underlying the implementation of LA applications 
in selected primary studies.

Based on findings from fewer than half of the SRs (n = 8, 42%), the pedagogical purpose 
of the application of LA predominantly focused on improving academic performance and 
supporting student success. The most frequently reported objective was the assessment and 
improvement of student academic outcomes through predictive models, particularly those 
aimed at identifying students at risk of failure or dropout early in their academic trajec-
tory. Nevertheless, the reviewed SRs also indicated that LA is used to address multiple 
educational objectives simultaneously, including enhancing student engagement, enabling 
personalized learning pathways, supporting feedback processes, and informing data-driven 
decision-making. Less commonly reported aims encompassed areas such as student long-
term indicators of success, well-being, and satisfaction.

Although only one fifth of the SRs (n = 4, 21%) reported the academic or learning phase 
when applying LA, the available findings suggested that LA was frequently employed at the 
end of academic semesters, and its application, according to multiple sources, spanned the 
entire student life cycle from enrollment or the first-year through to graduation.

Data generation, collection and management

A third of the SRs (n = 6, 32%) gathered information on the systems or platforms employed 
for data collection in LA applications, to varying degrees of detail. Digital learning environ-
ments were consistently identified as the principal settings for data collection, particularly 
those enabling the tracking of student interactions. In particular, LMS emerged as the most 
commonly reported data source, either as a sole platform or in conjunction with other stu-
dent information systems. In addition to institutional systems, other sources of data such as 
public datasets (e.g., the OULAD dataset) or multi-modal data strategies were occasionally 
employed. Furthermore, some evidence suggested that LA applications drew upon data gen-
erated by student activity (n = 2, 11%). However, this was an underexplored feature in the 
SRs included in this meta-review. Only one SR (n = 1, 5%) addressed the tools or platforms 
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used to convey insights from LA to stakeholders, indicating that these are primarily imple-
mented via customizable web-based dashboards, which display data adapted to the learning 
process, either in (near) real time, or on a summative basis.

Academic performance metrics

Tables 2, 3 and 4 present the findings extracted from the reviewed SRs on how academic 
performance has been conceptualized or operationalized in the primary studies. To create 
this synthesis, the metrics relating to academic performance were classified into three main 
categories: (1) focused on academic performance and learning outcomes (n = 14, 74% of 
SRs, see Table 2); (2) focused on progression and retention (n = 9, 47% of SRs, see Table 3); 
and (3) focused on engagement and learning behavior (n = 6, 32% of SRs, see Table 4). The 
synthesis of metrics across the SRs shows considerable variation, ranging from the report-
ing of broad constructs such as ‘learning outcomes’ and ‘student final success’ in the first 
category, ‘risk status’ or ‘withdrawal’ in the second category, and ‘learning behavior’ in 
the third category, to more precisely defined and operationalized indicators such as ‘course 
grades’ and ‘completion time’ in the first category, ‘dropout’, ‘retention’ and ‘course com-
pletion’ in the second category, and ‘student engagement’ in the third category. Moreover, 
the frequencies at which these indicators were employed in primary studies are similarly 
heterogeneous.

Factors studied in relation to academic performance

Most of the SRs analyzed reported and synthesized factors related to academic perfor-
mance, without clarifying their significance or predictive power. Supplementary Table S7 
shows the factors and indicators examined in SRs addressing predictive LA modeling of 
academic performance in higher education. According to the SRs examined, demographic 
and socioeconomic factors were the most studied in primary studies (n = 16, 84% of SRs 
reported it), followed by indicators related to academic background and prior performance 
(n = 15, 79% of SRs), psychological and personal traits (n = 12, 63% of SRs), digital interac-
tion and log data (n = 10, 53% of SRs), behavioral engagement (n = 10, 53% of SRs), and 
institutional course and contextual variables (n = 5, 26% of SRs). The reporting of studied 
factors across the SRs was highly variable, once again, ranging from general or ambiguous 
predictors (reported verbatim, e.g., demographics, behavioral data, psychosocial factors) to 
more clearly defined and operational indicators (reported verbatim, e.g., gender, academic 
records, participation in class). In addition, most of the factors synthesized were employed 
to predict the three aforementioned categories of academic performance. However, these 
factors should be interpreted as frequently examined variables in the review literature, not 
as established predictors of academic performance.

With respect to the statistical significance or predictive contribution of factors examined 
in relation to academic performance, only three of the included SRs explicitly addressed 
this issue, although with notable limitations. Abu Saa et al. (2019) report ‘factors found 
significant’, and Cardona et al. (2023) refer to ‘factors with high impact’; however, in both 
cases it is unclear whether these terms denote statistical significance or a more general 
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notion of predictive relevance or effect size. Chan et al. (2019) explicitly refer to statistical 
significance, noting that some primary studies did not yield significant results, yet they do 
not specify which predictors failed to reach statistical significance.

Learning Analytics methods, model performance, and software

LA methods were examined in 84% (n = 16) of the included SRs. However, only 37% (n = 7) 
provided summary statistics or tabular summaries of the methods used in primary stud-
ies. Across these reviews, a wide range of analytical approaches were reported, reflecting 
substantial heterogeneity in both modeling strategies and reporting practices. In particular, 
supervised predictive modeling approaches were most frequently reported, including a vari-
ety of classification- and regression-based models (see Table  5). Unsupervised methods 
(e.g., K-Means) were reported to a lesser extent. The synthesis of specific models or algo-
rithms was limited across most LA methods, with linear and generalized linear regression 
models constituting an exception, as these were more frequently reported at a specific model 
level. Overall, there was substantial variation across SRs in the reported use of these meth-
ods among primary studies, precluding direct comparisons.

SRs analyzed the use of various classification approaches in primary studies, highlight-
ing considerable variability in their application, with Naïve Bayes classifiers being the most 
frequently reported technique. Model performance was examined in 53% (n = 10) of the 
included SRs, with only 37% (n = 7) reporting descriptive or tabulated summaries of results. 
Therefore, the synthesis of LA methods and model performance should be read as a descrip-
tion of reporting patterns across SRs, rather than as evidence that any specific analytical 
approach performs better than others.

As shown in Supplementary Table S7, the SRs synthesized a heterogeneous set of 
performance metrics used in primary studies, spanning multiple metric families. Thresh-
old-dependent classification performance metrics were the most frequently reported. Spe-
cifically, accuracy was the predominant metric; however, its reporting varied considerably 
(n = 6; 86% of those examined model performance). Most SRs did not specify accuracy 
results by model type or underlying analytical task (e.g., classification, prediction) (n = 4; 
67% of those synthesized accuracy results). In addition, several reviews reported accu-
racy as the percentage of primary studies employing the metric (n = 3; 50%), whereas oth-
ers provided performance ranges or summary statistics (n = 3; 50% of those synthesized 
accuracy results). The heterogeneity of accuracy values reported across SRs precluded 
cross-review comparability. Other threshold-dependent classification performance metrics 
were reported less frequently, including precision, sensitivity, specificity, and F-measure. 
Ranking-based, threshold-independent metrics (e.g., Matthews correlation coefficient, 
area under the receiver operating characteristic curve), as well as continuous prediction 
error metrics (e.g., root mean square error, mean absolute error), were reported far less 
commonly across SRs.

The SRs that gathered data on software used to implement LA (n = 4, 21%) indicated that 
many primary studies failed to report this aspect. Nevertheless, a wide range of programs 
was identified, with Weka, Python, and R being the most frequently reported. Other tools, 
including RapidMiner, MATLAB, Orange, KNIME, SQL-based environments, SPSS and 
Java were mentioned less frequently.
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Analytical 
approach

Model family Analyti-
cal model 
categories

SRs Specific models 
or algorithms

Primary stud-
ies using the 
model in each 
SR

Predictive 
modeling 
approaches

Tree-based 
models

Random forest Dhankhar et al. (2021) NR 19/84 (22.6%)

Pelima et al. (2024) NR 27/70 (38.6%)
Sghir et al. (2023) NR 7/74 (9.5%)
Tjandra et al. (2022) NR 3/33 (9.1%)

Decision trees Abu Saa et al. (2019) ID3 algorithm 4/34 (11.8%)
Abu Saa et al. (2019) C4.5 algorithm 4/34 (11.8%)
Dhankhar et al. (2021) NR 42/84 (50%)
Sghir et al. (2023) NR 4/74 (5.4%)
Tjandra et al. (2022) NR 9/33 (27.3%)

Kernel-based 
models

Support Vector 
Machines

Abu Saa et al. (2019) NR 8/34 (23.5%)

Dhankhar et al. (2021) NR 20/84 (23.8%)
Pelima et al. (2024) NR 31/70 (44.3%)
Tjandra et al. (2022) NR 4/34 (11.8%)

Linear and 
generalized 
lineal models

Regression-
based models

Mella-Norm. et al. 
(2022)

Linear 7/12 (58%)

Pelima et al. (2024) Logistic 13/70 (18.6%)
Abu Saa et al. (2019) Logistic 6/34 (17,6%)
Chan et al. (2019) Multiple linear 

or logistic
5/19 (26.3%)

Dhankhar et al. (2021) NR 32/84 (38.1%)
Sghir et al. (2023) Multiple linear 2/74 (2.7%)
Sghir et al. (2023) Single linear 2/74 (2.7%)
Tjandra et al. (2022) NR 1/33 (3%)

Rule-based 
models

Rule-based 
models

Dhankhar et al. (2021) NR 1/84 (1.2%)

Tjandra et al. (2022) NR 2/33 (6.1%)
Probabilistic 
classifiers

Naive Bayes Abu Saa et al. (2019) NR 13/34 (38.2%)

Dhankhar et al. (2021) NR 20/84 (23.8%)
Sghir et al. (2023) NR 3/74 (4.1%)
Tjandra et al. (2022) NR 6/33 (18.2%)

Distance-based 
models

K-Nearest 
Neighbor

Abu Saa et al. (2019) NR 5/34 (14.7%)

Dhankhar et al. (2021) NR 11/84 (13.1%)
Mella-Norm. et al. 
(2022)

NR 1/12 (8.3%)

Pelima et al. (2024) NR 9/70 (12.9%)
Sghir et al. (2023) NR 2/74 (2.7%)
Tjandra et al. (2022) NR 4/33 (12.1%)

Neural 
Networks

Neural 
Networks

Abu Saa et al. (2019) Multi-layer 
perceptron

4/34 (11.8%)

Pelima et al. (2024) Multi-layer 
perceptron

14/70 (20%)

Table 5  Summary of learning analytics methods to predict student academic performance
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Discussion

The aim of this meta-review was to examine SRs on the use of LA in the study of academic 
performance in higher education. Compared to the two previous meta-reviews in the field 
(Chaka, 2022; Du et al., 2019, 2021), this work presents a more comprehensive search strat-
egy, and adopted a broader, more integrated educational perspective by synthesizing both 
pedagogical and operational dimensions. This was achieved through the use of a standard-
ized methodology and adherence to a pre-registered protocol, with a view to updating and 

Analytical 
approach

Model family Analyti-
cal model 
categories

SRs Specific models 
or algorithms

Primary stud-
ies using the 
model in each 
SR

Abu Saa et al. (2019) NR 4/34 (11.8%)
Dhankhar et al. (2021) NR 33/84 (39.3%)
Mella-Norm. et al. 
(2022)

NR 2/12 (16.7%)

Sghir et al. (2023) NR 10/74 (13.5%)
Tjandra et al. (2022) NR 4/33 (12.1%)

Partitioning-
based 
algorithms

K-Means Sghir et al. (2023) NR 7/74 (9.5%)

Ensemble 
methods

Ensemble 
methods

Dhankhar et al. (2021) Various (e.g., 
stacking, 
boosting)

12/84 (14.3%)

Sghir et al. (2023) Gradient 
boosting

5/74 (6.8%)

Sghir et al. (2023) NR 3/74 (4.1%)
Statistical 
inferential 
methods

Correlational 
tests

Correlation 
tests

Chan et al. (2019) Pearson or 
Spearman

3/19 (15.8%)

Group com-
parison tests

T-test Chan et al. (2019) NR 4/19 (21.1%)

Mann–Whit-
ney U

Chan et al. (2019) Not applicable 4/19 (21.1%)

Analysis of 
Variance

Chan et al. (2019) Univariate or 
multivariate

4/19 (21.1%)

Note 1. This table provides a descriptive synthesis of the analytical methods and algorithms reported in the 
included SRs. The classification is intended to characterize the analytical methods used in LA research, 
rather than to propose a definitive or exhaustive taxonomy
Note 2. Analytical model categories and specific models or algorithms are reported as described in the 
original SRs. When the underlying model or algorithm was not specified, this is indicated as not reported 
(NR)
Note 3. Values are reported as n/N (%), where n represents the number of primary studies within each SR 
that employed a given model or algorithm, and N represents the total number of primary studies included 
in that review
Note 4. Analytical model categories are classified under the columns ‘Analytical approach’ and ‘Model 
families’ according to their primary analytical purpose and their underlying mathematical and algorithmic 
structure, respectively
Note 5. Predictive modeling approaches were distinguished from statistical inferential methods, which 
were included when explicitly reported by the SRs as analytical strategies

Table 5  (continued) 
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mapping the available evidence. More specifically, this meta-review offers a classification 
and appraisal of how synthesis studies have addressed: (1) the educational context in which 
LA has been used and its pedagogical purposes; (2) the conceptualization and measurement 
of academic performance; (3) the factors examined in relation to academic outcomes; and 
(4) the analytical strategies or techniques employed to process and interpret educational 
data.

The findings also reflect a sharp increase in the publication of SRs on LA from 2000 to 
2025. This growth reflects the rapid expansion and diversification of LA as a research field 
(Lang et al., 2022; Viberg et al., 2018), but also underscores the need to periodically meta-
synthesize these reviews in order to prevent theoretical fragmentation, map new advances, 
and guide future research and educational practice.

A notable characteristic of the SRs examined was the predominance of authors from 
engineering and computer science disciplines (63%), in contrast to only 21% from educa-
tion disciplines. This disciplinary imbalance reflects LA’s origins in technical fields and 
its reliance on computational techniques (Long et al., 2011). Yet this technical perspective 
often prioritizes data collection capabilities and algorithmic accuracy, while overlooking the 
pedagogical aims and stages of learning with which LA should be aligned, for example. The 
effectiveness of LA as a mechanism to personalize educational experiences and improve 
academic performance depends on the explicit articulation of pedagogical goals and specific 
moments in the teaching and learning process in which interventions are most opportune 
(Fariani et al., 2023). This idea is associated with classic frameworks such as Biggs’ (1996) 
constructive alignment, which remains widely applied today in support of the achievement 
of intended learning outcomes. LA, without such pedagogical grounding, risks remaining a 
superficial reporting tool that merely informs stakeholders about student progression, with-
out translating educational data into actionable insights for curricula design, teaching, and 
learning decisions.

This lack of pedagogical anchoring was evident in several of the SRs analyzed. For 
instance, nearly 90% of the SRs did not gather or report the educational level of students in 
the primary studies they reviewed. The limited reporting of educational aspects constrains 
the potential to adapt LA interventions to the specific developmental needs and self-regula-
tory skills of students at different educational stages. First-year undergraduates, for exam-
ple, often require structured guidance, with the scaffolding of a set of guidance activities, to 
develop foundational self-regulatory skills, such as time management and goal-setting. In 
contrast, more advanced students may benefit from adaptive feedback mechanisms that pro-
mote autonomy, support complex problem-solving and a more precise articulation of how 
the acquired learning can be transferred to a relevant disciplinary or professional context. 
Without clearly identifying the educational stage, it is more challenging to align LA inter-
ventions with learners’ specific cognitive, socio-emotional and pedagogical needs, thereby 
limiting their effectiveness and educational relevance.

Similarly, approximately 74% of the SRs analyzed did not gather or report the disciplin-
ary context of the primary studies. Notably, the few SRs that did report disciplinary con-
texts identified a strong bias toward STEM fields, consistent with the affiliations of the SRs 
authors themselves, leaving social sciences, humanities and education largely unexamined. 
Failing to specify the academic disciplines addressed in primary studies further constrains 
the interpretation and transferability of findings, as learning processes, assessment practices 
and pedagogical approaches can differ significantly across fields such as engineering and 
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social and health sciences. It is therefore recommendable that future synthesis studies col-
lect, analyze and report the aforementioned aspects in relation to the applications of LA in 
higher education.

Another underexplored dimension in the SRs concerned the specific educational settings 
in which LA was applied, which were reported in only 21% of the SRs. Among these, the 
majority indicated that LA was predominantly employed in digital contexts, likely due to 
the richer data streams that these environments produce, as well as their increased promi-
nence following the COVID-19 pandemic. However, these settings demand higher levels 
of learner autonomy and self-regulation. This may place certain students at a disadvan-
tage, particularly first-year students, if the LA interventions do not adequately consider such 
demands. Therefore, understanding the interplay between educational settings, student aca-
demic levels and LA interventions is crucial for their effective design and implementation.

Equally striking was the complete lack of reported theoretical grounding of the primary 
studies across all of the SRs. This lack has been widely criticized in the literature (Gašević 
et al., 2017; Reimann, 2016). The limited reporting of theoretical underpinnings may also 
help explain why 58% of the SRs did not gather information on the pedagogical aims of 
primary studies. When the underlying educational purpose in the application of LA is ill-
defined, LA’s usefulness seems to be reduced to mere prediction and risk detection. Future 
SRs would benefit from explicitly identifying and reporting the educational theories under-
pinning primary studies, not merely as background context, but as analytical frameworks 
guiding the application of LA methods, the interpretation of results, and the derivation of 
educational implications. In educational interventions mediated by LA applications that 
lack an explicit theoretical foundation, there is a risk for data to be treated primarily as 
outcomes that reinforce a technocentric approach, rather than as tools to support learning 
processes, inform instructional decision-making, or foster student development on the basis 
of meaningful educational insights. Therefore, integrating theoretical frameworks into SRs 
would enhance interpretative depth, support learner-responsive LA design, and strengthen 
the connection between research and educational practice in higher education (Utamachant 
et al., 2023; Yan et al., 2024).

Regarding data collection and dissemination, most SRs highlighted LMS as the primary 
data source in primary studies, reflecting the convenience and ubiquity of such platforms. 
Yet LMS data captures only certain dimensions of learning (e.g., clicks, logins, submis-
sions), while mostly neglecting affective and collaborative aspects, and offline learning 
behaviors. The promise of multimodal LA lies in its ability to integrate diverse data sources 
(Giannakos & Cukurova, 2023), including biometric and observational data, although this 
potential remains to date underexploited. Moreover, some studies pointed out the limitations 
of certain metrics, such as time-on-task and clickstreams, as not always being predictive of 
performance in specific tasks (López-Francés et al., 2022; Tellakat et al., 2019). Equally 
problematic is the failure of most of the SRs to document the parties generating the data 
(students, instructors, or automated systems), and how the data were assessed. Treating 
heterogeneous data sources as equivalent introduces interpretive risks and compromises the 
validity of performance metrics. These limitations underscore the need for future research 
to move beyond decontextualized LMS-based indicators by incorporating contextually rel-
evant educational dimensions, integrating multi-source data, and adopting multivariate and 
multilevel analytical approaches that more adequately reflect the complexity of learning 
processes and its outcomes.
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A similar heterogeneity was observed in how academic performance itself is defined and 
measured. The SRs alternately reported final grades, engagement indicators, retention rates, 
and subjective assessments, conflating distinct constructs under the umbrella of “perfor-
mance”. Clearer conceptualizations of performance, possibly distinguishing between short-
term task outcomes, long-term retention, and engagement, would enhance comparability, 
and guide more opportune LA applications.

The heterogeneity in the conceptualization and measurement of academic performance 
in the primary studies reported in the SRs reflects inconsistent operationalizations of out-
comes, disparate measurement methods, and an overreliance on quantitative metrics, often 
unsupported by robust theories of change (Foster & Francis, 2020; Ifenthaler & Yau, 2020). 
Such inconsistency obscures what students are actually engaging with in learning environ-
ments, and weakens the explanatory power of analyses (Chan et al., 2019; Mella-Noram-
buena et al., 2022). Unless these conceptual weaknesses are addressed, LA risks falling 
short of its potential to generate actionable insights that genuinely enhance teaching and 
learning.

In this regard, both academic performance outcomes and predictors have been predomi-
nantly synthesized from a technical, data-mining perspective, with limited consideration 
of educational theories in their conceptualizations. Some exceptions do exist however. For 
instance, Blumenstein’s (2020) SR took into account the Future of Learning framework 
(Redecker et al., 2011) and conceptualizations of learning gains in higher education (Ver-
munt et al., 2018) in discussing its results and proposing the LA Learning Gain Design 
Model. Similarly, Johar et al. (2023) used the framework of Redmond et al. (2018) to explain 
student engagement. However, such theoretical integrations remain rare, highlighting a per-
sistent gap that limits both the interpretability and educational relevance of LA findings.

From an educational perspective, it is important to distinguish between static predic-
tors, such as personal traits, demographics, socioeconomic characteristics, and prior aca-
demic background, and process-oriented variables, such as student engagement, digital 
interaction and learning behaviors, self-regulatory behaviors, and institutional and course-
related contexts. This distinction reflects different pedagogical mechanisms and levels 
of educational action associated with LA applications in higher education. While static 
variables may support the early identification of potential risk profiles, process-oriented 
indicators may provide more actionable insights for understanding learning processes, 
informing instructional decision-making, and designing timely formative interventions. 
In this regard, the reporting of predictive factors in the SRs was often incomplete or 
ambiguous. Although demographic and socioeconomic variables were frequently listed, 
few of the SRs specified their predictive significance. The continued emphasis on static 
demographic factors over dynamic, context-sensitive variables, such as real-time behav-
ioral and affective data, limits insights into the learning process (Sghir et al., 2023). Such 
approaches overlook social, cognitive and emotional factors essential to explaining stu-
dent learning behaviors (Ifenthaler & Yau, 2020; Mella-Norambuena et al., 2022). This 
raises concerns about over-reliance on easily available but potentially less educationally 
meaningful variables, while neglecting process-oriented variables (e.g., participation in 
class, time spent with materials, study habits), or contextually situated indicators (e.g., 
external assessments, learning environments, teaching-related variables). While static 
variables may be useful for identifying risk profiles, they offer limited explanatory value 
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for understanding learning processes or informing instructional adaptation. In contrast, 
process-oriented variables may be more closely aligned with pedagogical theory and may 
provide greater potential for designing timely, formative, and learner-responsive LA inter-
ventions (Musso et al., 2020). However, these interpretations should be understood as 
educationally grounded hypotheses derived from patterns in the review literature. Further-
more, little attention was paid to the risk of bias or the inequity inherent in demographic 
predictors, omissions that warrant correction in future research. This limited reporting 
hinders a nuanced understanding of which factors truly influence academic performance, 
and may lead to simplistic conclusions. This meta-review therefore underscores the need 
for more critical and comprehensive analyses in future SRs.

Methodologically, the predominance for supervised, quantitative techniques (primarily 
regression and classification models) suggests that evidence in the reviewed literature was 
operationalized mainly through predictive modeling approaches. Clustering methods and 
mixed-method approaches remain underutilized, despite their potential to uncover latent 
patterns and provide rich insights into learning processes. A more balanced methodological 
repertoire, including qualitative and hybrid approaches, could enhance both the interpret-
ability and relevance of findings. In addition, the results highlight substantial limitations in 
how both LA methods and model performance are synthesized and reported across SRs. 
The frequent synthesis of analytical models grouped under broad categories, with limited 
specification of underlying algorithms, hampers methodological comparisons and the deri-
vation of robust conclusions. Similarly, heterogeneous reporting practices and limited con-
textualization of model performance by model type, analytical task, or validation strategy 
restrict the interpretability of reported results and preclude meaningful cross-study synthe-
sis. Addressing these issues, particularly through more transparent and standardized report-
ing of analytical models, modeling tasks, and performance metrics, is essential to strengthen 
the evidence base of LA.

Although this meta-review offers a comprehensive synthesis of how LA has been 
applied in the study of academic performance in higher education, several limitations 
should be considered. Synthesizing evidence from previously published reviews entails 
inherent risks of bias, particularly given the variability, among the included SRs, in terms 
of scope, narrative focus, terminology, and reporting practices. This heterogeneity com-
plicated data extraction, especially for key aspects such as academic performance concep-
tualizations and predictive factors used in LA models. While the approach taken enables 
a comprehensive overview of the field, it also limits the direct comparability of findings, 
which should be interpreted with caution. The low methodological quality of our analyti-
cal sample is another important aspect to highlight in our research. None of the nineteen 
included SRs conducted a formal risk-of-bias assessment of primary studies, or evaluated 
potential publication bias. Consequently, the strength of the evidence base is constrained 
not only by variability in reporting, but also by the absence of critical quality appraisals, 
limiting the interpretability and robustness of the synthesized findings. A further limitation 
of this meta-review is the inclusion of only English- and Spanish-language SRs, which may 
also have introduced selection bias. Nonetheless, the meta-review involved a broad geo-
graphical coverage and diverse institutional contexts. Additionally, the limited number of 
SRs reporting on certain context subgroups (e.g., educational levels, disciplines) precluded 
more granular comparisons. The predominance of prediction-focused objectives across 
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most SRs, while methodologically coherent, risks narrowing the educational implications 
of LA by overlooking formative and developmental purposes. Notwithstanding such limi-
tations, this meta-review makes a significant contribution to the literature and has notable 
strengths. It employs an updated and exhaustive search strategy, improving upon previous 
meta-reviews, and benefits from a minimal overlap in primary studies across the SRs ana-
lyzed. These features enhance its internal validity, broaden its coverage, and support a more 
nuanced and diverse view of the available evidence. Moreover, in identifying the absence 
of educational perspective in existing SRs, this meta-review contributes by evidencing a 
critical gap in the LA literature, and delineates clear directions for theoretically informed 
evidence synthesis in higher education.

Overall, this meta-review highlights patterns in the existing review literature on the 
applications of LA in the study of academic performance in higher education. The included 
SRs devote limited attention to essential educational dimensions, including instructional 
contexts, pedagogical aims, disciplinary domains, theoretical underpinnings, and stages of 
student learning. Considerable variation was found in the conceptualization and operation-
alization of academic performance. While demographic and academic background vari-
ables were among the most frequently examined factors, their predictive value was rarely 
reported in the SRs. Supervised quantitative methods were also frequently reported, but 
performance metrics varied substantially and were not sufficiently comparable to support 
robust conclusions about model performance. The findings of this study emphasize the need 
for future synthesis studies to systematically incorporate and report more educationally 
relevant aspects.
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