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ABSTRACT 

This study assessed the academic impact of an educational leveling 

intervention implemented across various institutions in Ecuador. 

Using a Difference-in-Differences (DiD) strategy within a multilevel 

modeling framework, we estimated changes in academic 

performance (GPA) over time between intervention and control 

groups. The analysis was conducted in RStudio using linear mixed-

effects models (via the lmerTest package) to account for the 

hierarchical structure of the data (students nested within grades, 

institutions, and intervention types). Five models were compared, 

ranging from a full triple-interaction specification to main effects 

only, with Model 2 (including Time × Intervention and Time × 

Moment interactions) providing the best fit according to AICc 

weights and conditional R². The findings show a statistically 

significant relative improvement in GPA for the intervention group 

compared to the control group, particularly following the second 

implementation point. Moreover, performance differences were 

moderated by students' prior academic levels, highlighting the 

importance of stratified interventions. Diagnostic tests confirmed 

that assumptions of linearity, homoscedasticity, and independence 

were reasonably met. However, residuals were not perfectly 

normal; the literature supports the robustness of mixed models to 

such deviations, especially in large samples. These results suggest 

that targeted academic interventions can positively influence 

student achievement when they account for students' baseline 

performance levels and institutional diversity. 

KEYWORDS 

Educational intervention; academic performance; low academic 

achievement; multilevel analysis; education. 

 

 10.46303/jcsr.2026.34  

https://curriculumstudies.org/
mailto:freddy.cabrera@ucuenca.edu.ec
https://doi.org/10.46303/jcsr.2026.34


291      
 

 
JCSR 2026, 8(2):290-317

INTRODUCTION  
Student academic performance in basic education is a key indicator of equity and social 

development (OECD, 2018). However, significant inequalities persist, disproportionately 

affecting students in the lowest performance quartile, who are often from disadvantaged 

socioeconomic backgrounds. These disparities not only perpetuate cycles of poverty and 

exclusion but also hinder progress toward the Sustainable Development Goals (SDGs), 

specifically SDG 4, which seeks to ensure inclusive and equitable quality education, and SDG 10, 

which aims to reduce inequalities within and between countries (United Nations, 2015). 

From a cognitive perspective, Sweller’s Cognitive Load Theory (Sweller, 1988; Sweller et 

al., 2011) posits that effective learning depends on optimizing the presentation of information 

to avoid overloading working memory. This framework is particularly relevant to addressing 

acute cases of academic underachievement, as it supports the design of instructional 

interventions that reduce extraneous cognitive load and promote efficient processing of 

essential content. Complementing this perspective, John Hattie's research (2009), based on 

meta-analyses of thousands of educational studies, highlighted feedback as one of the most 

influential factors in improving academic achievement. According to Hattie, effective feedback 

not only informs students about their performance but also guides them in improving, closing 

gaps, and progressing toward learning goals. Together, these two theoretical perspectives are 

not merely complementary but structurally linked to the equity aims of this study. Cognitive 

Load Theory addresses the instructional design dimension of the intervention—ensuring that 

leveling materials are structured to avoid overwhelming students already facing accumulated 

learning gaps—while Hattie's feedback framework addresses the relational and pedagogical 

delivery dimension, justifying the tutor-mediated, small-group format through which preservice 

teachers could calibrate feedback to each student's proximal needs. This dual foundation 

positions the intervention not as a generic remediation effort, but as one deliberately designed 

around mechanisms known to be effective specifically for students facing the compounded 

disadvantages of low academic performance and socioeconomic vulnerability described earlier 

in this introduction. 

This theoretical foundation is further strengthened by two complementary perspectives 

that directly inform the study's second objective and its attention to student motivation. First, 

Bandura's (1997) self-efficacy theory holds that individuals' beliefs in their own capacity to 

execute the actions required to attain specific outcomes are among the strongest predictors of 

sustained effort and academic performance, particularly under conditions of prior 

underachievement. This construct provides the theoretical grounding for the self-efficacy and 

motivation dimension referenced earlier in this introduction, linking the pedagogical design of 

the intervention to students' internal beliefs about their own capability to improve. Second, 

Bronfenbrenner's (1979) ecological systems theory conceptualizes human development as 

shaped by nested and interacting environmental systems—ranging from the immediate 

microsystem of the classroom and family to the broader macrosystem of regional and 
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institutional conditions. This perspective offers a theoretical rationale for treating region, school 

shift, educational level, and timing of intervention delivery not as mere statistical covariates, 

but as expressions of the layered contextual systems in which student learning is embedded, 

thereby reinforcing the conceptual coherence of the study's second research question. 

Social and digital inequality are crucial factors in this context. Students from vulnerable 

backgrounds often face significant barriers, such as limited access to high-quality technological 

and pedagogical resources, which deepen learning gaps. Recent research highlighted that digital 

divides amplify educational inequalities, particularly during and after disruptive events such as 

the COVID-19 pandemic (World Bank, 2021). These gaps affect not only access to learning but 

also the acquisition of essential 21st-century life skills, exacerbating structural inequality in 

academic performance (Mapisa & Makena, 2024) This pattern is not confined to K-12 settings: 

even at the postsecondary level, socioeconomic disparities in technology access continue to 

condition students’ ability to engage with digital learning resources, underscoring the need for 

institutional strategies—infrastructure investment, targeted training, and financial support—

that address the socioeconomic roots of the divide rather than technology access alone (Ajani 

et al., 2025; Dyantyi & Mkabile-Masebe, 2025). 

In this context, educational intervention programs emerge as key tools for addressing 

these inequalities. The literature suggests that interventions designed with an inclusive 

approach and tailored to the specific needs of the most vulnerable students can produce 

significant positive effects on their academic performance and overall well-being (OECD, 2020). 

These strategies contribute not only to the development of academic skills but also to the 

strengthening of self-efficacy and motivation, key determinants of educational success (Jabery 

& Arabiat, 2024; Mokotjo, 2024). 

In this context, the present study evaluates the effectiveness of an educational leveling 

intervention aimed at improving the academic performance of low-performing students in Zone 

6 of Ecuador. Specifically, the study pursues two objectives: (1) to estimate the impact of the 

intervention on the academic performance (GPA) of students in the lowest performance 

quartile, compared to students in the upper quartiles who did not receive the intervention; and 

(2) to examine how contextual, geographic, and temporal factors—namely region, school shift, 

educational level, and timing of intervention delivery—moderate the effectiveness of the 

intervention among low-performing students. 

Research Questions 

RQ1: How does the educational intervention affect the academic performance of students in 

the lowest quartile compared to those in the higher quartiles? 

RQ2: Which contextual, geographic, and demographic factors influence the intervention's 

effectiveness within the low-performing group? 

Zone 6 of Ecuador is a planning and administrative zone composed of the provinces of 

Azuay, Cañar, and Morona Santiago, located in the southern part of the country. The first two 

are in the Andean highlands, or mountainous region, of Ecuador, while the province of Morona 
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Santiago is in the Ecuadorian Amazon region, reflecting the area's marked geographic, ethnic, 

and cultural diversity. 

In the educational field, the landscape is also heterogeneous and influenced by 

geographic, social, and economic factors. According to data from the Ministerio de Educación 

(2024), in the 2022-2023 academic year, there were 1,832 educational institutions in this area, 

serving a student population of 330,085 students, supported by 17,680 teachers. However, the 

unequal distribution of resources and territorial dispersion, especially in Amazonian regions 

such as Morona Santiago, hinder equitable access to quality educational services. These 

conditions generate particular challenges for students with low academic performance, who 

face not only pedagogical gaps but also structural limitations linked to territory, connectivity, 

and the availability of teacher support. 

One of the key indicators for understanding educational inequalities in Ecuador is the 

promotion rate. During the 2019–2020 academic year, the country achieved a promotion rate 

of 97.91%, while the non-promotion and dropout rates stood at 0.36% and 1.73%, respectively 

(Ministerio de Educación, 2023). Although these figures reflect a positive trend at the aggregate 

level, school retention and success remain fragile in areas characterized by higher levels of 

poverty and limited access to educational infrastructure, such as many communities in Zone 6. 

Furthermore, the average student-teacher ratio in Ecuador was 20.06, exceeding the 

internationally recommended standard of 15 students per teacher, potentially limiting the 

individualized attention required by students experiencing academic lag (Ministerio de 

Educación, 2023). These conditions underscore the importance of implementing targeted 

pedagogical interventions that specifically address the needs of the lowest-performing quartile. 

Beyond the theoretical framework outlined above, the following section reviews the 

empirical literature on educational leveling and remediation programs, with particular attention 

to studies conducted in basic education and in Latin American contexts. Among the studies 

referring to basic education, the work of Gallegos de Dios (2022), for example, sought to analyze 

the need for extraordinary educational programs, such as tutoring, private face-to-face or 

virtual classes, among others, to reduce school absenteeism and educational lag during the 

COVID-19 pandemic, emphasizing that this problem would generate a significant socio-

educational gap, especially among those with limited financial means. 

Sanz and López's (2021) research analyzed the impact of COVID-19 on elementary school 

students, highlighting how the pandemic intensified learning, digital, and academic gaps, 

particularly affecting the most vulnerable students. The identified consequences include 

learning loss, lack of basic skills, academic disengagement, increased dropout rates, and 

emotional difficulties. To address these issues, the authors propose strategies such as curricular 

flexibility, motivational methodologies, personalized teaching, strengthening family-school 

relationships, and emotional education programs. They also underscore the key role of teachers 

and the need to draw lessons from this crisis in order to face future educational challenges. 
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Along these lines, Giler-Medina (2023) highlighted the need to establish educational 

leveling strategies and instructional planning that incorporate instruments such as diagnostic 

assessment, the use of technology as a pedagogical tool, and processes focused on skill 

acquisition in specific areas such as numerical reasoning in mathematics, as key elements for 

improving academic performance. Likewise, the research by Contreras et al. (2023) concluded 

that learning loss among basic education students is evidenced by poor academic results, gaps 

in foundational knowledge, and socio-emotional problems such as depression, anxiety, and 

academic disengagement. Factors such as lost instructional time, pedagogical improvisation, 

socioeconomic inequalities, and a lack of family support networks have exacerbated these 

problems, particularly since the COVID-19 pandemic. To address these challenges, strategies 

such as academic remediation, updated educational models, teacher training in technological 

and socio-emotional skills, and increased investment in education have been proposed to 

ensure a comprehensive response to students' needs. 

In Ecuador, Suárez and Cevallos (2023) studied the results of a pedagogical leveling and 

acceleration program for upper basic education students with academic lag, identifying that the 

economic situation, family context, and the effects of the pandemic, among other factors, acted 

as key determinants of such lag, and concluded that the leveling program achieved the 

reintegration of students into regular and remedial educational programs, highlighting the 

importance of promoting an equitable educational environment. Rosales-Reyes et al. (2024), on 

the other hand, highlight the importance of formative leveling in light of the variability in 

students' learning rhythms and styles, noting that strategies employed in these programs should 

be tailored to individual needs, particularly given the lasting effects of the pandemic on 

education. 

The study by Mendoza-Castro and Arroba-Cárdenas (2021) analyzed the relationship 

between academic reinforcement and academic achievement in tenth-grade Basic Education 

students at the Unidad Educativa del Milenio "Ciudad de Pedernales." The results revealed a 

strong association between the two variables, with an 87% coefficient of determination, 

indicating that the appropriate application of academic reinforcement significantly reduces gaps 

in academic achievement. The authors underscored the importance of implementing 

reinforcement strategies in a timely and sustained manner to address educational gaps and 

improve student performance. Finally, with specific reference to strategies for educational 

leveling, Ávila (2024) found that the use of audiovisual resources as a teaching tool yielded 

favorable results in students' comprehension of the content, and proposed an approach 

encompassing the diagnosis, planning, implementation, and evaluation of academic leveling 

programs. 

Complementarily, Paunesku et al. (2015) provide empirical evidence that brief online 

interventions focused on growth mindset and sense of purpose significantly improved academic 

performance among low-performing high school students. Their study demonstrated that 

scalable psychological interventions could effectively reduce gaps and improve academic 
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engagement, especially among students at risk, underscoring the potential of broadly 

implemented brief interventions. Similarly, the work by Sánchez-Almeida et al. (2021) in 

Ecuador reported positive outcomes from socio-academic interventions for vulnerable groups, 

finding that students who participated in preparatory leveling courses performed significantly 

better in mathematics and geometry than those without intervention. Their findings emphasize 

the importance of socio-academic accompaniment beyond initial access to education. 

On the other hand, Arnaiz-Sánchez et al. (2020) demonstrated, using a quasi-

experimental design, that collaborative methodologies and project-based learning positively 

affected students' academic performance, particularly in linguistic and mathematical 

competencies. This research supports the notion that inclusive and active pedagogical strategies 

substantially contribute to narrowing academic performance gaps, especially in disadvantaged 

contexts. 

McEwan's (2015) meta-analysis also contributes to understanding effective interventions 

in basic education, highlighting that pedagogically oriented interventions, such as tutoring 

programs and targeted instructional improvements, yielded stronger results than resource-only 

interventions, such as school feeding programs or monetary transfers. Finally, Loyalka et al. 

(2015) provided evidence from rural schools in China, showing that well-structured tutoring 

programs significantly enhanced students' academic outcomes. Their findings suggest that 

targeted, cost-effective tutoring strategies can be especially impactful in low-resource 

educational contexts. 

The study by de Bruijn and Meeter (2023) investigated the effectiveness of post-COVID-

19 educational recovery programs implemented in Dutch secondary schools. Using a large 

sample of 16,675 students—of whom 1,336 participated in targeted support programs—the 

research evaluated the impact of various intervention types on students' academic 

performance. The findings revealed that specific, structured tutoring programs led to significant 

improvements in student grades, particularly in core subjects such as mathematics and 

language. In contrast, general support programs without individualized or subject-focused 

strategies showed limited or no measurable effect. These findings highlight the importance of 

precision and alignment between student needs and intervention design, suggesting that catch-

up initiatives are most effective when they are tailored, intensive, and closely linked to 

curriculum goals. The study underscores the value of evidence-based practices in mitigating 

learning losses and provides strong empirical support for targeted tutoring as a post-pandemic 

recovery strategy in education systems. 

Despite this growing body of evidence, the effectiveness of leveling programs in basic 

education remains underexplored, particularly in Latin American contexts and even more so in 

territories marked by deep geographic, ethnic, and cultural heterogeneity. Most available 

studies have been conducted in higher education, in urban settings, or in countries with 

comparatively well-resourced school systems, which limits their direct transferability to 

contexts such as Zone 6 of Ecuador. Furthermore, the post-pandemic landscape has deepened 
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existing social and educational gaps—evidenced in academic lag, learning loss, and students' 

socio-emotional difficulties—rendering the evaluation of targeted leveling interventions 

especially urgent. The present study contributes to closing this gap by providing empirical 

evidence on the impact of a structured leveling intervention implemented across diverse 

educational institutions in the Andean and Amazonian regions of southern Ecuador, using a 

quasi-experimental design and a multilevel difference-in-differences approach to account for 

the hierarchical nature of educational data. 

METHODOLOGY 

Design 

This study used a quasi-experimental design with a non-equivalent control group because it is 

not possible to assign students to a control group at random in an educational setting (Shadish 

et al., 2002). We employed a longitudinal structure using grade point average as a measure of 

academic performance across two time points during the 2022–2023 and 2023–2024 academic 

years. Students in the lowest quartile formed the intervention group, while those in the 

remaining quartiles formed the control group. Given the nested grouping structure of the data, 

we analyzed the data using a multilevel hierarchical model.   

Population and study sample 

Education Zone 6 of Ecuador comprises 1,695 educational establishments serving a total student 

population of 89,854.  From this population, the study included a final sample of 2,011 students 

enrolled in 4th, 7th, and 10th grades of Basic General Education and the 3rd year of Unified General 

Baccalaureate across 12 participating schools. The institutions were selected  through a 

sampling strategy that we describe in the following section. The participating schools were 

selected purposively based on practical feasibility, and the 2,011 students were classified 

according to their prior academic performance into an intervention group which comprises the 

lowest quartile (n = 457) and a comparison group which comprises the three higher quartiles (n 

= 1,554). 

Sampling 

Due to practical and budgetary considerations, the educational intervention was implemented 

exclusively for students identified as low-performing  academically. This decision was based on 

the pressing need for targeted support and the impracticability of forming a matched control 

group at the same performance level, as such a group would have been ethically problematic 

and disruptive to students' regular schooling. Furthermore, this strategy was consistent with the 

guidelines of the Zonal Coordination (Zone 6) of the Ecuadorian Ministry of Education, which 

called for resources to be directed toward the students most in need. 

The study sample was structured into two main groups: the intervention group and the 

control group. The intervention group comprised students identified as being in the lowest 

quartile of academic performance. These students were selected because they were at high risk 
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of continued underachievement without targeted support, and the intervention was specifically 

designed to address their academic needs.  

In contrast, the control group consisted of students from the other three academic 

performance quartiles, who did not receive the specific intervention. These students served as 

a reference for assessing the impact of the remedial program on the intervention group. 

Comparisons between groups allowed for an evaluation of the intervention's effectiveness 

without withholding support from the lowest-performing students, which would have been 

ethically problematic. 

Sample 

To determine the study sample of 2,011 students, Cochran's sampling formula was applied. This 

approach ensures statistical representativeness and allows sample results to be extrapolated to 

the total population with a high level of confidence. Based on Cochran's formula with a 98% 

confidence level and a 3% margin of error, a sample of approximately 1,484 students would be 

sufficient to obtain results representative of the population of 89,854 students. The use of 2,011 

students provided an additional margin, strengthening the robustness of the results and 

ensuring that conclusions regarding the intervention's effectiveness are reliable and 

generalizable.  

Table 1.  

Characteristics of the group involved 

  Control Group 
Intervention 
Group 

Total 

Variable Category n % n % n % 

Sierra 
Region 

Amazon Region 423 21% 121 6% 544 27% 
Sierra Region 1131 56% 336 17% 1467 73% 

        

Shift 
Afternoon 351 18% 98 5% 449 22% 
Morning 1203 60% 359 18% 1562 78% 

        

Grade 

4th Basic Education 452 23% 132 7% 584 29% 
7th Basic Education 426 21% 117 6% 543 27% 
10th Basic Education 437 22% 132 7% 569 28% 
3rd High School 239 12% 76 4% 315 16% 

        

Moment 
January 2023 423 21% 121 6% 544 27% 
June 2023 1007 50% 298 15% 1305 65% 
October 2023 124 6% 38 2% 162 8% 

Total  1554 77% 457 23% 2011 100% 

 

The sample is distributed by region, shift, grade, intervention time, and intervention 

condition. The sample includes both the control and intervention groups to evaluate the 

effectiveness of an educational intervention for students in the lowest quartile of academic 
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performance. The sample includes students from the Amazon region (four institutions from the 

Sucúa canton in the province of Morona Santiago) and the Sierra region (two from the Tambo 

de Cañar canton, two from the Nabón canton in the province of Azuay, and four from the 

Hermano Miguel urban parish in the city of Cuenca). Students were distributed across two 

school shifts: morning and afternoon. The sample included students from four educational 

levels: 4th grade (last year of lower basic education), 7th grade (last year of middle basic 

education), 10th grade of Basic Education (last year of upper basic education), and 3rd year of 

Baccalaureate (last year of secondary school). The interventions were carried out at three 

different time points during the academic year: January, June, and October 2023. The first two 

occurred in the 2022–2023 school year, during which the intervention covered all Amazon 

institutions and basic education institutions in the Sierra region; the last was carried out in the 

2023–2024 school year, targeting high school students in the Sierra region. Most of the 

interventions were concentrated in June, coinciding with the period prior to the final 

examinations (Table 1).   

Data source and measurement 

The grades used to calculate academic performance in this study were obtained directly from 

the records of each participating educational institution. The study did not employ a researcher-

developed instrument. Instead of it, the data source consisted of official academic records 

maintained in accordance with the regulations of the Ecuadorian Ministry of Education and 

provided directly by the 12 participating schools. Accordingly, psychometric validation was not 

applicable; data verification focused on the completeness, consistency, and correspondence of 

the records with the relevant grades and subject areas. From these grades, performance was 

assessed in four core subjects as follows: natural sciences, mathematics, social sciences, and 

language and literature.  

Research procedure 

Fieldwork was carried out in three phases throughout 2023. In January, the intervention took 

place across four educational institutions in the canton of Sucúa—three in urban areas and one 

in the rural parish of Huambi—and targeted four educational levels. Preservice teachers from 

various degree programs within the Faculty of Philosophy, Literature, and Educational Sciences 

at the University of Cuenca participated in the implementation, applying instructional plans 

developed by the research team. Each session was conducted by two preservice teachers, 

working with small groups of up to 10 students from the lowest academic performance quartile 

in each class at both the primary and secondary levels. In June, the intervention was extended 

for one month across eight institutions in the Sierra region (Cuenca, Nabón, El Tambo, and 

Cañar), focusing on 4th-, 7th-, and 10th-grade students. Finally, in October, the intervention 

targeted 3rd-year high school students in the same locations. 

The intervention was implemented over 96 hours, with 20 hours dedicated to each of 

the four core subject areas. To support the program, 16 leveling guides were developed with 

the assistance of the University of Cuenca's Department of Community Engagement. Figure 1 
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shows the process of design and implementation of the leveling guides, including the core 

subjects, target grades, integrated subject areas, development and validation teams, and 

classroom coverage. These guides included four dedicated to Language and Literature for the 

4th, 7th, and 10th grades of Basic General Education (EGB) and the 3rd grade of Unified General 

Baccalaureate (BGU); four for Social Sciences at the same levels; four for Mathematics; and four 

for Natural Sciences. The Natural Sciences guide for Baccalaureate consolidated subjects such 

as physics, chemistry, and biology, while the Social Sciences guide integrated philosophy, 

citizenship education, and history. The guides were jointly developed by 80 preservice teachers 

and 12 university professors from the University of Cuenca. To validate the guides, 16 expert 

teachers from the primary and secondary levels, specializing in the four subject areas, were 

engaged to provide feedback for revision. This material provided students with structured tools 

to address their academic weaknesses, facilitating a systematic, targeted approach to 

remediation and educational improvement. The 80 preservice teachers from the University of 

Cuenca implemented the guides across 75 student groups drawn from the 12 participating 

institutions.   

Figure 1.  

Creation process for leveling guides 

 
The intervention sessions were conducted in three distinct periods during the 2022–2023 

and 2023–2024 academic years: January (prior to the first-semester examination), June (prior 

to the second-semester examination), and October (at the start of the following academic year). 

These three implementation windows enabled the program to adapt to institutional schedules 

and to maximize both coverage and continuity of support for participating students. 
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Grade Point Average (GPA) is a robust, multidimensional indicator of students' future 

academic success. According to Easton et al. (2017), GPA is not only a strong predictor of high 

school graduation, but also of college enrollment and one-year college retention. Importantly, 

it outperforms standardized test scores in predicting these long-term outcomes. This predictive 

power stems from GPA's capacity to reflect not only academic achievement but also key 

behavioral traits such as effort, attendance, and engagement—factors that standardized tests 

often overlook. These findings demonstrate that GPA captures both content mastery and 

broader learning behaviors, making it a valid and meaningful measure of student performance. 

As such, GPA should be viewed not just as an evaluative tool, but as an early signal of students' 

academic trajectories and a basis for timely, targeted interventions. 

Ethical considerations 

To ensure participants' inclusion in the study, informed consent was obtained in advance from 

parents and school principals, authorizing the withdrawal of children from their regular classes 

for integration into the intensive remediation process. 

Data analysis 

To ensure the validity of the estimation and control for potential confounds, a Difference-in-

Differences (DiD) model was implemented following the framework proposed by 

Schatschneider and Compton (2013). 

Within the RStudio environment, mixed-effects models were estimated using the 

lmerTest package (Kuznetsova et al., 2017), which enables significance testing of fixed effects in 

the lme4 framework. This approach enables accurate comparisons of changes in academic 

performance between the intervention and control groups over time, adjusting for the initially 

lower academic performance observed in students from the intervention group. By isolating the 

interaction between time and intervention, the DiD approach helps distinguish the specific 

effect of the educational intervention from other external influences on academic outcomes. 

The models included fixed effects for time, intervention condition, and the specific 

moments of intervention delivery, as well as their interactions. Random effects were specified 

at multiple levels, including grade level, educational institution, and student nesting, to capture 

hierarchical variability in the data. Model diagnostics and assumption checks were conducted in 

RStudio, including tests for normality of residuals (Kolmogorov–Smirnov and Shapiro–Wilk), 

independence (Durbin–Watson), and the inspection of standardized residual plots to confirm 

the absence of problematic outliers and heteroscedasticity. 

Although the residuals did not follow a perfectly normal distribution, the literature 

supports the robustness of mixed models to such deviations, especially when random effects 

are appropriately specified, and the sample size is large. As Pinheiro and Bates (2009) argue, 

mixed-effects models remain reliable under modest violations of the normality assumption, 

since random effects absorb much of the unexplained variance. This is reinforced by Gelman 

and Hill (2006) and Raudenbush and Bryk (2001), who highlight the robustness of multilevel 

modeling under real-world data conditions. 
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Before implementing the mixed-effects model with a difference-in-differences (DiD) 

structure, we assessed key assumptions both graphically and statistically, including normality of 

residuals, homoscedasticity, independence, and the presence of extreme outliers.  

RESULTS 

To address two research questions stated in the Introduction (RQ1, concerning the 

intervention’s differential effect on students in the lowest quartile relative to those in the higher 

quartiles, and RQ2, concerning the contextual, geographic, and demographic factors shaping its 

effectiveness within the low-performing group) our results are organized into three stages. First, 

we describe the evolution of the dependent variable concerning academic performance. Next, 

we present the statistical assumptions underpinning the use of multilevel mixed models. Finally, 

we elucidate the hypothesis test employing a difference-in-differences approach within a 

mixed-effects framework.  

To address the two research questions stated in the Introduction—RQ1, concerning the 

intervention’s differential effect on students in the lowest quartile relative to those in the higher 

quartiles, and RQ2, concerning the contextual, geographic, and demographic factors shaping its 

effectiveness within the low-performing group—our results are organized into three stages. 

Descriptive statistics  

Figure 2 displays the average scores before and after the intervention, disaggregated by group 

(intervention and control) and by subject: Overall GPA, Language and Literature, Mathematics, 

Natural Sciences, and Social Sciences. Vertical bars represent 95% confidence intervals. 

Figure 2.  

Academic performance comparison (pre and post), by group and subject 
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Overall, the control group—comprising students outside the lowest quartile—began with 

higher academic performance but showed a slight decline across all subjects from pre- to post-

intervention. For instance, the average GPA dropped from 8.60 to 8.43, and Mathematics scores 

decreased from 8.42 to 8.19. In contrast, the intervention group—composed of students in the 

lowest performance quartile—started with lower baseline scores but demonstrated 

improvements in all subjects. The average GPA increased from 7.26 to 7.43, with more 

pronounced gains in Natural Sciences (from 7.31 to 7.52) and Mathematics (from 6.97 to 7.14). 

While modest, these gains suggest that the intervention helped mitigate academic decline, 

particularly relative to the downward trends observed in the control group. 

Although the graph clearly visualizes the mean grades before and after the intervention 

for both groups, it is not sufficient on its own to draw conclusions about the intervention's 

effectiveness. DiD analysis provided a more rigorous, controlled approach by adjusting for 

baseline differences and external factors, enabling a more precise assessment of the 

educational intervention's impact. 

Assumption test 

The Kolmogorov–Smirnov test (D = 0.026, p = 0.009) and the Shapiro–Wilk test (W = 0.976, p < 

0.001) indicated deviations from perfect normality, which are expected in large samples and are 

not considered problematic for linear mixed models. Standardized residual plots showed values 

centered around zero, with the vast majority falling within ±2, suggesting no problematic 

outliers. The residuals-versus-fitted-values plot exhibited a relatively constant spread, indicating 

acceptable homoscedasticity. Additionally, the Durbin–Watson test (DW = 1.973, p = 0.101) 

confirmed the absence of significant autocorrelation in the residuals. Based on these 

diagnostics, linear mixed-effects models with nested random effects were deemed appropriate 

for robustly estimating the intervention effect while accounting for the hierarchical structure of 

the data. 

Hypothesis test  

Table 2 presents the comparative performance of five hierarchical linear models estimated via 

restricted maximum likelihood (REML). These models tested varying combinations of fixed 

effects and interaction terms to evaluate the academic impact of a targeted educational 

intervention. 

Model 1, the most complex specification, includes a three-way interaction between 

Time, Intervention, and Moment. Model 2 simplifies this by retaining only two-way interactions. 

Model 3 isolates the core interaction of interest—Time × Intervention—while Models 4 and 5 

progressively reduce complexity, with Model 5 testing only the main effects of Time and 

Intervention. 

In terms of conditional R² (variance explained by both fixed and random effects), Models 

1 and 2 are equivalent (R² = 0.527), suggesting similar explanatory power. However, Model 2 is 

preferred due to its superior performance across multiple indices. It demonstrates the best 

trade-off between fit and parsimony, reflected in the highest AIC weight (0.770) and 
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Performance Score (91.63%), indicating that it is over nine times more likely than Model 1 to be 

the best model in the set. Moreover, it achieves a marginal R² of 0.266, signifying that its fixed 

effects alone explain approximately 26.6% of the variance in GPA. 

In contrast, Model 3 (focused only on the Time × Intervention interaction) shows 

diminished explanatory power, particularly in marginal R² (0.230), and receives minimal weight 

across information criteria. Models 4 and 5—lacking interactions—perform poorly across all 

comparative metrics, confirming that modeling interactions is critical to capturing the complex 

dynamics of the intervention. 

The Intraclass Correlation Coefficient (ICC) values indicate substantial clustering at the 

group level (ranging from 0.345 to 0.376), reinforcing the appropriateness of multilevel 

modeling. RMSE and residual standard deviations (Sigma) are consistently low across all models, 

indicating acceptable residual variability. 

Table 2.  

Model Information 

Measure Model 1 Model 2 Model 3 Model 4 Model 5 

R² Conditional 0.527 0.527 0.519 0.51 0.514 

R² Marginal 0.267 0.266 0.23 0.252 0.226 

ICC 0.355 0.355 0.376 0.345 0.373 

RMSE 0.726 0.727 0.735 0.738 0.738 

Sigma 0.734 0.734 0.742 0.745 0.745 

AIC Weights 0.23 0.77 2.02e-18 8.63e-26 2.07e-26 

AICc Weights 0.227 0.773 2.1e-18 8.92e-26 2.16e-26 

BIC Weights 0.000548 0.999 4.23e-10 7.74e-19 1.01e-16 

Performance Score (%) 61.69 91.63 28.28 8.54 14.71 

Note. AIC (Akaike Information Criterion) and BIC (Bayesian Information Criterion): both measure 

model fit, with lower values indicating better fit, though BIC penalizes model complexity more 

heavily. R² Marginal represents the proportion of variance explained by fixed effects only, while 

R² Conditional includes both fixed and random effects. ICC (Intraclass Correlation Coefficient) 

reflects the proportion of variance attributable to the grouping structure. RMSE and Sigma 

represent residual variation; lower values indicate better predictive accuracy. 

Table 3 reports the omnibus F-tests and significance values (p) for each fixed effect in the 

models. These tests assess whether each variable (or interaction) significantly contributes to 

explaining variance in the outcome variable, GPA. 

In Model 1, the three-way interaction term (Time × Intervention × Moment) is not 

statistically significant (F = 1.56, p = .212), suggesting that the added complexity does not 

provide meaningful explanatory power. This is consistent with its lower ranking on information 

criteria (see Table 2). However, all two-way interactions—Time × Intervention, Time × Moment, 

and Intervention × Moment—are significant across Models 1 and 2 (p < .001 to p = .018), 

affirming their importance. 
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The variable Moment, treated as a fixed effect comparing different academic cycles 

(2022–2023 vs. 2023–2024), is not significant in Models 1 and 2, further questioning the need 

for its inclusion as a main effect when interactions are already modeled. Nevertheless, Time and 

Intervention remain highly significant across all models (F values from 17.84 to over 410.28, all 

p < .001), underscoring the robustness of their influence. 

In summary, Table 3 validates the statistical relevance of the two-way interaction 

structure implemented in Model 2, while providing no support for higher-order terms or a 

simplified main-effects-only approach. 

Table 3. 

Fixed Effects and Omnibus Tests 

Effect M 1 (F, p) M 2 (F, p) M 3 (F, p) M 4 (F, p) M 5 (F, p) 

Time 98.35, <.001 106.45, 

<.001 

45.00, <.001 17.84, <.001 17.84, <.001 

Intervention 285.34, 

<.001 

410.28, 

<.001 

1215.60, 

<.001 

1827.50, 

<.001 

1827.60, 

<.001 

Moment 0.96, .385 1.82, .164 — 2.92, .058 — 

Time × Intervention 17.99, <.001 38.96, <.001 38.96, <.001 — — 

Time × Moment 41.55, <.001 52.24, <.001 — — — 

Intervention × 

Moment 

3.21, .040 4.32, .018 — — — 

Time × Intervention 

× Moment 

1.56, .212 — — — — 

Note. Each cell reports the F statistic, followed by its p-value. These omnibus tests evaluate the 

contribution of each fixed effect (and its interactions) to explaining variability in GPA. Higher F 

values indicate stronger explanatory power, while lower p values denote greater statistical 

significance. A p < .001 suggests that the effect is highly significant. 

Table 4 presents the estimated coefficients and standard errors for all fixed effects 

included in the five models. These coefficients quantify the direction and magnitude of the 

relationships between predictors and student academic performance, measured by GPA. 

Across all models, the Intercept term is stable (ranging from 8.38 to 8.66), representing 

the expected GPA at the baseline (pre-intervention, control group, first academic cycle). The 

Time coefficient is consistently negative, indicating a general decline in academic performance 

over time in the absence of any intervention. This decline is most pronounced in Model 1 (β = -

0.50) and attenuates in reduced models, confirming the moderating role of intervention timing. 

The Intervention coefficient is significantly negative in all models (ranging from -1.21 to 

-1.38), reflecting the initially lower performance levels of students selected for the intervention. 

However, the Time × Intervention interaction is consistently positive (β = 0.34 to 0.45), 

suggesting that, although initially behind, students in the intervention group improved at a 

faster rate over time than their control-group peers. 
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In Model 2, the Time × Moment (June–October) interaction yields a coefficient of 0.62 

(SE = 0.09), indicating that interventions administered in the later cycle were associated with a 

steeper positive trajectory in academic performance over time. The interaction Intervention × 

Moment (January–June) is significantly negative (-0.23, SE = 0.06), suggesting that early 

implementation was less effective for the treated group—possibly due to planning challenges 

during the program's initial phase and the difficulty of applying the program in the Amazon 

region over a period of only 15 days. 

Finally, the three-way interaction terms in Model 1, though theoretically rich, are not 

significant, which aligns with the model selection results in Table 2 and justifies their exclusion 

in Model 2.  

Table 5 displays the estimated variances and corresponding standard deviations for each 

of the random effects included in the five hierarchical models: Nest (student groups), UE 

(educational institutions), Grade (academic level), and Residual variance. These components 

capture the multilevel structure of the data and help explain the variability in student GPA 

beyond the fixed effects. 

Across all models, the Nest-level variance (i.e., the grouping of students within the same 

intervention cohort) is consistently high, with values around 0.15 and standard deviations close 

to 0.39. This indicates that a substantial portion of the variability in academic performance is 

attributable to differences between these small instructional groups. Given that 80 preservice 

teachers across 75 groups delivered the intervention, this result reflects the heterogeneity in 

delivery quality, group dynamics, and possibly local contextual conditions (e.g., classroom 

environment, student motivation, or teacher preparedness). 

The UE-level variance (institution-level differences) ranges from 0.05 to 0.07, with 

standard deviations ranging from 0.21 to 0.27. This suggests moderate variability in student GPA 

across the 12 participating institutions. While this variance is less pronounced than at the group 

level, it highlights institutional effects—such as leadership quality, infrastructure, school culture, 

or availability of support services—that may influence academic achievement. 

The grade-level variance remains relatively stable across all models, ranging from 0.10 to 

0.11 (standard deviations ~0.31–0.33). This reflects differences in GPA attributable to students’ 

academic levels—specifically between the 4th, 7th, and 10th grades of Basic Education and the 

3rd year of Baccalaureate (secondary education). These differences likely stem from 

developmental factors, curricular complexity, and baseline academic expectations, with 

younger students tending to respond more positively to interventions than older students, as 

supported by the fixed effects analysis.  

Lastly, the Residual variance, which captures the portion of GPA variability unexplained 

by both fixed and random effects, is consistently around 0.54-0.56, with associated standard 

deviations of approximately 0.73-0.75. These values indicate that although the models capture 

considerable structured variation across levels, individual-specific factors—such as personal 
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motivation, family environment, health status, or unmeasured cognitive abilities—still play a 

meaningful role in shaping student performance. 

Table 4. 

Estimated Fixed Effects Parameters 

Name Model 1 Model 2 Model 3 Model 4 Model 5 

(Intercept) 8.55 (0.21) 8.53 (0.21) 8.66 (0.19) 8.38 (0.21) 8.62 (0.19) 

Time -0.50 (0.05) -0.48 (0.05) -0.18 (0.03) -0.10 (0.02) -0.10 (0.02) 

Intervention -1.29 (0.08) -1.23 (0.06) -1.38 (0.04) -1.21 (0.03) -1.21 (0.03) 

Moment (January-June) 0.14 (0.18) 0.16 (0.18) — 0.30 (0.18) — 

Moment (June-October) 0.29 (0.24) 0.31 (0.24) — 0.61 (0.23) — 

Time × Intervention 0.45 (0.11) 0.34 (0.06) 0.35 (0.06) — — 

Time × Moment (January-

June) 

0.41 (0.06) 0.38 (0.05) — — — 

Time × Moment (June-

October) 

0.67 (0.11) 0.62 (0.09) — — — 

Intervention × Moment 

(January-June) 

-0.16 (0.09) -0.23 (0.06) — — — 

Intervention × Moment 

(June-October) 

0.17 (0.16) 0.06 (0.11) — — — 

Time × Intervention × 

Moment (January-June) 

-0.14 (0.13) — — — — 

Time × Intervention × 

Moment (June-October) 

-0.22 (0.22) — — — — 

Note. Each cell reports the estimated regression coefficient followed by its standard error in 

parentheses. Coefficients represent the expected change in GPA associated with a one-unit 

increase in the corresponding variable, holding all others constant. Positive values indicate a 

favorable effect on academic performance, while negative values suggest a detrimental effect. 

Interaction terms quantify how the effect of one variable (e.g., Time) varies across levels of 

another variable (e.g., Intervention or Moment). 

In sum, the random components analysis underscores the need for multilevel modeling 

in this educational context. The strongest sources of between-group variability occur at the 

group (Nest) level, which justifies the focus on classroom-based interventions. Institutional and 

grade-level differences are also meaningful but secondary. The residual variability confirms that 

both measurable and unobservable individual characteristics shape academic performance, 

further reinforcing the importance of personalized support strategies within broader remedial 

frameworks. 
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Table 5. 

Random Components 

Cluster Model 1 Model 2 Model 3 Model 4 Model 5 

Nest 0.151 (0.39) 0.151 (0.39) 0.148 (0.38) 0.151 (0.39) 0.148 (0.38) 

 0.047 (0.22) 0.047 (0.22) 0.071 (0.27) 0.045 (0.21) 0.071 (0.27) 

UE 0.099 (0.31) 0.099 (0.31) 0.112 (0.33) 0.096 (0.31) 0.111 (0.33) 

 0.539 (0.73) 0.538 (0.73) 0.550 (0.74) 0.555 (0.75) 0.555 (0.75) 

Grade 0.151 (0.39) 0.151 (0.39) 0.148 (0.38) 0.151 (0.39) 0.148 (0.38) 

 0.047 (0.22) 0.047 (0.22) 0.071 (0.27) 0.045 (0.21) 0.071 (0.27) 

Residual 0.099 (0.31) 0.099 (0.31) 0.112 (0.33) 0.096 (0.31) 0.111 (0.33) 

0.539 (0.73) 0.538 (0.73) 0.550 (0.74) 0.555 (0.75) 0.555 (0.75) 

Note. UE: Educational institutions or units (Unidades Educativas). The main value represents the 

variance between groups (e.g., classes or schools), indicating how much they differ from one 

another. The number in parentheses indicates the standard error, which reflects the precision 

of this estimate (smaller values indicate greater precision). The ICC percentage % quantifies how 

much of the total variability is attributable to these group differences. The residual variance 

captures unexplained variability, representing factors not accounted for in the model. 

Figure 3.  

Adjusted academic performance (GPA) over time by initial performance level 

 
Note. Each line represents the trajectory of adjusted academic performance (GPA) over time for 

subgroups defined by their relative performance level within the group (mean ±1 standard 

deviation). The horizontal axis is centered to facilitate the interpretation of pre- and post-
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intervention changes. Estimates are derived from a mixed-effects model including interaction 

terms and hierarchical controls. 

Figure 3 shows the evolution of adjusted GPA over time, comparing the intervention and 

control groups. Within each group, three subgroups are displayed: students performing at the 

mean (green line), one standard deviation below the mean (orange line), and one standard 

deviation above the mean (purple line). The values represent estimates from Model 5, adjusted 

for hierarchical effects. 

In the intervention group, all subgroups exhibit a slight upward trend, particularly 

students with initially lower performance (Mean –1SD), suggesting that the intervention helped 

prevent further academic decline. In contrast, the control group shows a consistent downward 

trajectory across all subgroups, with the steepest drop observed among those starting below 

the mean. This divergence between groups supports the notion that the intervention not only 

helped improve academic outcomes in absolute terms but also buffered against the sharper 

decline observed in similar populations without intervention. 

DISCUSSION 

The results of this study offer a substantive basis for evaluating the effectiveness of educational 

interventions in relation to the existing literature. Prior theory and research indicate that 

targeted educational interventions are often shaped by a combination of contextual, structural, 

and methodological factors (Dussel, 2014; Quiroga et al., 2025). This is reflected in the divergent 

academic performance (GPA) trajectories observed between the intervention and control 

groups. 

It is noteworthy that the coefficient for the Time × Intervention interaction was positive 

and statistically significant across all evaluated models, indicating that, despite an initial 

negative impact, the intervention's effect progressively improved over time. This finding is 

consistent with the arguments of Suárez-Guerrero et al. (2020), who contend that the 

effectiveness of educational interventions depends on their sustainability and adaptability over 

time. Similarly, Loyalka et al. (2015) emphasize the progressive nature of targeted interventions, 

noting significant improvements in student performance from sustained, structured tutoring 

programs, despite initial adaptation challenges. 

The initial decline in performance likely reflects students' difficulty in adapting to 

unfamiliar pedagogical approaches, particularly in academically vulnerable contexts such as the 

Amazon region. From the perspective of Cognitive Load Theory (Sweller, 1988; Sweller et al., 

2011), the early phase of the intervention may have imposed an additional extraneous load on 

students who were simultaneously processing new instructional formats, unfamiliar tutors, and 

consolidated subject content—conditions under which working memory becomes more easily 

overwhelmed. As students became familiar with the structure of the leveling sessions, this 

extraneous load presumably decreased, allowing germane cognitive resources to be redirected 

toward learning. The subsequent positive trajectory also resonates with Hattie and Timperley's 
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(2007) model of feedback: the small-group, tutor-mediated format of the intervention enabled 

preservice teachers to provide timely, targeted feedback at the task and process levels, which 

the literature identifies as the most effective forms for narrowing performance gaps. This 

interpretation is empirically reinforced by Paunesku et al. (2015), who found that brief, well-

targeted interventions significantly improved academic outcomes over time among low-

performing students. 

The mixed-model analysis conducted in RStudio using the lme4, lmerTest, and car 

packages compared five hierarchical models. Model 2, which retained the two-way interactions 

Time × Intervention and Time × Moment while excluding the non-significant three-way 

interaction, was selected as the preferred specification based on its superior performance 

across multiple information criteria (AICc weight = 0.773; BIC weight = 0.999; Performance Score 

= 91.63%). Beyond statistical fit, Model 2 also offers the greatest conceptual clarity for 

answering the core research questions, as it captures both the differential trajectory of the 

intervention group over time and the moderating role of the timing of intervention delivery, 

while controlling for institutional and grade-level clustering. Specifically, the significant Time × 

Intervention interaction (β = 0.34, SE = 0.06, p < .001 in Model 2) suggests that the cumulative 

effect of pedagogical strategies may not be evident in the short term, underscoring the 

importance of conducting longitudinal evaluations. Additionally, the significant Time × Moment 

interaction (β = 0.62, SE = 0.09 for June–October) reinforces the presence of a differential impact 

by the timing of the intervention. This finding aligns with McEwan's (2015) meta-analysis, which 

indicates that pedagogically oriented interventions yield stronger effects when applied 

consistently over time rather than as isolated short-term actions, and with de Bruijn and 

Meeter's (2023) evidence that structured tutoring programs produce more robust learning gains 

when their timing is aligned with curricular milestones. 

The study also highlighted the importance of considering variability across student 

groups, institutions, and geographic regions. As shown in Table 5, variability across student 

groups (Nest) is particularly notable, with a high intraclass correlation coefficient (ICC) in Model 

5. This suggests that within-group differences are a critical factor in academic performance, 

consistent with Graizer (2018), who highlighted that structural inequalities within educational 

institutions significantly impact learning outcomes. Similarly, Arnaiz-Sánchez et al. (2020) 

emphasize that collaborative methodologies and inclusive pedagogical strategies effectively 

reduce academic gaps, addressing institutional and contextual differences. 

Although the residuals showed slight deviations from normality, this did not compromise 

the analysis because linear mixed-effects models are robust under such conditions, especially 

when sample sizes are large and random effects are correctly specified (Gelman & Hill, 2006; 

Pinheiro & Bates, 2009).All other assumptions were fully met. This approach captures the 

hierarchical structure of the data and addresses variability at multiple levels, reinforcing the 

reliability of the conclusions obtained (Maggio, 2012). 
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The differential effects observed across regions, educational levels, and intervention 

timing in this study can be read as empirical traces of structural inequalities that operate beyond 

the classroom. The weaker intervention effect observed in the Amazon region, where the 

program was implemented under condensed timeframes and across geographically dispersed 

institutions, is consistent with evidence that territorial dispersion and uneven distribution of 

pedagogical resources lead to accumulated learning disadvantages (Murillo, 2007). Similarly, 

the stronger gains observed at lower educational levels (4th and 7th grades) compared to upper 

basic education and Baccalaureate align with longitudinal evidence that the cumulative impact 

of structural disadvantage on academic trajectories tends to widen with age (Dickerson & Popli, 

2016; Nikulina et al., 2011), making early targeted interventions more effective than later 

remediation. The substantial group-level variability captured by the random effects (Nest 

variance ≈ 0.151 across all models) further suggests that the conditions under which the 

intervention is delivered—group composition, tutor preparedness, and classroom 

environment—mediate its effectiveness in ways that purely individual-level explanations 

cannot fully account for. These patterns motivate a broader reading of the results in light of the 

literature on the structural effects of poverty and cultural reproduction on academic 

performance. 

An extensive literature on the structural effects of poverty on academic performance 

supports this broader reading. Reimers (2000) argues that poverty directly affects students' 

health and nutrition, leading to reduced learning capacity and limited academic progress. 

Furthermore, students from poor households often have less time for school activities due to 

their early entry into the workforce, which constrains the development of foundational skills 

such as reading, writing, and arithmetic—skills that are essential for success at higher levels of 

the education system (Santillán Hernández & Vargas Sánchez, 2022). Accumulated evidence 

indicates that children in poverty tend to achieve lower learning outcomes than their more 

advantaged peers, even when other contextual variables are controlled for (Murillo, 2007). 

Furthermore, poverty has cumulative impacts from childhood, negatively affecting 

cognitive development (Dickerson & Popli, 2016) and increasing the likelihood that adults who 

experienced poverty in childhood will remain poor in adulthood (Nikulina et al., 2011). These 

effects are not only economic but also symbolic and cultural. According to Bourdieu (1986), the 

cultural capital transmitted in homes shapes teachers' perceptions and the attention students 

receive, which in turn affects their academic performance. This mechanism of cultural 

reproduction has been formalized by Jæger and Breen (2016), who explain how 

students'socioculturalenvironmentconditionsteachers'expectationsandattitudes. At the 

emotional level, Eamon (2002) notes that families under greater economic pressure tend to 

provide less stimulating environments and to be less involved in schooling, which exacerbates 

inequalities. Consequently, the intervention evaluated in this study should be understood not 

only as a pedagogical tool but as part of a broader effort to mitigate the multidimensional effects 

of poverty on learning. Sánchez-Almeida et al. (2021) explicitly reinforce this perspective, 
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highlighting the importance of socio-academic interventions that integrate both educational 

and psychosocial support to improve outcomes among vulnerable populations. 

These findings have significant implications for the design and implementation of 

educational interventions. On the one hand, they emphasize the need for ongoing support and 

adaptive adjustments to ensure that pedagogical strategies benefit the most vulnerable 

students. On the other hand, they underscore the importance of evaluating medium- and long-

term impacts, avoiding premature interpretations based on initial results. 

Limitations of the Study 

An important limitation of this study is the presence of floor and ceiling effects in grades, where 

students in the lowest quartile of academic performance face a "floor effect" because grades 

cannot fall below 6 points.1—a constraint that paradoxically prevents the observation of 

downward performance variations in this group, even when the general trend is declining. In 

contrast, students in the upper quartiles, particularly those in the highest, experience a "ceiling 

effect," in which their grades approach the maximum possible, limiting the ability to detect 

significant improvements. These grading boundaries may bias the evaluation of the 

intervention's impact, as they constrain the observable range of performance variation. 

Furthermore, consolidating Baccalaureate-level subjects into broad areas such as the natural 

and social sciences may not fully capture discipline-specific competencies, thereby affecting the 

precision of the analysis. The generalizability of the results is also limited by contextual and 

geographical differences among participating institutions and by variability in intervention 

implementation. Finally, uncontrolled external factors—such as family events, school 

transitions, and socioeconomic circumstances—could have influenced students' academic 

performance. 

It is also important to reflect on how the leveling guides could be improved in future 

project replications. One of the main lessons learned was that the guides, although carefully 

designed, were underutilized in practice. This was largely due to the need to adapt them 

dynamically to each group's specific characteristics. As implementation progressed, preservice 

teachers increasingly relied on direct instruction methods accompanied by immediate, 

formative feedback, which appeared to be more suitable for addressing students' immediate 

academic difficulties. This approach aligns with Sweller's Cognitive Load Theory (1988), which 

emphasizes reducing extraneous cognitive demands in instructional materials, and with Hattie 

and Timperley's (2007) model of feedback, which identifies timely, targeted feedback as a 

powerful mechanism for improving learning. Future leveling interventions should incorporate 

more flexible and adaptable instructional materials, which will allow teachers to adjust their use 

according to students’ prior knowledge, educational level, and contextual needs.  

 

1There is a provision from the Ministry of Education that children cannot fail a year of initial and secondary education. 
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These findings help close the gap identified at the outset of this study: unlike prior 

evaluations of leveling and remediation programs, most of which were conducted in urban, 

better-resourced, or higher-education settings, this study provides quasi-experimental evidence 

from a geographically and culturally heterogeneous region combining Andean and Amazonian 

territories, where such interventions had not previously been evaluated using a multilevel 

difference-in-differences approach. This design exanimated changes associated with the 

intervention considering the hierarchical structure of the data and examining variations across 

timing, educational level, and territorial context.  In this sense, the novelty of the study lies less 

in demonstrating that leveling interventions can work, and more in showing how their 

effectiveness is conditioned by timing, educational level, and territorial context—precisely the 

moderating factors that motivated the study's second research question. For future research, 

these results point to at least three concrete directions: (a) longitudinal designs that track 

students beyond a single academic year to determine whether the buffering effect observed 

here translates into sustained gains; (b) qualitative studies examining why leveling guides were 

underutilized in practice, in order to inform the redesign of instructional materials for greater 

adaptability; and (c) disaggregated, subject-specific analyses that avoid consolidating 

Baccalaureate-level areas, thereby capturing discipline-specific effects that the present study's 

aggregated approach could not detect. 

CONCLUSIONS 

This study evaluated the effectiveness of an educational leveling intervention targeting students 

in the lowest-performing quartile across 12 institutions in Zone 6 of Ecuador, using a quasi-

experimental design and a multilevel difference-in-differences approach. The findings allow us 

to return to the two objectives that guided the study. Regarding the first objective—estimating 

the impact of the intervention on the academic performance of students in the lowest 

performance quartile—the results provide evidence of moderate but meaningful effectiveness. 

Although the overall GPA of the intervention group declined slightly in absolute terms, the 

significant and positive Time × Intervention interaction (β = 0.34, p < .001 in Model 2) indicates 

that students in the intervention group followed a more favorable trajectory than their control-

group peers, who showed a steeper decline across all subjects. In other words, the intervention 

did not produce dramatic absolute gains. However, it did buffer low-performing students 

against the broader downward trend observed in the control group, a relevant outcome in a 

post-pandemic context marked by widespread learning loss. Regarding the second objective—

examining how contextual, geographic, and temporal factors moderate the effectiveness of the 

intervention—four patterns emerged. First, the timing of intervention delivery significantly 

shaped its effects: sessions implemented in June, immediately before final examinations, were 

associated with stronger gains than those delivered in January or October, suggesting that 

alignment with curricular milestones amplifies the impact of leveling programs. Second, 

educational level moderated the effect: students in lower grades (4th and 7th of Basic 
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Education) showed greater improvement than those in upper basic education and 

Baccalaureate, consistent with evidence that early targeted intervention is more effective than 

later remediation. Third, regional context mattered: students in the Sierra region showed 

relatively stronger outcomes than those in the Amazon region. However, this difference is partly 

attributable to implementation conditions in the Amazon—where the program began under 

condensed timeframes and faced specific logistical and territorial challenges—rather than to 

the intervention model itself. Fourth, school shift also moderated the effect, with students in 

the morning shift benefiting more than those in the afternoon shift. 

These findings indicate that targeted leveling interventions can produce meaningful 

effects on the academic trajectories of low-performing students, but only when their design 

accounts for the timing of delivery, students' developmental stage, and the territorial conditions 

under which they are implemented. The results support a conception of leveling not as a 

uniform remedial protocol, but as a contextually adaptive strategy that must be aligned with 

curricular cycles, prioritized at lower educational levels, and accompanied by adequate planning 

and resourcing in geographically dispersed contexts. From a policy perspective, the evidence 

suggests that resource allocation for leveling programs in Ecuador and similar contexts should 

privilege early-grade interventions delivered in proximity to evaluation cycles, while explicitly 

addressing the structural conditions that constrain implementation in Amazonian and rural 

territories. Sustaining this kind of targeted allocation, however, depends on the stability of the 

policy environment in which it is embedded: comparative evidence indicates that education 

systems subject to frequent shifts in funding priorities and governance show more disrupted 

outcomes for vulnerable students than those operating under stable, consistently resourced 

policy frameworks (Mountford, 2025), reinforcing the case for multi-year institutional 

commitments to leveling programs rather than one-off interventions. 
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