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Abstract 

The generalized migration of individuals from rural to urban areas is a global phenomenon that 

entails many divides, education being one of them. However, there is a lack of understanding 
regarding whether the factors driving higher academic achievement (AA) differ between urban and 

rural students. This study uses data from almost every student in Portugal who took the Portuguese 

and/or mathematics high school national exams. By applying OLS, the aim is to identify the AA 
drivers and compare these drivers between urban and rural areas. Among the key findings, variables 

related to academic background emerged as the strongest predictors of AA, regardless of the 

environment. Additionally, ICT access is insignificant in urban and rural areas, while socio-
economic status does not significantly impact AA amongst rural students. These findings highlight 

the need for tailored interventions that address the unique challenges faced by students in different 
areas, with a particular focus on enhancing academic support structures to improve educational 

outcomes. To the best of our knowledge, this study is the first to utilize data encompassing virtually 

every student in an entire country to compare and understand the differences in the determinants of 

AA between urban and rural areas. 
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1- Introduction 

Disparities between rural and urban areas are a global phenomenon marked by significant differences in access to 

resources and opportunities for life improvement. Numerous researchers have demonstrated that these disparities 

contribute to pronounced educational inequalities, with students in rural areas facing considerable disadvantages. Rural 

areas face challenges such as inadequate traditional agriculture practices, a history of population decline due to rural 

exodus, and lower economic development compared to urban areas. The decreasing importance of agricultural activities 

and weak productive systems contribute to the overall lower socio-economic status of rural regions [1]. The uneven 

distribution of resources, infrastructure, and support services has led to a persistent gap in educational outcomes between 

rural and urban students. Furthermore, educational imbalances persist, as research indicates that the location of schools 

significantly influences student achievement, with rural and remote schools consistently lagging [2, 3]. This uneven 

landscape and educational disparities causing struggles for students born in rural areas are shared all over the world, in 

countries like Germany [4], England [5], Italy [6], Canada [7], Australia [8], United States [9] or even in China [10].  

Portugal is no different, exhibiting a strikingly uneven population density distribution [11]. The heterogeneity in 

Portugal’s geography is also seen at the educational level. PISA 2018 results reveal that student performance is strongly 

asymmetric within the country. An equivalent of two school years separates the country’s highest and lowest-achieving 

regions. PISA also shows that schools have failed consistently to serve as social elevators [12]. Likewise, according to 

the 2021 Census, the Lisbon metropolitan area comprises 26.6% of its population with tertiary education, significantly 

contrasting to most rural regions, struggling to reach the 20% mark [13]. 
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Given the heterogeneity in the distribution of resources and opportunities in Portugal, which can be seen as a mirror 

of other European countries, and previous research proving educational disparities in favor of urban and developed 

areas, it raises the question of whether a student’s region of domicile influences what they need to achieve success in 

school, i.e., drives academic achievement (AA). Despite existing studies highlighting differences in AA between urban 

and rural students, the literature remains limited in addressing the distinct needs of the two groups. While research has 

identified various factors contributing to the achievement gap—such as urban students' reliance on intermediate learning 

outcomes and personal characteristics versus rural students' dependence on school characteristics [14] and community 

support [15] —there is a notable gap in directly comparing these influences. The current literature lacks a comprehensive 

analysis of how these factors affect academic achievement in rural versus urban settings. This gap underscores the need 

for further research to quantify and understand these differences. Such insights are crucial for informing policy decisions 

to address regional disparities and ensuring that educational strategies are tailored to the unique needs of students in 

rural and urban areas. To the best of our knowledge, this is the first study using virtually every student in a compulsory 

public school system to assess the differences between the drivers of AA in different types of areas. Also, our study uses 

secondary data collected at an institutional level. This approach helps mitigate the potential biases associated with self-

reported data, such as inaccuracies or subjective responses [16]. Our approach employs OLS regression to directly 

compare the impact of well-established core variables driving AA in both rural and urban student populations. By 

focusing on national exams, we ensure that all students are evaluated under the same conditions, enhancing the validity 

of our comparisons. This methodology enables us to pinpoint significant disparities or similarities in how these variables 

influence AA across different regions, providing robust and actionable insights. In pursuit of this aim, we aim to answer 

the following research question: 

1. How do AA drivers change between rural and urban areas? 

By addressing this question, we can tailor our support to meet the diverse needs of students, considering the specific 

characteristics of the regions where they live and study, with solid data evidence. Comparing the needs of rural and 

urban students contributes to the broader goal of promoting equity in education [14]. Understanding these differences 

will contribute to the discussion of the competence of the educational system, namely the efficiency of a centralized 

education system and the autonomy of schools [17]. 

In answering the research question, this study is structured as follows: Section 2 presents the literature review; 

Section 3 describes the methods used; the results are presented in Section 4, whereas Section 5 discusses the results and 

implications. Finally, the conclusions are outlined in Section Six. 

2- Theoretical Background and Hypotheses 

AA is defined as the outcomes and abilities of students across various school subjects contributing to their success 

[18]. It serves as a pivotal factor in shaping life trajectories, influencing opportunities such as access to higher education, 

employment prospects, and self-perceptions [19]. Given the broad nature of academic achievement, numerous variables 

can be employed to measure it. In this study, we adopted the transition of the academic year, as suggested by Cruz-Jesus 

et al. [20]. 

As previously mentioned, the presence of AA disparities between rural, often less developed areas and urban areas 

has been consistently demonstrated by various authors across the globe. Notably, rural areas frequently show a higher 

percentage of underperforming students than their urban counterparts [8]. It is imperative to assess the variations among 

the primary factors influencing AA to comprehend the distinct requirements for student success.  

Academic Background 

Numerous studies have consistently demonstrated that a student’s prior AA serves as the most robust predictor of 

their current and future academic performance [21-23]. Remarkably, this fundamental reality persists regardless of 

whether the educational context is rural or urban [3]. Moreover, Gordon & Monastiriotis [5] observed that urban areas 

typically exhibit more significant variability in exam results, with particular schools excelling while others falter. In 

contrast, rural areas tend to display less disparity in exam outcomes, with most schools performing at similar levels. 

These disparities may stem from disparities in resource accessibility, student population stability, demographic shifts, 

and community characteristics. These findings lead us to the following hypotheses: 

H1: Previous AA is positively associated with AA. 

Regardless of the educational setting, academic struggles leading to grade repetition can significantly delay long-

term academic attainment [24]. Despite educators’ initial belief in the beneficial effects of grade retention, research 

indicates that these benefits diminish over time, particularly in later grades [25, 26]. Furthermore, grade retention usually 

leads to negative consequences, including peer stigmatization, reduced self-esteem, and diminished commitment to 

schooling [27]. Considering the impact of previous achievement and retention, we consider the following hypotheses: 

H2: Previous retention is negatively associated with AA. 
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ICT Access 

The proven differences in the characteristics of the areas will also lead to different opportunities for students in more 

urban and developed areas compared to those in more rural ones. In rural areas, students might face challenges due to 

limited access to educational resources and opportunities, affecting their academic success [28, 29]. On the other hand, 

urban areas usually offer better access to resources like well-equipped schools and extracurricular activities than rural 

areas [4]. Unlike their rural peers, urban students may have more chances for academic growth with exposure to activities 

like internships and research opportunities [3]. Even at a very early stage, children from a more diverse and cultural 

environment tend to have better AA [30].  

Considering the differences found among the two types of students, it is essential to analyze the influence of one of 

the most debated drivers of AA today – the use of Information and Communication Technology (ICT). While differences 

in computer ownership have become less significant [29], students with less access to computers or other ICT resources, 

which happens mainly in rural areas, usually perform lower than their peers [15]. We therefore propose: 

H3: ICT access is positively associated with AA. 

Gender 

The role of gender in AA has remained a contentious subject in scholarly discourse for several decades. Some studies 

suggested that gender was not a significant factor in AA [31, 32]. However, others suggest that gender indeed exerts a 

tangible influence on academic outcomes [21]. Valli Jayanthi et al.’s [33] study has indicated that females often exhibit 

higher academic performance. Musso et al. [34] introduce a different perspective, attributing this disparity to inherent 

gender-specific characteristics and their varied responses to environmental stimuli. For this reason, it is crucial to 

understand if the gender impact exists and if it differs in urban versus rural areas. Consequently, we propose the 

following hypotheses: 

H4: Female gender is positively associated with AA. 

Socio-Economic Status 

Examining regional disparities, it becomes apparent that resource inequalities, socio-economic status (SES), and 

family background variations are significant differences among students from different areas [15]. These differences 

lead us to a major challenge, as many authors emphasize the considerable role of SES as a critical driver of AA. These 

findings are particularly relevant when examining the diverse economic landscapes across regions, as seen in Portugal’s 

contrasting dynamics among urbanized, metropolitan areas and more rural interior regions, which experience varying 

levels of economic development and industrialization [2]. The SES of students emerges as a crucial factor influencing 

their AA, especially for those underachieving or residing in remote locations [4]. Due to the characteristics of the 

population in urban areas, schools in more affluent areas tend to perform better than those in less affluent areas. 

Nevertheless, urban areas tended to have more social segregation in terms of school choice, with families from higher 

socio-economic backgrounds more likely to travel further to attend a school perceived as better [6]. Although SES is a 

widely debated factor of AA, there are several different ways of measuring it, such as parental education, parental 

occupation, and income [35]. In Portugal, families with lower incomes have the option to apply for state-granted 

educational allowances to alleviate the financial burden of education. Research consistently shows that lower SES 

correlates with poorer academic performance [25]. Therefore, using educational allowances as a proxy for lower-income 

families, we propose: 

H5: Students receiving social support is negatively associated with AA. 

Parental education serves as a crucial SES proxy and a pivotal determinant of academic success for children. 

Research by Steinmayr et al. [36] highlights the significant influence of parental education on children’s motivation and 

educational achievement. Moreover, parental education reflects the value of education within the household, with 

parents possessing lower educational backgrounds often struggling to prioritize and support their children’s academic 

endeavors [37, 38]. This disparity in parental education becomes particularly salient in understanding the rural-urban 

educational gap [11]. Generally, parents with higher levels of education are more likely to secure better-paying jobs, 

leading to enhanced socio-economic status and often residing in urban areas where educational opportunities abound. 

Consequently, these parents are more inclined to prioritize and invest in their children’s education, translating into 

improved academic performance [39]. This phenomenon can be supported by the weak productive system in rural areas, 

which may result in fewer economic opportunities compared to urban areas [2]. Given the importance of the parents’ 

education in several aspects of the student’s life, we propose: 

H6: Legal guardian’s education is positively associated with AA. 
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2-1- Conceptual Model 

Figure 1 presents our proposed model based on previous AA literature. For each construct, three research hypotheses 

were developed, one relating to general AA and the other two derived from the urban and rural environments, thus 

allowing us to compare the impact of each determinant in these areas. 

 

Figure 1. Conceptual Model and Hypotheses 

3- Data and Methodology 

3-1- Data 

This study utilized an anonymized dataset from the Directorate-General of Statistics for Education and Science 

(DGEEC) of the Portuguese Ministry of Education, encompassing information about nearly all students in the 

compulsory schooling system. Data from the academic year 2021/2022 was employed, representing the latest available 

information, as the exams always present a year delay. After data treatment, the dataset included details on 38,754 high 

school students, with 25,420 attending schools in urban areas and 13,334 in rural areas, all of whom took at least one of 

the national exams in Portuguese or mathematics. 

Since the 2020/2021 academic year, national exams in Portugal have undergone significant changes. These exams 

now exclusively serve as entry exams for tertiary education, meaning only students aspiring to pursue higher education 

typically sit for them. Additionally, students have the autonomy to select which exams to take based on their desired 

tertiary degree requirements. The national exams comprise two phases. The first phase permits students to utilize the 

exam results in any of the three stages of the National Competition for Access to Higher Education. Conversely, the 

second phase restricts the use of exam results to the latter two stages of the competition.  

Portuguese and mathematics are the most selected among the available exams, as they align with the entry 

requirements of numerous university programs across various fields of study. For students who undertake or repeat both 

exams, the target variable comprises an average of their grades obtained in one or both exams across one or both phases. 

To refine the analysis, an initial preselection process was implemented to ensure students were in similar conditions. 

As such, it focuses exclusively on students pursuing regular studies, excluding those in professional and artistic 

programs. Additionally, the study only uses students enrolled in public schools due to the substantial differences between 

them and private schools [40].  

3-2- Methodology 

Data Preprocessing  

From a contextual perspective, it is essential to acknowledge that schools use two different databases for data 

submission. The absence of a standardized format and the asynchronous nature of data submission result in missing 

values, errors, inaccuracies, and duplicates in the dataset. We excluded all variables with over 60% missing data and all 

students who did not present the previous grades. After this process, we still had some variables with a maximum of 

20% missing data, leading to the need to employ an imputation method, in this case, K-Nearest Neighbors (KNN). KNN 

functions by identifying the K nearest neighbors of an instance with missing data and using their information to estimate 

the missing values. The similarity between instances is measured through a distance function, such as the Euclidean 
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distance. The missing value is then estimated using the mean or median of the values of the nearest neighbors. KNN 

stands out as a non-parametric algorithm, making no assumptions about the data distribution. It has proven to be a robust 

tool for accurately handling substantial sets of missing data [41]. 

Following the cleaning process to solve the mentioned issues, one-hot encoding is applied to represent categorical 

variables as binary vectors. The one-hot encoding procedure involves mapping categorical values to integer values and 

subsequently converting each integer value into a binary vector. In this vector, all values are zero except for the index 

corresponding to the integer, which contains a one. This transformation becomes necessary when there is no ordinal 

relationship between the categories, mitigating biases associated with integer representations [21]. To avoid such type 

of feature bias, quantitatively, the features were transformed into the same scale where each feature had zero mean and 

unit variation [42].  

Additionally, as in Bilal et al. [41], decision trees were used to define decision rules. In this case, the rules were the 

breakeven point where a school and a class start to be considered significant. A school’s location was classified as rural 

based on its affiliation with a municipality predominantly characterized by rural parishes. To determine these 

municipalities, we referred to the list of rural parishes outlined in the “Programa de Desenvolvimento Rural 2014-2020” 

[42]. 

Ordinary Least Squares  

Initially, the dataset was divided into three subsets: train, validation, and test. The train and validation sets were 

utilized for model training and preventing overfitting. In contrast, the test set was reserved for evaluating model 

performance and assessing the influence of independent variables on the dependent variable.  

Ordinary Least Squares (OLS) is a specific type of regression model and a robust tool for examining relationships 

[8]. Among OLS’s several advantages, we can highlight that it provides unbiased estimates of the coefficients of the 

independent variables, ensuring that the estimated coefficients, on average, equal the actual population values. This 

feature enhances the reliability of OLS in estimating relationships between variables. Also, OLS produces efficient 

estimates by minimizing the variance of the estimates. This minimization results in more precise and reliable estimates. 

OLS is also relatively easy to interpret, as the coefficients signify the change in the dependent variable for a one-unit 

change in the independent variable while holding all other variables constant. Lastly, OLS is a flexible method applicable 

to a broad range of research questions [43]. Moreover, OLS regression is widely used for estimating relationships in 

linear regression models. It allows researchers to analyze the impact of independent variables on the dependent variable, 

assess the significance and strength of these relationships, and control for other relevant factors [44]. 

OLS takes the following form [45]: 

𝑌 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑝𝑋𝑝 + 𝜖 (1) 

Where 𝑋𝑝 represents the 𝑗𝑡ℎ predictor, 𝛽𝑝 the slope of the coefficient for each explanatory variable, 𝑌 the dependent 

variable, and 𝜖 the residuals. 

OLS was chosen as the primary analytical method for this study due to its well-established effectiveness in exploring 

relationships between variables, mainly when the goal is to interpret and understand the underlying factors influencing 

AA. While more advanced machine learning techniques may offer superior predictive accuracy, they often suffer from 

the "black-box" effect, where the model's inner workings are not easily interpretable. Our primary objective was not to 

predict AA with the highest accuracy but to gain a deeper understanding of the factors driving it. OLS has a long history 

of successful application in various studies examining AA and related factors. Among many other utilizations, it has 

been used to analyze the impact of student background variables [46], sociodemographic factors [7], peer influences 

[47], identify potential dropouts [48], and mediate the role of cultural influences [49]. These studies demonstrate the 

robustness and versatility of OLS in similar contexts, making it a suitable choice for our analysis. Other statistical models 

were considered, but they were ultimately not employed due to their limitations in interpretability, which is central to 

our research objectives. OLS's transparency allows for a more straightforward interpretation of the results, providing 

valuable insights that align with our study's primary aim. 

4- Results 

4-1- Independent Variables 

Table 1 outlines the hypothesized explanatory variables to facilitate the conceptual model’s empirical testing. 

However, it is essential to note that due to limitations inherent in the dataset, there is a possibility that other drivers of 

AA are not being captured. 
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Table 1. AA drivers and their respective support 

Code Variable Support 

St_Prev_AA Student GPA in the year before performing the exam. 
Miguéis et al. (2018), Coleman (1968), Ferrão & Almeida 

(2019), and Barbosa-Camacho et al. (2022) [23, 37, 50, 51] 

St_Age_Dif 
Student age difference against the average of the class. 

Proxy for retention. 

Cruz-Jesus et al. (2020), Guèvremont et al. (2007) and Nunes et 

al. (2022) [20, 52, 53] 

St_PC The student has a computer at home (Y=1/N=0). 
Lee (2022), Costa-Mendes et al. (2020) and Kubey et al. (2001) 

[14, 32, 54] 

St_Fem The student is a female (Y=1/N=0). 
Cruz-Jesus et al. (2020), Jayanthi et al. (2014), Musso et al. 
(2020) and Mensah & Kiernan (2010) [20, 33, 34, 55] 

St_SS The student has social support (Y=1/N=0). Archibald (2006) and Delen (2010) [30, 56] 

EE_Educ_Sup EE has tertiary education (Y=1/N=0). Nunes et al. (2022) and Chesters & Daly (2017) [53, 57] 

 

To test the conceptual model, we created one model for all students and two additional models: one for students 

attending schools in urban areas and another for students attending schools in rural areas. These OLS models can be 

represented mathematically as: 

𝐴𝐴𝑖 =  𝛽0 +  𝛽1 × St_Prev_AA𝑖 +  𝛽2 × St_Age_Dif𝑖 +  𝛽3 × 𝑆𝑡_𝑃𝐶𝑖 +  𝛽4 × 𝑆𝑡_𝐹𝑒𝑚𝑖

+  𝛽5 × 𝑆𝑡_𝑆𝑆𝑖 +  𝛽6 × 𝐿𝐺_𝐸𝑑𝑢𝑐_𝑆𝑢𝑝𝑖 + 𝜀𝑖 
(2) 

where 𝛽0 is the constant term, and 𝛽1 to 𝛽6 are the coefficients to be estimated by the OLS, 𝜀𝑖 is the error term of the 𝑖𝑡ℎ 

student. St_Prev_AA = the GPA of the 𝑖𝑡ℎ student in the year before, St_Age_Dif = difference between the age of the 

𝑖𝑡ℎ student and their class, St_PC = 1 if the 𝑖𝑡ℎ student has a computer at home, St_Fem = 1 if the 𝑖𝑡ℎ student a female, 

St_SS = 1 if the 𝑖𝑡ℎ student has social support, and LG_Educ_Sup = 1 if the 𝑖𝑡ℎ student legal guardian has tertiary 

education. 

4-2- OLS Results 

The first step was to analyze Pearson’s linear correlation coefficients among all variables, as shown in Table 2. All 

the variables have a statistically significant correlation (p<0.001), with none of the independent variables being highly 

correlated. 

Table 2. Correlation Matrix 

 St_Prev_AA St_Age_Dif St_ PC St_Fem St_SS LG_Educ_Sup AA 

St_Prev_AA 1       

St_Age_Dif -0.23*** 1      

St_ PC 0.07*** -0.5*** 1     

St_Fem 0.08*** -0.04*** -0.02*** 1    

St_SS -0.03*** 0.02*** -0.18*** 0.05*** 1   

LG_Educ_Sup 0.18*** -0.09*** 0.11*** -0.06*** -0.23*** 1  

AA 0.65*** -0.19*** 0.05*** 0.08*** -0.06*** 0.2*** 1 

Table 3 shows the result of the OLS models (global, urban, and rural). The authors conducted a set of tests to confirm 

the suitability of OLS to our data. The Durbin-Watson test yielded results around 2, indicating no issues with first-order 

autocorrelation in the models [58]. Following the recommendations of Anscombe & Tukey [59], who advocate for the 

graphical representation of residuals due to their higher sensitivity, we employed scatter plots to evaluate each variable 

and histograms to assess the distribution of the residuals. These distributions and QQ plots are provided below in Figure 

2-4.  

The histogram plot illustrates the differences between observed and predicted values (residuals) and assesses how 

well these residuals align with a normal distribution. Across all three models, the residuals closely follow the normal 

distribution curve, with some minor deviations. The Q-Q plots further evaluate the residuals' normality by comparing 

the theoretical quantiles (x-axis) with the actual residuals (y-axis) quantiles. Residuals are considered normally 

distributed when the points align with the red line. Although the alignment is not perfect in all three cases, most points 

fall close to the line, indicating that the residuals approximate a normal distribution.  

Thus, we can reasonably conclude that the residuals follow a normal distribution upon analyzing these visualizations. 

Variance Inflation Factors (VIF) were calculated to assess the degree of multicollinearity among the independent 

variables [60]. Our analysis indicates no substantial collinearity, as all VIF values are below 10 [60, 61]. The correlation 

matrix presented earlier also supports the absence of multicollinearity. To test for heteroscedasticity, we applied White’s 

test [62], which confirmed the absence of heteroscedasticity in our data (p>0.10). 
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Figure 2. Global model – Residuals’ distribution and Q-Q Plot 

 

Figure 3. Urban model – Residuals’ distribution and Q-Q Plot 

 

Figure 4. Rural model – Residuals’ distribution and Q-Q Plot 
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Table 3. OLS results for Global, Urban, and Rural models 

 Global Urban Rural 

 �̂� VIF �̂� VIF �̂� VIF 

Intercept 126.221***  125.792***  126.707***  

St_Prev_AA 24.650*** 5.792 24.422*** 5.892 24.903*** 5.736 

St_Age_Dif -1.229*** 1.069 -1.306*** 1.053 -1.483*** 1.079 

St_PC 0.092 3.216 -0.217 3.372 0.154 3.208 

St_Fem 1.433*** 2.250 1.616*** 2.332 1.287*** 2.215 

St_SS -0.918*** 1.370 -1.205*** 1.484 -0.732 3.208 

LG_Educ_Sup 2.987*** 1.731 2.726*** 1.545 2.573*** 1.822 

N 21702 14235 7466 

R-Square 0.432 0.420 0.452 

F-Statistic 2755*** 1720*** 1026*** 

Durbin-Watson 1.989 1.996 2.008 

Analyzing the global model, we observe an R-squared value of 0.432. This result indicates that with just seven 

variables, the model successfully explains over 43% of the variance in AA across a dataset of 21,702 students. This 

level of explanatory power is significant, especially considering that these variables are derived from secondary data—

information that all relevant school professionals and policymakers have access to. Regarding the hypotheses, except 

for St_PC (H3: 𝛽3= 0.092, p-value > 0.10), which contrasts previous studies [33], all the other variables are confirmed 

to be statistically significant drivers of AA. Specifically, St_Prev_AA (H1: 𝛽1= 24.650, p-value < 0.01) is consistent 

with the literature as the strongest predictor of AA [24]. St_Age_Dif (H2: 𝛽2= -1.229, p-value < 0.01) serves as a 

proxy for retention and is also recognized as a clear driver of AA by other authors [21]. St_Fem (H4: 𝛽4 = 1.433, p-

value < 0.01) aligns with recent literature suggesting that females tend to outperform males [63]. Both proxies for 

SES have confirmed their relevance: St_SS (H5: 𝛽5= -0.918, p-value < 0.01), which aligns with previous literature 

[25, 31], and LG_Educ_Sup (H6: 𝛽6= 2.987, p-value < 0.01), recognized as one of the strongest drivers of AA in 

earlier studies [39].  

In the models divided by location, the urban model accounts for 14,235 students and explains 42% of the variance. 

A similar scenario of the global model is observed for urban students, with St_PC (H3a: �̂�3= -0.217, p-value > 0.10), 

which does not support the positive influence of ICT on AA in urban students. This finding contrasts with findings from 

Lee [14] on PISA 2018 results from China, where ICT use was significant for urban and rural students. However, the 

remaining factors are consistent with the literature and the global model, including St_Prev_AA (H1: �̂�1= 24.422, p-

value < 0.01), St_Age_Dif (H2: �̂�2= -1.306, p-value < 0.01), St_Fem (H4: �̂�4= 1.616, p-value < 0.01), St_SS (H5: Beta 

= -1.205, p-value < 0.01), and LG_Educ_Sup (H6: �̂�6= 2.726, p-value < 0.01) are supported, in line with the literature 

as mentioned in the global model. A detailed discussion of these findings and their implications is provided in the next 

chapter. 

In the rural model, which includes 7,466 students and explains 45.2% of the variance, the positive impact of ICT 

on AA St_PC (H3: 𝛽3= 0.154, p-value > 0.10) and the negative impact of social support on AA St_SS (H5: 𝛽5= -

0.732, p-value > 0.10) are not supported, diverging from some of the existing literature [3, 63]. Nonetheless, consistent 

with the global and urban models, St_Prev_AA (H1: 𝛽1= 24.903, p-value < 0.01), St_Age_Dif (H2: 𝛽2= -1.483, p-

value < 0.01), St_Fem (H4: 𝛽4 = 1.287, p-value < 0.01), and LG_Educ_Sup (H6: 𝛽6= 2.573, p-value < 0.01) appear 

to be supported.  

5- Discussion 

5-1- Discussion of Findings 

In this study, we compared the contribution of several key factors driving AA, as identified in previous literature, to 

understand what drives AA and the differences between AA drivers in urban and rural areas. We used virtually every 

student in Portugal who performed the high school Portuguese and/or mathematics national exam. Figure 5 shows the 

details on the proposed models and the results of this research. 
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Figure 5. Structural model results: global model (upper-half); urban model (lower-left); and rural model (lower-right) 

It was no surprise that previous GPA emerged as the most significant variable across all three models, consistent 

with the findings of previous literature. As a proxy for retention, the age difference compared to the class average also 

aligned with our expectations. Students with a more significant age difference from their peers—those most likely to 

have repeated a year—tended to have lower AA. Thus, the hypotheses regarding academic background are all confirmed, 

no matter the environment, in coherence with previous literature [4].  

The rationale for retention is that repeating a grade allows students to master the material needed to succeed in 

subsequent grades [64]. Although some studies indicate that retention can lead to minor improvements in AA in the 

early grades [65], this effect tends to diminish in older students, particularly in high school [66]. Other research has 

shown that retention can not only harm AA but also negatively impact academic self-concept, homework completion, 

and self-esteem while promoting maladaptive motivation and increased absenteeism [67]. In the long term, retention 

can have significant negative consequences on students’ academic choices and future earnings [68]. Being retained is a 

strong predictor of dropping out, as students who are held back may experience feelings of failure and struggle to catch 

up with their peers, leading to disengagement from school [48]. In Portugal, students with less maturity and worse 

economic conditions are more likely to fail a grade, thereby perpetuating their status. Thus, given the high costs and 

limited benefits of retaining students for an extra year, reevaluating grade retention policies is important [65]. Policies 

that promote intervention and robust support systems are essential, including professional development for teachers and 

school staff to better assist struggling students [64]. Also, preventive measures are vital to ensure students receive 

support before retention becomes necessary [67]. Monitoring and evaluating the effectiveness of retention practices can 

help identify the most successful strategies, allowing for more efficient resource allocation. By focusing on preventive 

measures, schools can lead to better educational outcomes and reduce the negative impacts of repeating a grade [68]. 

Freeman & Simonsen [69] proposed a systematic review of the impact of policies and interventions on high school 

dropouts, concluding that the most effective approaches are multicomponent interventions, early intervention, and 

strategies addressing the school organizational structure. Among successful policies to prevent retention and early 

dropout in Europe, Finland’s Flexible Basic Education (FBE) is notable. Targeting middle school students at risk of 

dropping out, FBE starts in years 7-9 and is managed by local authorities. Students in regular classes who face challenges 

can join FBE after demonstrating motivation and receiving a special education decision. This program offers flexible 

learning options within the national curriculum, such as activity-based learning and small-group instruction [70]. It has 

shown success, with 90% of students improving performance and reducing dropout rates. In Belgium, modular education 

addresses early dropout by dividing conventional courses into smaller modules, each leading to partial certificates that 

accumulate into a full qualification. This approach has proven effective in reducing dropout rates [71]. In Portugal, 

modular education is available only for students over 18, typically through evening classes. Extending this method to 

𝑅2 = 43.2% 

𝑅2 = 42% 𝑅2 = 45.2% 
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younger at-risk students in traditional high school settings could be beneficial. It would provide flexibility, partial 

certifications, and regular feedback, boosting students' confidence, motivation, and commitment by helping them set 

and achieve short-term goals [71]. 

Unexpectedly, in the era of information technology and contrary to most research findings, our results indicated that 

ICT access was not a significant AA driver across all three models. This aspect may suggest that owning a computer is 

no longer a distinguishing factor. In 2022, 83.9% of the Portuguese population owned a personal computer [72], and 

89% had internet access and usage [73]. In particular, after COVID-19, the number of students with no access to ICT 

has significantly decreased, largely due to an action part of the “Recovery and Resilience Plan” program that provided 

computers and hotspots to over 600,000 students [74]. Instead, factors such as ICT literacy [75], competence, type of 

use, or even interest [76] may be more relevant in understanding the differences in academic achievement. Additionally, 

Park & Weng [76] emphasize that these attributes in the usage of ICT are often lacking in low-income families. Ren et 

al. [77] further revealed that factors such as cultural resources, cultural practices, and active parental mediation are 

significant predictors of adolescents' digital skills, creative skills, and educational use of the Internet. As previously 

discussed, these factors can differ significantly between urban and rural areas. The possibility of having an inquiry into 

the type of usage and test for the ICT skills of the students, could be strongly beneficial for policy makers to know where 

to act. 

In both cases, in urban and rural areas, females significantly perform better than males, which goes hand in hand 

with previous literature [32, 33, 78]. This phenomenon is not related to gender alone but more to inherent characteristics 

generally associated with one of the genders. Factors such as greater motivation, a more positive attitude toward school, 

higher goals at different levels, and a more adaptive profile are characteristics prone to females [79]. A study performed 

by Verbree et al. [78] showed that conscientiousness, i.e., being careful, responsible, organized, and achievement-

oriented, among others, found conscientiousness fully mediated the gender gap in achievement, even when controlling 

for prior achievement. 

The SES variables are among the most important for the students in general. It is vital to notice that rural students 

are more likely to come from a low SES background and have parents with lower levels of education. In this study, we 

use the most used national exams to enter university, Portuguese, and mathematics. Nevertheless, even after they have 

completed these exams, students from rural areas face greater challenges when pursuing higher studies. The costs 

associated with attending university, including relocation expenses, are higher for regional and rural students. Financial 

support from the government may not cover these costs, making it difficult for students from low SES families to relocate 

to university. Although students from rural areas face greater challenges, it is interesting that the negative impact of 

needing social support for students is not evident in rural environments, contrary to the global and urban model. This 

finding aligns with previous literature indicating a weaker relationship between family SES and academic achievement 

in rural areas, as more factors are intervening [63]. Wang’s [49] study suggests that monetary influence is less critical 

for rural students’ achievements, which rely more on cultural factors. Cultural capital, such as books, art, and educational 

material, encompassing the cultural knowledge and skills valued in the educational system and often transmitted within 

families, plays a crucial role. It positively correlates with academic achievement and significantly mediates the 

relationship between family SES and AA [80].  

Although cultural capital is not directly evaluated in our data, these cultural capital factors are usually closely linked 

to parental cultural capital, their education, and their involvement in their children’s education [81]. In line with previous 

findings, our study shows that having legal guardians with tertiary education is significant and has a high coefficient for 

all three models. Young people with highly educated parents are more likely than their peers with less educated parents 

to attain high school achievement levels. Specifically, students with university-educated parents achieve outcomes at 

much higher levels than their peers with low-educated parents [57]. Educated parents tend to have and communicate 

higher expectations for their children [82], motivating the students to have greater self-regulation and higher educational 

aspirations, promoting AA. Not only at home, but a school’s “collective expectation” is also paramount. Collective 

expectations may be more pronounced in urban schools due to higher levels of segregation or more effective in rural 

schools due to stronger social bonds [83]. It is essential to recognize that other cultural influences may also impact 

students. Among others, community influence, particularly perceptions of job opportunities, can negatively affect 

educational aspirations in rural areas. Agger et al. [84] found that educational aspirations fully mediated the relationship 

between perceptions of job opportunities in the rural community and university enrollment. This finding suggests that 

adolescents’ educational goals are shaped by their perceptions of family and community, translating into actual 

enrollment behaviors. However, stronger community support in rural areas often positively drives educational 

aspirations [16]. One crucial non-observed factor is the regional variance in the value attributed to knowledge, which 

shapes the students’ self-expectations and motivation. To reduce this gap, rural communities and families need to 

continue supporting their children and enhancing their self-esteem and motivation for higher AA. 

In rural areas, creating an environment that promotes what these areas lack to achieve higher levels of AA is crucial. 

This includes providing extracurricular activities, museums, and better school equipment, among other resources. 

Additionally, parental involvement should be encouraged, and it is essential to ensure that teachers are culturally aware 
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of the unique needs of these communities. Increasing instructional time for key subjects, particularly for students from 

lower SES backgrounds, is also vital [85]. Regarding post-secondary education, another important aspect is the provision 

of greater state assistance for students who need to relocate from rural to urban areas to pursue higher studies. This 

support would motivate students to strive for admission to top universities. Without policies to mitigate the exodus and 

to give the same opportunities to the rural population for school and work, what will continue to happen is that students 

who move to urban areas for higher education do not return as they do not see opportunities, leading to a loss of talented 

youth and continuing the desertification of the rural areas [86]. 

Although the study compares urban and rural areas, greater heterogeneity of results is found within urban areas. 

Urban areas tend to exhibit higher levels of segregation, encompassing both the best and the worst schools [6]. This 

segregation is closely related to residential segregation and rigid school catchment area policies based on students’ place 

of residence. This factor contributes to disparities in the overall SES of schools, the individuals attending them, and the 

opportunities provided [87]. Students are influenced by their peers’ abilities [88] and the school environment, including 

factors like drugs, violence, and resources [89]. This byproduct of segregation leads to social inequality, reduced social 

cohesion, and limited upward mobility [90], resulting in the creation of “elite schools” with high levels of ability and 

overall higher SES, which adversely affects low SES students who are most impacted by school characteristics [91]. 

To address this phenomenon, it is imperative to provide additional resources to disadvantaged schools, enforce and 

possibly redefine school catchment areas to promote social mixing, and regulate the real estate market to reduce socio-

economic and ethnic segregation within urban spaces [87]. Successful policies, such as temporary funding and partial 

debt relief in Hessen, Germany, offer valuable lessons for promoting equality [92]. These strategies could also be 

effective in Portugal, including stable public budgets, democratized decision-making, and community-driven projects. 

Portugal’s Program Educational Territories of Priority Intervention (TEIP), established in 1996, has significantly 

reduced school failure and dropout rates in disadvantaged areas. However, gaps persist in both internal and external 

evaluations, such as school grades and national exam results [93]. To further address these challenges, limiting school 

choice options, exacerbating segregation, ensuring equitable funding for public schools, and promoting diverse and 

inclusive school environments are crucial steps [90]. Progressive ruralism is crucial when addressing educational 

disparities between students from different areas. This approach seeks to enhance rural education by integrating 

interdisciplinary methods, empowering local communities, and addressing social justice issues, all contributing to 

sustainable development. These strategies have been successfully implemented in various contexts in the United States, 

promoting equity and sustainability in rural education [94]. 

5-2- Limitations 

Some limitations need to be addressed. Firstly, as this study relies solely on secondary data, there is a constraint in 

the range of available variables. Integrating variables related to personality traits, mental health, and ICT usage could 

enhance the breadth of analysis, offering a more comprehensive understanding of the distinctions among students in 

rural and urban areas. The considerable disparity in student numbers between urban and rural locales warrants attention. 

In the future, researchers should explore methods for sampling balance to mitigate this imbalance effectively. Finally, it 

is important to note that this study exclusively focuses on students who opt to take exams, primarily motivated by their 

desire to pursue higher education. As a result, the data may not fully reflect the performance or characteristics of students 

who, for various reasons, do not pursue university or may have left the educational system before reaching this stage. 

Consequently, the exam results and subsequent analyses might not account for the broader diversity of student 

experiences and abilities, potentially skewing the interpretation of how national exams correlate with academic 

outcomes and higher education aspirations. Future research should broaden its scope to encompass various educational 

cycles, providing a more comprehensive understanding of the topic. 

6- Conclusion 

Despite existing research highlighting differences in AA between urban and rural students, there is a notable gap in 

studies that directly compare these influences across environments. Our study addresses this gap using a robust dataset 

that includes virtually every student in Portugal's public school system. This allows for the direct comparison of AA 

drivers in urban and rural areas. By employing OLS regression and focusing on standardized national exams, we ensure 

that our analysis is rigorous and comparable across different regions. Our findings reveal that the primary factors 

influencing AA are mainly consistent between urban and rural areas, suggesting that the achievement gap between these 

environments does not primarily arise from differing educational needs. However, some exceptions exist, such as social 

support, which is not a significant AA driver in rural areas. This element suggests that for rural students, factors beyond 

monetary support—such as cultural capital and the perceived value of education—play a more crucial role and are often 

lacking in rural Portugal and other countries with similar needs. Contrary to most research and expectations in the digital 

age, our analysis also found that access to ICT does not significantly influence AA, likely because access to devices and 

the Internet has become nearly universal in Portugal. Instead, how ICT is used—along with factors like ICT literacy, 

competence, and interest—is likely a more critical determinant of AA, particularly for students from low-income 

backgrounds who may lack the necessary digital skills and support systems.  
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Consistent with expectations, academic background variables emerged as the most significant AA drivers. 

Additionally, the negative impact of grade retention is underscored, emphasizing the need for cost-effective policies to 

prevent the long-term negative consequences associated with retention. Our results underscore the need for targeted 
policies addressing rural education's unique challenges, such as improving cultural capital and redefining school 

catchment areas to promote social mixing. Additionally, our results suggest that policymakers should shift focus from 

merely providing access to ICT to enhancing the quality of ICT use and digital literacy. The success of programs like 
Portugal’s TEIP shows that targeted interventions can significantly reduce educational disparities and the likelihood of 

early dropout, but further efforts are needed to ensure equitable funding, promote diverse school environments, and 
apply lessons from other programs and progressive ruralism to support sustainable development in rural education. 
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