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Abstract 

This paper examines the process of acquiring financial literacy by young Spanish students. A 
special attention is devoted to the role of the school management model in the promotion of 
financial performance of students. Two hypotheses are proposed for consideration. Firstly, 
mathematics is the principal determinant of financial literacy. Secondly, school management 
model (public versus private) influences financial literacy through its effects on math scores. The 
peculiarities of the database employed, the potential cross effects between mathematics and 
financial literacy and the endogeneity of one of our main predictors (school type) are the main 
restrictions on the empirical strategy employed here, which consists of two steps. The first of 
these involves the application of a propensity score (ps) matching analysis designed to balance the 
composition of pupils attending publicly financed and run schools (hereinafter PFRS) and 
publicly financed and privately run schools (hereinafter PFPrRS). This permits correction of the 
selection bias which threatens the internal validity of the estimations. The second step consists of 
the estimation of a simultaneous multilevel regression model which allows consideration of the 
potential overlap in the determination of mathematical and financial performance and the 
hierarchical structure of the data supplied by the PISA 2012 survey (hereinafter PISA 2012). The 
results suggest that financial literacy is mediated by the math skills of students and that there are 
no differences, either in financial or math skills, between students attending PFRS or PFPrRS. 
These results shed light on certain points which may be useful in the design of educational 
policies aimed at stimulating the financial culture of the population. 
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1. INTRODUCTION 

Over the past ten years there has been considerable international interest in the measurement and 
analysis of the economic and financial knowledge of the population, which may be explained by a 
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variety of factors. On the one hand, the baby boom generation is drawing nearer to retirement 
age, leading to rising concern regarding the savings levels of the elderly population, given the 
increasing limitations affecting the public social security system. Consequently, many studies have 
aimed to disentangle the determinants of domestic savings in the long term, with financial culture 
being one of the main factors of interest in this literature. On the other hand, the current 
economic crisis has demonstrated the inability of many citizens to make optimal financial 
investments. Some evidence of this reality is the acquisition of complex financial products, such 
as preferred stocks, by citizen groups with an inappropriate investor profile, and the excessive 
debt levels of many low-income households (Bover et al., 2014). The complexity of financial 
assets currently offered by the capital markets requires small investors to be financially qualified 
in order to make well-informed decisions that maximize their economic wellbeing. Indeed, some 
authors have stated that such a lack of financial skills is one of the primary causes of the current 
economic crisis (Gerardi et al., 2010, PACFL, 2008). Finally, the financial culture of the 
population influences not only its personal wellbeing but is also a source of positive externalities 
for society as a whole, as discussed by Gnan et al. (2007) and Lusardi & Mitchell (2011), among 
others. Awareness of this situation on the part of public authorities is another factor underlying 
recent concern over the assessment and improvement of the financial literacy of the population. 

Most studies measuring economic-financial competency have focused on the role of the financial 
skills of the population in stimulating diverse economic outcomes. Some have attempted to 
evaluate the distribution of economic knowledge based on ethnicity (Crossan et al., 2011), age, 
gender, educational level or employment status (Fornero & Montecone, 2011). Other research 
has focused on the influence of financial culture on the probabilities of having a pension plan 
(Fornero & Montecone, 2011, Klaper, 2011), on savings levels (Behrman et al., 20101), on 
participation in the stock market (van Rooij et al., 2011), on the risk of defaulting on bank loans 
(Gerardi et al., 2010, Grinstein et al., 2012), on the ability to make optimal investments (Lusardi & 
Tufano, 2009) or on the potential of financial literacy to prevent social exclusion (Robson, 2012). 
In this literature financial culture is regarded as another input in the economic process. 

By contrast, a second line of research into financial literacy has focused on the internal processes 
through which individuals develop economic and financial skills. Such studies aim to identify the 
factors involved in the promotion of financial performance, in order for them to serve as the 
basis for successful public policies aimed at improving such skills. This literature is closely 
connected with research into the determinants of knowledge production, dating back to the 
pioneer work of Coleman et al. (1966). In these studies, financial skills are described, 
consequently, as the output of an education production process in which formative skills are 
viewed as the result of both the formal education provided by educational institutions and the 
informal education proceeding from external influences (individual attitudes, aptitudes for 
learning, the family context, social networks, etc.). 

This study falls within this second research line. We aim to examine the process by which 
financial skills are developed in 15-year-old Spanish students and to evaluate the impact of the 
model of school management (public/private) on their degree of financial literacy. Specifically, 
our analysis considers two hypotheses: 

Hypothesis 1: The math skills of individuals are the main predictor of their degree of financial 
literacy, such as these last skills evaluated by PISA 2012. 

                                            

1 The pioneer study analyzing the relationship between training in financial areas and the level of savings was 

conducted by Bernheim et al. (2001). It was shown that adults who received a course in financial management during 

their secondary education studies had increased savings rates. Other studies belonging to this research line include 

those by Behrman et al., 2010, Van Rooij et al., 2011, or the works published in the case study on Financial Literacy 

and Planning Retirement in the Journal of Pension Economics and Finance, vol. 10 (4). 
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Hypothesis 2: School management model (public versus private) indirectly influences the degree 
of financial literacy through its influence on the knowledge acquired from classes where the 
official educational curriculum is taught (specifically mathematics-based concepts). 

These hypotheses are based on the following:  

Firstly, it should be noted that at the age of 15, Spanish students have not previously received any 
type of formal education regarding economic/financial skills2. Their competencies in these areas 
must necessarily come from factors external to the school (family environment, personal interest 
and motivation, social relationships, etc.) or from the education offered by schools in other 
courses (with mathematics being the area that most likely influences financial literacy, as 
measured by PISA 2012). Indeed, the resolution of many of the financial questions proposed in 
the evaluation undertaken by the OECD requires the use of mathematical-like instruments 
(OECD, 2013). Secondly, the exploratory analysis of the data provided for Spain in PISA 2012 
shows a very high correlation coefficient between math and financial scores obtained by students 
(0.79). Furthermore, 73% of the schools participating in the fifth wave of PISA include financial 
education within their “mathematics” classes (as shown by the responses given by school 
principals to question 37 of the Schools Questionnaire). 

The second hypothesis (i.e. that the influence of school management model on financial skills is 
not direct, but instead is mediated by its influence on students’ math skills) is based on the review 
of the considerable literature available on the determinants of cognitive skills. The results of these 
studies are inconclusive (Toma & Zimer, 2012). In some studies, the effect of privately run 
schools on test scores is positive (Bedi & Garg, 2000, Morgan, 2001 and Lefebvre et al., 2011) 
while in others it is negative (Bifulco & Laad, 2006, Pfeffermann & Landsman, 2011, Mancebón 
et al., 2012). Finally, in numerous studies, the statistical associations found in the data between 
school type and educational scores vanish after introducing various methodological controls into 
the analysis (McEwan, 2001, Bettinger, 2005, Jepsen 2003, Betts et al., 2006, Witte et al., 2007, 
Chudgar & Quin, 2012)3. Given that the data from PISA 2012 (upon which the present study is 
based) shows a statistical association between school management model (public/private) and 
student scores in the mathematical and financial skills assessment (see Table 3), it is interesting to 
test whether this association is a reflection of a true influence or if it is a spurious effect of the 
fact that students having more favorable learning attributes tend to be more likely to attend 
Spanish PFPrRS4. 

In summary, our objective is to explore the following relationship: 

 

                                            
2 In the questionnaire completed by Spanish school principals only 15.8% indicated that they offer financial 

education in their schools. 

3 Numerous studies suggest that the private school effect depends on school type (Catholic or non-Catholic, private 

independent or subsidized), on the type of output analyzed (mathematics, reading, sciences or school satisfaction) 

and on student type (ethnicity, family background or prior achievement). See, for example, Green et al. (2014), 

Zimmer et al. (2012), Imberman (2007) Altonji et al. (2005) and Gronberg and Jansen (2001). 

4 Specifically, the preliminary data analysis from the PISA 2012 survey shows statistically significant differences in 

the scores obtained by Spanish students attending publicly versus privately run schools, with an advantage for private 

school students  (500.2  as compared to 478.2 in public schools). On the other hand, the comparison of the two 

school types regarding variables found to be true predictors of overall academic performance in several studies 

(family background, motivation, immigration status, repeater condition, for example) shows that student 

composition is more advantageous for PFPrRS. For example, the percentage of households with at least one parent 

having a university degree is 41% in private schools as opposed to 27% in public schools and the percentage of 

households with at least one parent holding a qualified job is 52% in private schools versus 37% in public schools. 
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2. INSTITUTIONAL BACKGROUND: SPANISH EDUCATIONAL 
SYSTEM 

One of the defining characteristics of the primary and secondary schooling system in Spain is its 
dual nature consisting of predominantly public sector provision but with a substantial private 
sector. The largest segment of the latter are PFPrRS. These schools were formerly fully private 
and run by the Catholic Church. Whilst these schools remain privately owned and run, they are 
now partially financed by regional education authorities and the central government5. The 
distribution of students enrolled in secondary education among different school types in Spain in 
2012 was as follows: PFRS 66%, PFPrRS 31%, while there is a smaller completely independent 
sector 3% (Spanish Ministry of Education, 2012). In this paper, we focus on comparing the PFRS 
with the PFPrPS6. 

These PFPrRS do not charge tuition per se but families pay a ‘voluntary’ contribution per student 
(on average 323 Euros p.a. in 2011/2012) which in practice represents a tuition fee(INE, 2013). 
In addition, there are extra-curricular activities and service provision that is offered in both public 
and private schools. These include school provided lunches, and extra lessons such as sports, arts 
and languages. These attract a charge in both PFRS and PFPrRS, however charges are 
substantially larger in the second ones. The fees for this are on average 156 and 357 Euros per 
year per student in PFRS and PFPRRS, respectively. In addition, there is less variety of provision 
of these activities and services in PFRS. Taken together this suggests a substantial difference in 
the cost of attending a PFRS or PFRS. According to INE (2013) the annually total average cost 
per student of attending a PFPrRS was 1,426 Euros in the academic year 2011-2012 versus 560 
Euros of attending a PFRS.It should be noted that both of these are substantially lower than 
attending an independent private school, where fees were on average 4,405 Euros per student per 
year during the 2011-2012 academic year. 

There are a few additional ways in which PFRS and PFPrRS differ. First, although there is in 
theory no difference in admission criteria between these two types of schools, they differ in terms 
of how they cope with excess demand. Although discretionary admissions practice by school 
principals have been forbidden since 2002/2003, some papers have suggested the possibility that 
principals of PFPRRS could use discretionary criteria to select students on the basis of some 
socio-demographic characteristics (see Escardibul and Villarroya, 2009 and Mancebón y Pérez-
Ximénez de Embún, 2014). In addition, a number of indirect disincentives to application and 
admission existed that would influence the type of student attending these schools; these include 
the higher fees, but also costs associated with mandatory uniforms and barriers to entry for 
students who came from a family that was not Catholic. Together this makes it likely that 
PFPRRS select students, both explicitly and implicitly, on the basis of socio-economic 
characteristics (Teese et al, 2006).These factors which act as impediments to school choice reduce 
the level of active competition between PFRS and PSPS in Spain. 

Finally, it is worthy to note another point of variation between Spanish PS and PSPS: the teacher 
hiring practices across the two sectors. Teachers in public schools are primarily civil servants that 
have had to pass a national/regional examination (actual practices depends on when they were 
hired) whereas teachers in PFPrRS are hired at the discretion of the school principal. In other 
words, PFPrRS have greater autonomy in management than PFRS. 

                                            
5 This occurs through the 1985 Right to Education Act (LODE). For a detailed description and historical evolution 

of the Spanish non-higher education system (see Bernal, 2005). 

6 The fully independent sector is also of clear interest; however our data has very poor coverage of this sector. 
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3. EMPIRICAL ANALYSIS STRATEGY 

To achieve the objective of our study, three technical factors must be considered.  

Firstly, the data from PISA 2012 has a hierarchical structure, due to the fact that the sample 
selection of individuals occurs at two levels (students and schools). Thus, data are nested. 
Consequently, some of the characteristics of students attending the same school are correlated, 
violating the hypothesis of independence of the observations upon which traditional regression 
models are based. The application of ordinary least squares (OLS) to these data structures 
produces an underestimation of the true standard errors, leading to spurious results (Hox, 2002). 

Secondly, it should be underlined that the “mathematical skills” predictor and the endogenous 
variable in the present study (financial literacy) are interdependent, since both are affected by a 
set of common influences (at least those operating at the student level) and determined 
simultaneously over time. These characteristics lead to a violation of the hypothesis of non-
correlation between regressors and the random term required by conventional econometric 
estimates based on OLS, causing the expected values of the estimated structural coefficients to 
differ from the real values and leading to inconsistency in the estimates obtained. This is known 
as the simultaneity bias (Dougherty, 2011). 

Finally, when assessing the impact of school type (PFRS versus PFPrRS), it should be noted that 
in Spain schools are freely chosen by families7, family socioeconomic characteristics being one of 
the main determinants of the selection pattern (Escardíbul & Villarroya, 2009; Mancebón & 
Ximénez-de-Embún, 2014). The “school type” predictor is therefore an endogenous variable. 
This gives rise to correlations between this predictor and the residuals of the regressions, creating 
biased parameter estimates. This is what Heckman (1979) defined as sample selection bias. 

The characteristics described immediately above are the basic factors conditioning the empirical 
strategy employed here. This strategy takes material shape in a two-level analysis. 

First, a Propensity Score Matching (PSM) analysis was conducted, in order to define a 
homogenous student subsample in terms of the observable characteristics which may 
simultaneously influence the selection of school type and educational scores. In other words, the 
PSM analysis allows for the creation of a subsample that is not affected by sample selection bias. 

Second, a multilevel simultaneous equation model (MSEM) is estimated to allow for the 
consideration of: a) the possible simultaneous production of financial and math skills in students, 
and b) the hierarchical structure of the data supplied by PISA 2012. This model permits the 
examination of the joint production process conducted in schools. In addition, the multi-level 
model will permit differentiation between those influences acting on the student and those acting 
on the school. 

It expected that this empirical strategy will lead to more accurate estimations and reduced bias.  

4. METHODOLOGICAL ISSUES 

This section offers a brief examination of the techniques used to obtain the estimates. Firstly, the 
foundations of the PSM calculation are described. Secondly, the functioning of the multi-level 
models of simultaneous equations is presented. 

Propensity Score Matching (PSM) 

                                            
7 LODE (1985): Organic Law 8/1985, 3 July, regulating Education. Spanish Official State Bulletin 159. 
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The main challenge faced in evaluating the impact of a public intervention, experienced in a non-
random manner by the individuals evaluated, is to approximate a credible value for the 
counterfactual condition of each individual in the treatment group (hereinafter TG). That is to 
say, to find a value that appropriately reflects the outcomes that would have been attained by the 
individuals treated in the absence of the intervention (see Rubin, 1974). In this specific case, as 
we wish to evaluate the differential impact of attending a PFPrRS versus attending a PFRS, the 
challenge is to proxy for each individual attending a PFPrRS (TG) the financial score he or she 
would have obtained had he or she attended a PFRS (control group, CG)8. 

When it comes to putting into practice the appropriate imputation strategy for these 
counterfactual values for each TG individual, it should be remembered that the only information 
available in the database on the outcomes attained in the absence of intervention are records 
corresponding to individuals who have not received the treatment (CG). Therefore, the problem 
is to find a procedure allowing each TG individual to be matched to one or various similar CG 
individuals, in the sense that all of them share the relevant characteristics in the determination of 
the evaluated result. The outcome obtained by the individual/s from the CG subsample thereby 
constitutes a good approximation of the counterfactual for each of the individuals belonging to 
the TG. The correct implementation of this empirical strategy ensures that the potential 
outcomes of individuals from both groups are identical, which allows the ignorable treatment 
assignment hypothesis to be fulfilled (Rosenbaum & Rubin, 1983), as required by the PSM 
technique9. The subsample so defined contains homogenous individuals with regard to the 
characteristics influencing educational outcomes and school choice, thus avoiding the sample 
selection bias associated with the original data. Below, an explanation is provided of how the 
matching techniques and, specifically, the PSM are useful in achieving this objective10. 

Matching techniques consist of one of the three procedures proposed by the literature in order to 
define homogenous samples of individuals11. This methodology bases its calculations on the 
creation of matchings between individuals from the TG with members of the CG who have 
similar observable characteristics (X), which are simultaneously predictors of the outcome of 
interest (Y) and of the principal study predictor (W)12. Specifically, matching techniques match 
each individual from the TG (W=1) with one or n individuals from the CG (W=0), using the X 

                                            
8 The analysis of the impact of school type, public or private, on educational outcomes requires an analysis to be 

conducted prior to the selection of comparable individuals based on the original sample supplied by PISA  2012. 

This is due to the fact that the “school type” predictor is an endogenous variable. School choice is made by families 

on the basis of diverse characteristics of households such as income and wealth, socio-cultural profile, etc. (Burgess 

& Briggs, 2010, Gallego & Hernando, 2010, Mancebón & Pérez Ximénez-de-Embún, 2014, Escardíbul & Villarroya, 

2009 or Tamm, 2008, among others); many of these constitute, in turn, determinants of students’ educational 

outcomes. In these cases, the value of the coefficient associated to the variable “school type” which supplies a 

conventional regression through the application of the OLS method is biased, as it violates one of the principal 

assumptions of this method. The PSM technique allows us to address this limitation, as we shall explain. 

9 This hypothesis indicates that, when all the relevant observed characteristics are controlled for, individuals 

subjected to the intervention have, on average, the same potential result as those in the control group. This 

hypothesis is also known as selection in observables and conditional independence (Guo & Fraser, 2010). 

10 A further explanation of these techniques can be found in Mancebón and Pérez-Ximénez de Embún (2013). 

11 The other techniques are conventional regression and stratification (see Guo & Fraser, 2010, chapter 3 and 

Murname & Willett, 2011, chapter 12). 

12 In our case, W refers to the school type attended by the evaluated students, with W=1 being the student group 

enrolled in a PFPrRS and W=0 the student group enrolled in a PFRS. 
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variables (Caliendo & Kopeinig, 2008). Therefore, the resulting subsample is free of the sample 
selection bias due to observable characteristics13.  

Within these matching techniques the PSM is notable. Its origins date back to the 
groundbreaking work of Rosenbaum and Rubin (1983). The main advantage of this methodology 
lies in its ability to deal with a large number of covariates (X). This is significant as the probability 
of finding valid matchings between the TG and the CG is inversely proportional to the number 
of variables of the X vector. This is known as the matching dimensionality problem. 

Rosenbaum and Rubin (1983) solved this problem by proposing a single magnitude, the 
propensity score (hereinafter, ps) on which the necessary matchings are based for the delimitation 
of the unbiased subsample. The ps is a synthetic indicator of the information contained in the X 
variables, calculated on the basis of a logistical regression model (or similar). Unlike other 
synthetic indicators, such as those resulting from discriminant analysis, the ps, far from being a 
construct void of content, has a very clear significance. It is simply the conditional probability of 
participating in the evaluated intervention for each individual in the sample, given their 
observable characteristics X; that is: 

ps = P(W=1 | X)   (1) 

This gives the ps a special value in terms of correcting sample selection bias. In fact, as previously 
stated, the identification of a valid empirical counterfactual value requires CG individuals to 
present a high degree of similarity to TG in all the observable characteristics affecting outcomes 
(X). This is the only way to ensure that the differences in outcomes between the two groups are 
not contaminated by differences in X. In other words, it complies with the hypothesis of 
ignorable treatment assignment. The calculation of the ps allows identification of the (X) 
outcomes which determine participation in the intervention and are also influential in the 
determination of the result of interest (Y), that is to say the variables which potentially cause 
sample selection bias.  

The key to PSM functioning lies in the creation of good matching, namely in finding the CG 

individuals having a ps similar to that of the TG individuals. In other words, finding  i  W=1 

one (some) j  W=0 such that Pi(W=1)  Pj(W=1). This requires that P(W=1 | X)< 1 and 

P(W=1 | X)>0  X. The fulfillment of these two relations ensures that the two groups (TG and 
CG) contain similar individuals regarding observable characteristics (which is known as the 
common support assumption)14. The matching process may be conducted using different 
algorithms. Guo and Fraser (2010) offer a detailed description of the topic. Several of these 
algorithms have been used in our empirical work to test the sensitivity of our estimates to the 
employed algorithm.  

Multi-level models of simultaneous equations (MSEM) 

As indicated, PSM allows for a subsample of comparable individuals with respect to the 
observable variables (X) which influence school choice and which are also potentially significant 
in determining the outcome of interest (Y). 

                                            
13 In any case, the potential risk  that individuals from the TG and CG may differ in non-observable characteristics 

remains. The analysis of this issue extends beyond the scope of this study. Possible corrections of this problem may 

be found in Caliendo and Kopeinig (2008). 

14 For more on the importance of fulfillment of this condition in the implementation of the PSM, see Caliendo and 

Kopeinig (2008). 
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However, potential influences on educational outcomes may consist of more variables than those 
considered when constructing the ps15. Therefore, the calculation of the net effect of an 
intervention, such as (W) (i.e. attending a PFPRRS) requires testing for the influence of other 
factors (X’) that are potentially important in determining (Y) but which do not affect the 
reception of the treatment (W). Therefore, a post-matching analysis should also be conducted. 
Two types of influence deserve attention: a) characteristics of the school in which students have 
studied, and b) student attributes that are not incorporated in the calculation of the propensity 
score. 

The study of the significance of these characteristics to the educational outcomes of interest (i.e. 
financial skills) may be performed via the estimation of a regression model applied to the 
matched sample. Indeed, since the subsample defined by PSM is not affected by the selection 
bias issue affecting the original sample, the regression analysis is now fully relevant in terms of 
identifying the effect of the treatment (W) on outcomes16. 

The selection of the ideal regression model to conduct the estimates is conditioned by two 
peculiarities that affect the present study and have been mentioned previously. The first is the 
presumably simultaneous nature of the development of financial and mathematical performance. 
The second is the hierarchical structure of the PISA data. 

Of all the available regression models, the multi-level models of simultaneous equations (MSEM) 
adapt best to these peculiarities17. Their main advantage is that they allow for differentiation 
between those influences acting at the student level (first level of analysis) and those acting at the 
school level (second level), while also allowing for the simultaneous determination of math and 
financial skills (i.e. the potential cross effects between the two types of cognitive skills evaluated 
in our study)18. 

The creation of a model of simultaneous equations presents certain challenges to estimation (see 
Gujarati, 2004). These models have a complex structure and their functioning is based on certain 
assumptions which should be verified prior to their application. The two most important 
assumptions are the conditions of completeness and identification. The first assumption is that 
the number of equations should equal the number of endogenous variables to be estimated (i.e. 
math and financial skills). As for identification, this requires that the conditions of order and 

                                            
15 In the estimation of ps, only those regressors which are potential predictors of educational outcomes and which 

occur prior to the school choice (or were stable between the time of the school choice and the time of the outcome 

assessment) should be included as explanatory variables (Caliendo & Kopining, 2008). This is due to the fact that 

PSM aims to match students with common characteristics at the time of school entry.  

16 This is because once the observable factor selection bias has been eliminated, it may be assumed that the residuals 

of the regression are independent of the treatment evaluated. 

17 A wide range of these models may be found in Steele et al. (2007). 

18 Despite the fact that the knowledge production process is an ideal example of joint production, models of 

simultaneous equations have been surprisingly underutilized in the literature on the functioning of educational 

production and even less so in conjunction with multi-level models. However, the application of simultaneous 

equation models in this area of research is not only natural but essential. As Goldberger (1991) indicates, the 

problems of simultaneity, reciprocal causation and feedback are ubiquitous in education. Studies by Levin (1970), 

Boardman et al. (1977) and García García (2013) offer three contributions of interest regarding the potentiality of 

simultaneous equation models in the study of the process of educational production. The application of multi-level 

models to the educational context has been considerably more numerous. For example, there are the studies of 

Somers et al. (2004) and Mancebón et al. (2012), with the latter applying to Spanish data from the PISA 2006 survey. 

To our knowledge, the application of MSEM models to the educational field has only been performed by Steele et al. 

(2007). 
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range are satisfied. The first, order, requires that in each equation the number of excluded 
regressors is greater than the number of endogenous variables included minus one. The range 
condition requires the second equation to contain at least one exogenous variable not included in 
the first equation. The specification proposed in the next section fulfills the three above-
mentioned assumptions19. 

Multi-level models are especially appropriate for working with data nested at various levels, for 
example those data supplied by almost all educational databases. This is because this data 
structure, as well as the intra-group correlation, causes the characteristics and outcomes of 
students attending different schools to vary (Hox, 1995). These models permit the analysis of 
variables acting at different levels (individuals and schools, for example) and they allow the 
identification of the proportion of the total variance of an outcome that is attributed to each of 
the specified levels20. In analytical terms, the level 1 equation is determined as follows: 

  (2) 

where  is the expected result for individual i in school k;  is an explanatory variable p of 

level 1 for the individual i from school k,  are the level 1 coefficients (p=0,1,…,P) and  is 

the random effect of level 1. For level 2 (schools), the coefficients are treated as variables to be 
estimated, and thus: 

   (3) 

where  (q=0,1,…,Qp) are the level 2 coefficients,  is a level 2 predictor and  is a 

random effect. The model assumes that, for each unit k, the vector ( )’ is 
distributed based on a normal multivariate where each element has a mean of zero and a 

covariance matrix , with a maximum dimension of (P+1) x (P+1).  

5. RESULTS 

This section explains the results obtained from the application of the two methodologies 
described above to the data for Spain obtained from PISA 2012. Firstly, the results of the PSM 
are presented. Secondly, estimates from the multi-level model of simultaneous equations are 
offered. 

PSM Results 

                                            
19 This document does not provide the results of the verification of these three assumptions, but they are available 

upon request. Specifically, the equation of financial competencies is an over-identified equation; this explains why a 

two-stage least squares model (2SLS) was applied in the empirical estimation. Regarding the equation for 

mathematical competencies, its specification excludes financial competencies as predictors (see footnote 23 for 

further explanation). Consequently, the analysis of the identification condition lost relevance. In fact, the final model 

to be estimated is a recursive model and not a model of simultaneous equations in the strictest sense. We shall 

address this issue later. 

20 Bryk and Raudenbusch (1988) recommend the use of this type of general model when analyzing the effects of 

schools on educational outcomes.  
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As previously noted, the PSM estimation strategy is based on the identification of a group of 
students attending a PFRS that is comparable to a group of students attending a PFPrRS, in 
terms of all the variables which may condition school choice and scores for the financial skills 
assessed in PISA 2012. To do this, firstly, the selection equation should be determined; that is, an 
equation allowing for the prediction of the ps and, secondly, students belonging to the TG and 
CG should be balanced for this indicator. The determination of the selection equation is of 
decisive importance, since the correctness of its specification affects the acquisition of credible 
and unbiased estimates of the impact of the intervention evaluated. It should be noted that in this 
equation all variables which may simultaneously influence school choice and outcomes must be 
considered to be predictors (Caliendo & Kopeinig, 2008)21. Econometric literature offers various 
methods of estimating the conditional probability of receiving treatment (namely, of attending a 
private school): logistic regression, probit models and discriminant analysis (Guo & Fraser, 2010). 
The present study uses a logistic regression model22. 

 

Table 1 Results of the logistical regression (logit model) 

Variable Coefficient Standard error P>|z| 

Gender (girls) -0.09 *** 0.01 0.00 

Immigrant -0.39 *** 0.02 0.00 

Occupation of father (ISEI) 0.01 *** 0.00 0.00 

Education of mother (years of study) 0.08 *** 0.00 0.00 

Possessions (objects of art) -0.06 *** 0.01 0.00 

Possessions (dishwashers) 0.05 *** 0.01 0.00 

Possessions (pay TV) 0.24 *** 0.01 0.00 

Number of televisions 0.21 *** 0.01 0.00 

Number of computers -0.12 *** 0.01 0.00 

Number of bathrooms 0.01 * 0.01 0.06 

Number of books (ref. 0-10 books) 
    11-25 books -0.64 *** 0.03 0.00 

26-100 books -0.38 *** 0.03 0.00 

101-200 books -0.03 
 

0.03 0.19 

201-500 books -0.27 *** 0.03 0.00 

Over 500 books -1.00 *** 0.03 0.00 

Constant -2.22 *** 0.05 0.00 

N=471, R2=0.05, % correctly predicted probabilities =58.02% 

 

Table 1 shows the results of this regression (selection equation), which allows for the prediction 
of a ps value for each individual from the sample. The variables having the greatest influence on 
the probability of attending a PFPrRS are the following: immigrant status (39%), household 
possessions (TV and dishwasher), years of study of the mother and occupation of the father (8% 
and 1%, respectively), followed by student gender (with girls having a lower probability of 
attending a private school). The number of books in the household also has a major influence 
(the greater the number of books, the higher the probability of attending a PFRS). Although in 

                                            
21 Based on this limitation, neither the variables potentially contributing to the explanation of differences in financial 

skills but not influencing school choice (such as school absence) nor those which may be determinants of school 

choice but which do not influence financial competencies (school admission policy, for example) are considered. 

22 The use of a logit model to estimate the ps, like the use of a probit model, implies that these estimates are a non-

linear combination of predictors. In practice, the selection of one model or the other is not overly relevant in terms 

of the results obtained (Murname & Willett, 2011).  
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these models the resulting R2 is low, the percentage of correct predictions of the estimated model 
(almost 60%) is considered in the literature to be a relatively high degree of reliability. 

Figures 1 and 2 display the distribution of the ps. As the two figures show, there is a wide area of 
common support. That is, individuals in the TG have individuals in the CG with whom they can 
be compared, as their ps scores are the same. 

 

 

 

Figure 1 Boxplot ps scores 

 

 

Figure 2 Propensity score distribution by school type 

a. Unmatched sample b. Matched sample 

  

 

After estimating the ps the matching process is then undertaken. Various algorithms can be found 
in the literature regarding the performance of this process: greedy matching, optimal matching 
and fine balance (Guo & Fraser, 2010). The present study uses the first of these, which may be 
applied via a range of variants (Smith & Tood, 2005). The two most commonly used algorithms 
are nearest neighbor matching (hereinafter, NNM), which allows for diverse variants, and 
methods based on kernel functions (hereinafter, KM). The first of these matches each individual 
from the TG with that/those from the CG having the most similar ps value. KM constructs 
matches using all the individuals in the potential control sample in such a way that it takes more 
information from those who are closer matches and less from distant observations. In so doing, 
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KM uses comparatively more information than other matching algorithms (Guo and Fraser, 
2010, chapter 7). In the present study, these two algorithms were applied, as well as several of the 
options permitted by NNM (with and without replacement, with caliper and without caliper, 1 to 
1, 1 to 2 and 1 to 3). The KM, in turn, was applied with different bandwidths. This was done in 
an attempt to test the sensitivity of the matching to the different estimation methods. 

The analysis led us to opt for the Epanechnikov kernel type KM with a bandwidth of 0.06, since 
it best equates the individuals from the TG and the CG. The sample was only reduced by 3 
individuals from the CG who were not paired with any individual from the TG23. The remaining 
individuals from the CG receive a weight in function of the number of times that they are 
matched with individuals from the TG. These weights were required to be used in the subsequent 
analyses. Figures 2a and 2b display the distribution of the ps in the original sample and in the 
matched subsample. In the latter, it is observable that there is an almost perfect overlap in the 
distribution for PFRSs and PFPrRS. Figure 3 shows the matching used between students from 
PFRSs and PFPrRS. 

 

Figure 3 Propensity score matching blocks 

 

 

Table 2 shows the differences in means in the ps and the discriminant variables for the overall 
sample and the matched sample, as well as the reduction in bias achieved through the matching. 
This table illustrates the effectiveness of matching in reducing bias between groups (i.e. the 
means of the variables are compared before and after matching and the percentage of bias 
reduction is determined). The variables do not display significant differences between PFRS and 
PFPrRS in the matched sample. The percentage of bias for each variable has been reduced 
considerably, in almost all cases, to under 5%. 

Similar conclusions may be reached from observation of Figure 4. The circles represent the bias 
between PFRSs and PFPrRS in the sample before matching, while the crosses represent these 
biases for the matched sample. The crosses are clearly closer to zero, while in many cases the 
circles display higher values.  

 

 

 

 

                                            
23 The final sample consists of 131 schools and 468 students.  
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Table 2 Average differences based on school type for the variables in the pre- and post-matching samples and bias 

reduction 
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Variable Sample 
Mean 

% bias % red. bias 
t-test 

GT GC t p>|t| 

Propensity score (ps) 
Unmatched 0.40 0.33 54.6   5.82 0.00 

Matched 0.40 0.39 2.1 96.1 0.20 0.84 

Gender (girls) 
Unmatched 0.48 0.47 1.4   0.15 0.88 

Matched 0.48 0.44 8.8 -527.7 0.83 0.41 

Native 
Unmatched 0.94 0.90 14.2   1.46 0.15 

Matched 0.94 0.94 -1.2 91.4 -0.13 0.90 

Immigrant 
Unmatched 0.06 0.10 -14.2   -1.46 0.15 

Matched 0.06 0.06 1.2 91.4 0.13 0.90 

Father’s occupation (ISEI) 
Unmatched 47.02 39.34 36.4   3.84 0.00 

Matched 46.52 46.49 0.1 99.7 0.01 0.99 

Mother’s education (years of 
study) 

Unmatched 12.90 11.59 35.1   3.71 0.00 

Matched 12.84 12.62 5.9 83.2 0.58 0.57 

Possessions (works of art) 
Unmatched 0.61 0.57 9.0   0.94 0.35 

Matched 0.61 0.56 10.4 -16.7 0.98 0.33 

Possessions (dishwasher) 
Unmatched 0.80 0.74 13.7   1.43 0.15 

Matched 0.80 0.78 3.4 75.6 0.32 0.75 

Possessions (pay TV) 
Unmatched 0.56 0.47 16.3   1.72 0.09 

Matched 0.55 0.51 8.6 47.4 0.80 0.42 

Number of televisions 
Unmatched 3.48 3.47 1.5   0.16 0.87 

Matched 3.47 3.49 -3.5 -128.5 -0.33 0.74 

Number of computers 
Unmatched 3.17 3.10 9.4   0.98 0.33 

Matched 3.17 3.14 3.1 66.4 0.29 0.77 

Number of bathrooms 
Unmatched 2.78 2.73 5.8   0.61 0.54 

Matched 2.79 2.80 -1.5 74.5 -0.14 0.89 

Number of books (ref. 0-10 
books) 

Unmatched 0.06 0.06 -1.2   -0.13 0.90 

Matched 0.06 0.06 -3.0 -144.0 -0.28 0.78 

11-25 books 
Unmatched 0.09 0.15 -16.4   -1.69 0.09 

Matched 0.10 0.10 -1.8 89.0 -0.18 0.85 

26-100 books 
Unmatched 0.32 0.34 -3.1   -0.33 0.75 

Matched 0.33 0.30 5.6 -81.9 0.53 0.59 

101-200 books 
Unmatched 0.24 0.18 15.7   1.68 0.09 

Matched 0.23 0.22 0.3 97.8 0.03 0.98 

201-500 books 
Unmatched 0.21 0.16 11.4   1.21 0.23 

Matched 0.21 0.22 -3.9 65.5 -0.35 0.73 

Over 500 books 
Unmatched 0.08 0.12 -12.2   -1.26 0.21 

Matched 0.08 0.08 0.1 99.6 0.01 1.00 

Abs (bias) 
Unmatched 

  
15.1 

   
Matched     3.6       

 

 

Figure 5 displays the distribution of some of the variables used in the PSM for the overall sample 
(left-hand figures) and for the matched sample (right-hand figures). In the latter, the matched 
sample clearly has a much closer distribution of variables; in many cases it is virtually identical for 
the two school types. 

Figure 4 Pre- and post-matching bias between public and private schools 
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Figure 5 Distribution of the variables in the unmatched and matched samples 

Mother’s education (in years) 

a. Unmatched sample b. Matched sample 

  

  

Father’s occupation (ISEI) 

c. Unmatched sample d. Matched sample 

  

Number of books in the household 

e. Unmatched sample f. Matched sample 
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Finally, Table 3 compares the scores in math and financial performance for the unmatched and 
matched samples. It shows that PFPrRS have a positive effect on the outcomes attained by 
Spanish students on the math and financial tests for the unmatched sample. However, those 
differences vanish for the matched samples. In any event, a more precise estimation of the effect 
than that offered by the data directly collected for PISA 2012 would require a refined approach 
which took into account the following three issues: the variables which may influence the 
evaluated skills not included in the PSM, simultaneity biases potentially affecting the “financial 
skills” and “math performance” variables, and the hierarchical structure of the database supplied 
by PISA. Consequently, a post-matching analysis was undertaken, with results to be shown in the 
following section. 

 

Table 3 Comparison of financial and mathematics performance, based on school type in the original and matched 

samples 

Variable Sample TG CG Difference S.E. T-stat 

Financial performance 
Unmatched 500.2 478.2 22.03 7.31 3.01 

Matched 505.3 497.3 7.99 17.68 0.45 

Math performance 
Unmatched 499.1 469.5 29.61 7.66 3.87 

Matched 500.3 493.6 6.74 37.60 0.18 

 

 

Results of the MSEM 

This section offers the results from the application of the MSEM to the data subsample created 
from the PSM. This subsample consists of 131 schools and 468 students. The analysis conducted 
in this section has a dual objective: a) to explore the interrelationships existing between financial 
and math skills of 15-year-old Spanish students and b) to contribute to disentangling the 
determinants of the degree of financial literacy, as measured by PISA 2012. 

The development of the empirical model is performed in two stages, applied sequentially. Firstly, 
simultaneity in the production of financial and math competencies is evaluated via the resolution 
of a simultaneous equations model, presented at student level. Secondly, and based on the 
conclusions of the first stage, a model of these characteristics is recalculated at two levels (student 
and school). This multi-level model of simultaneous equations permits the identification of the 
determinants of financial skills of those individuals evaluated in PISA 2012, differentiating 
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between the influences operating at school level from those functioning at student level. The 
following two sections show the results obtained. 

Analysis of Simultaneity Between Financial and Math Performance 

This section presents the results of the application of a simultaneous equation model at student 
level. Table 4 corroborates the overlapping relationship existing in the creation of financial and 
math skills in the Spanish students evaluated by PISA 2012. Financial skills are explained by 
mathematical performance. The sign of the effect is positive and significant at 1%. As for the 
mathematical competencies equation, the relationship with financial skills is also statistically 
significant (up to 5%). The Hausman test value (11,28 in the explanatory equation for financial 
competencies and 25,05 for that of math competencies) indicates that there is an overlap in the 
production of the two types of cognitive skills examined.  

 

Table 4 Model of the simultaneous equations model at student level with only Math (Financial literacy) performance 

aspredictors

     
  Dependent variable 

Independent variable Financial performance Math performance 

Math performance 
0,863 *** 

  
0,041 

   

Financial performance   
1,052 ** 

  
0,047 

 
Observations 350 

 
350 

 
R2 0,68 

 
0,69 

 
Hausman test 11,28 

 
25,05 

 
Hausman test (p-value) 0,001   0,000 

 
 

 

Analysis of the Determinants of Financial Literacy 

After verifying that the financial and math skills of 15-year-old Spanish students are determined 
simultaneously, this section presents the results of the MSEM model. This type of model, as 
previously explained, permits the identification of the proportion of the total variance of the 
outcomes obtained by students which may be attributed to the different estimation levels. In our 
case, level 1 is represented by the student while level 2 is represented by the school. 

The main advantage of the MSEM models is that, as previously noted, they consider the 
hierarchical structure of the data supplied by PISA 2012, while at the same time allowing for 
integration of the simultaneous relationship existing between financial and math skills. The 
appropriateness of applying a multi-level model is justified empirically by the intra-class 
correlation values (ICC) of the null model of financial (0.123) and mathematics (0.238) 
performance (see table 5). Its values highlight the fact that school level explains some 12.3% and 
23.8% of the variance of the outcomes for each of the two cognitive skills respectively, thus 
recommending the implementation of a multi-level regression model24. 

                                            
24 The intra-class correlation (ICC) is the proportion of the total variance explained by the differences between 

schools (level 2). If the ICC were zero, a hierarchical model would not be necessary, since in this case the total 

variance of the scores would not be explained by the differences existing between students attending different  

schools. 
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Table 5 Percentage of variance explained and pseudo-R2 in the multi-level models with simultaneous 

equations

     
  Math competencies Financial competencies 

  
Null 

model 
Complete 

model 
Null 

model 
Complete 

model 

Schools 1672.6 995.2 748.5 337.2 

Students 5357.1 3090.1 5357.1 3156.0 

Total 7029.7 4085.4 6105.6 3493.2 

Intra-class correlation (ICC) 23.8% 24.4% 12.3% 9.7% 

% of total variance explained by the variables 
 

41.9% 
 

42.8% 

% of level 1 variance (students) explained by the variables 
 

42.3% 
 

41.1% 

% of level 2 variance (schools) explained by the variables 
 

40.5% 
 

55.0% 

Pseudo-R2*   39.8%   32.1% 

*Calculation based on the reduction of squared prediction errors (Snijders & Bosker, 1994) 

 

 

Table 6 displays the results of the MSEM model. The dependent variables in the regression are 
the scores attained by the 15-year-old Spanish students in the math and financial assessment tests 
of PISA 201225. The predictors of the two regressions are grouped by levels.  

Based on Hausman (1983), the estimates were obtained through the application of the two-stage 
least squares method (2SLS)26. The final specification of the two equations estimated is the result 
of a parsimonious analysis that began with a broad model which was subsequently reduced, on 
the basis of the non-statistical significance of the variables. The models were estimated by 
imposing fixed effects on the parameters (with the exception of the independent term)27. Before 
estimating the simultaneous equation model, it was verified that the specification of equations 
fulfills the conditions of completeness and identification (order and range) that the resolution of 
this type of model requires, as were previously explained28. It should also be noted that the 

                                            
25 Mathematical skills were excluded from the equation of financial literacy. This decision responds to the belief that 

overlap between mathematical and financial knowledge does not imply causation. In the present authors’ view, there 

are more reasons to assume that the causal direction is from mathematics skills to financial competencies, rather than 

in the opposite direction. On the one hand, the resolution of many of the issues regarding financial assessment 

requires the handling of mathematical tools, while the resolution of the mathematics questions is very technical and 

does not require the handling of financial concepts. On the other hand, as mathematics forms part of the official 

school curriculum of 15-year-old Spanish students, their potential predictors are school, personal aptitudes and 

attitudes of students and family variables. However, financial knowledge is not formally acquired in schools, although 

there is no doubt that general cognitive development in other knowledge areas, particularly in that of mathematics, 

undeniably condition differences in the financial literacy of students. 

26 A recursive estimation was also used to estimate the model, given that the mathematical competencies equation 

only contained predetermined variables and no endogenous regressor. More information about recursive models is 

offered by Gujarati (2004). The results obtained are similar to those presented in the text and are available upon 

request. 

27 The model with randomized effects for the parameters for which these effects were statistically significant was 

also estimated. Results  were very similar and are available upon request. 

28 These requirements are: the number of equations should equal the number of endogenous variables to be 

estimated (in our case, mathematical and financial performance), in each equation the number of excluded regressors 

(K-k) should be greater than or equal to the number of endogenous variables included in the same, minus one (m-1), 

and the second equation should contains at least one exogenous variable that was not included in the first equation. 

This document does not present the results of the verification of these three assumptions however they are available 

upon request. 
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estimates were obtained taking into account the special statistical treatment that must be given to 
the plausible values and the weights obtained in the PSM. The first three columns of Table 6 
show the results for math performance. The last three columns display the values corresponding 
to the financial performance regression. The pseudo-R2 returns values of 0.39 and 0.32 
respectively. 

 

Table 6 Results of the multi-level model with simultaneous equations 

         
  Math competencies (1st stage) Financial competencies. (2nd stage) 

Variables Coefficient 
Standard 

Error 
t-ratio Coefficient 

Standard 
Error 

t-ratio 

Level 1 (students)                 

Gender (female) -20.19 ** 8.34 -2.42 12.68 ** 6.55 1.94 

Father’s occupation (BFMJ2) 0.26 
 

0.17 1.51 
    

Highest occupational status of parents (HISEI) 
    

0.38 ** 0.17 2.18 

Mother’s education (years of study) 1.86 * 1.06 1.76 -2.85 *** 0.87 -3.27 

Over 200 books 16.86 
 

10.53 1.60 -2.51 
 

7.65 -0.33 

Native 4.73 
 

16.56 0.29 -8.55 
 

11.82 -0.72 

Math motivation (INSTMOT) 4.37 
 

3.89 1.12 
    

Self-efficacy in mathematics (MATHEFF) 20.81 *** 5.27 3.95 
    

Repeater -88.32 *** 10.48 -8.43 -7.48 
 

13.24 -0.56 

Math scores         0.88 *** 0.11 8.28 

Level 2 (schools)                 

Constant 517.64 *** 19.92 25.99 508.66 *** 17.09 29.76 

Financial education not available -2.94 
 

9.47 -0.31 -4.57 
 

8.25 -0.55 

Privately run school -5.14 
 

9.92 -0.52 -7.45 
 

6.31 -1.18 

Infrastructure quality (SCMATBUI) 8.79   6.06 1.45         

*Standard errors calculated based on Gujarati (2004) 

 

The most relevant predictors of math scores at level 1 are those of “Repeater” and “Self-efficacy 
in mathematics”. The effect of the former is negative, demonstrating that the policy of repeating 
grades does not lead to improved educational outcomes. This result is similar to that obtained in 
the works of Aley (2010), Morrison and On No (2010), Green & Winters (2007) and Brophy 
(2006). The positive effect of the “Self-efficacy in mathematics” shows that self-esteem in the 
solving of math problems contributes to obtaining higher scores. This result suggests the need to 
incorporate non-cognitive aspects into educational math programs, given the potential influence 
of non-cognitive skills on the improvement of cognitive skills (see García García 2013). The 
positive sign of the “Motivation in mathematics” variable leads to similar conclusions, although 
in this case the parameter is not significant.  

Another result of interest, related to the equation of math scores, is the positive effect of 
household socioeconomic environment and family culture in the improvement of scores in this 
area. These variables were approximated by the professional level of the father (BFMJ2), the 
mother’s educational level and the number of books in the household. The sign of the effect, 
coinciding with that obtained in all previous studies carried out in this area, is positive, although 
only the parameter of the variable corresponding to the years of study of the mother is found to 
be statistically significant. 

It is worth noting the negative sign of the variable gender, indicating worse math skills for girls in 
comparison to boys. 
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Finally, the fact that none of the variables introduced in level 2 are statistically significant 
deserves special attention. School type (PFPrRS) always has a negative sign. This indicates that, 
after discounting all the effects and correcting for the bias threatening the relationship between 
school type and math skills, students attending privately run schools obtain worse scores in 
mathematics than those attending PFRS. The positive effect associated with PFPrRS detected in 
Table 3 disappears once the statistical tools of which the literature currently requires to treat the 
data are applied. The quality of school infrastructure (SCMATBUI) also fails to demonstrate an 
influence on the math skills of students. 

With regard to the results of the regression of financial skills (the last three columns of Table 6), 
the variable showing the greatest influence on this type of skill is the “mathematics” variable, 
which reflects scores obtained in the PISA math test. The parameter value (0.88) indicates that 
for each additional point in mathematics the score for the financial test increases by 0.88 points. 
If it is taken into consideration that the correlation between the two skills is 0.79, it may be 
concluded that the effect is strong (see Cohen 1998)29. Therefore, it may be stated that education 
in financial issues is acquired by individuals through the acquisition of math skills. This supports 
the confirmation of hypothesis 1, described at the beginning of this study.  

Together with this result, Table 6 also leads to the conclusion that household socioeconomic 
level and family culture have a statistically significant effect on the degree of the financial literacy 
of students, similar to results found regarding math performance. Moreover, the effect of the 
family on financial skills is independent of the effect that this variable has on math skills. Clearly, 
the significant effects shown by these variables in the financial literacy regression (which includes 
mathematics as a predictor) show that the family influences the acquisition of financial skills, not 
only via mathematics education, but also in an autonomous way. Additionally, it should be noted 
that this influence is positive for the HISEI variable, although the mother’s years of education 
have a negative sign. These results are in line with the conclusions other studies have reached on 
the influence of parents on their children’s financial knowledge (see Grinstein-Weiss et al. 2012, 
Gudmonson & Danes, 2011, Shim et al. 2010, Webley & Nihus, 2006, or Friedline et al., 2001, 
among others). However, while the mother’s educational level is usually a key positive factor in 
the case of reading, mathematics and science skills (see Baker et al, 2002), its effect on financial 
literacy shows a negative influence in our study. The same result is shown by the number of 
books (the other variable used to pry the cultural capital in the household). However, the effect 
of this last variable is not statistically significant. 

Student gender is also a factor affecting the degree of financial literacy, although unlike the effect 
of this variable on mathematics performance, here girls have better scores than boys. 

With regard to the school level variables, school type displays, as in the regression of math 
competencies, a negative and statistically insignificant effect on financial performance. This offers 
evidence disproving hypothesis 2. As occurred in the analysis of math performance, the 
introduction of rigorous statistical controls to deal with sample selection bias and simultaneity 
bias, as well as the specific treatment of the PISA nested data by means of MSEM cancels out the 
raw differences in scores between PFRS and PFPrRS displayed in Table 3. 

Another result to be highlighted is the negative influence of the “Financial education not 
available in the school for 15-year-old students” variable, which shows that students attending 
schools which do not offer education on financial topics (during the fourth year of secondary 
education) obtain worse scores. Although the effect of this variable is not statistically significant30, 

                                            
29 Observe that the effect is quite significant, statistically speaking (p-value = 0.000). 

30 Nevertheless, it should be noted that the majority of schools in Spain do not offer financial education to 15-year-

old students, so that the variability of the variable “Financial education not available” was very low. 
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this result highlights the need to reflect more deeply on the appropriateness of incorporating 
financial courses into the official education curriculum of secondary education. Our results are 
consistent with other studies that have found a positive influence of diverse economic/financial 
educational programs on the financial skills of participating students (see García Bohórquez, 
2012, Grimes, Rodgers & Smith, 2010, ANZ, 2004, 2005, 2006 and 2013 and Romagnoli & 
Trifilidis, 2013, among others). 

6. CONCLUSIONS 

The analysis performed in the previous sections leads to various conclusions that may contribute 
to enrich the debate about the interventions to improve the population’s economic and financial 
knowledge. These improvements are very important as they would enhance the ability of 
individuals to make economic decisions that may boost their financial well-being. In addition, 
successful interventions in this area may contribute to an increased confidence in the financial 
system, so recently damaged as a result of the crisis, while also strengthening economic growth. 

An initial conclusion of the present study is that the development of financial abilities is mediated 
by mathematical skills, in support of hypothesis 1. This result suggests that an improvement in 
financial skills might be attained by improving the population’s math knowledge, thereby 
questioning whether it is really necessary, as some authors propose, to increase the supply of 
specific economic/financial subjects in the official school curriculum for primary and secondary 
students classes. Adding hours to mathematics classes and modifying the orientation of teaching 
in this area towards a positive student attitude to this subject31 may be a more effective strategy, 
while also being easier and less costly to implement than the introduction of specific financial 
courses. In any case, this conclusion, which is the result of a first research into this topic in Spain, 
should be placed in the context of studies conducted in other countries, where a positive impact 
on financial skills has been achieved by the implementation of school programs on economics. 
As an example, the evaluation of a Spanish pilot program on financial education (applied to 
students attending the third year of secondary education during 2010-2011 by the Central Bank 
of Spain, the National Stock Market and the Spanish Ministry of Education, Culture and Sport) 
has shown a positive impact on students’ technical knowledge (see CNMV and Banco de España, 
2013). The non-significant statistical effect of financial training in the fourth year of secondary 
education students, as found here, may result from not only the lack of effectiveness of the 
education provided in itself, but from the teaching methodology applied. Whatever the case, new 
assessments need to be made in order to gain further knowledge as to how schools may improve 
the financial culture of their students.  

A second conclusion, in accordance with those of other international studies, is the importance 
of the family on the financial literacy of 15-year-old Spanish students. The family, a first-order 
determinant in reading, science and math scores, is a key variable in the development of financial 
skills. Its influence is produced dualistically. On the one hand, the educational level of the mother 
positively conditions adolescents’ math skills. On the other hand, the parents’ professional status 
influences the financial skills of their children. With regard to these financial skills, the 
educational level of the mother, as well as the number of books in the home, shows a negative 
influence, which may indicate a special idiosyncrasy of financial skills as opposed to other 
cognitive dimensions in which parental education tends to have positive effects. 

Another aspect to be noted is that of the negative influence of the repetition variable on 
mathematics scores. This result, also returned in many other studies belonging to the literature on 

                                            
31 It should be remembered that one of the variables displaying a very significant influence on the mathematics 

scores was that referring to self-confidence in this area. 
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the determinants of the academic performance, questions the policy of grade repetition that is 
applied in Spain. Current Spanish educational laws force those students having negative 
performance in three or more subjects to repeat the grade (LOE, 2006). A new education 
regulation, which will take effect in the school year 2014-2015, extends the practice of repetition 
to those students failing simultaneously in reading and mathematics. The resources invested in 
grade repetition appear not to result in an improvement in the grades of students thereby 
affected. Reflection should be made on whether an increase in scholastic support programs for 
disadvantaged students might be more effective than repetition. 

Finally, school management model does not display any effect on either the financial or math 
performance of Spanish students. The differences observed in the comparison of raw data 
supplied by PISA 2012 of the students attending to PFRS and PFPrRS vanish when the analysis 
includes all the statistical controls necessary according to the technical peculiarities of this study. 
Taking into account that the main differences between PFRSs and PFPrRS in Spain lie in the 
degree of autonomy in the resources management (mainly in staff policy recruitment), our results 
suggest that greater management autonomy does not lead to better educational outcomes32. The 
most important differences in scores are between schools themselves, as evidenced by the multi-
level model, but not between the two main educational systems coexisting in Spain (the public 
system versus the publicly financed and privately run system). It is important not to lose sight of 
the considerable effort the present study makes to homogenize samples between students 
attending each type of school through the application of the PSM. This can explain the non-
significant effects found in the regression analysis between some of the variables showing the 
greatest differences between Spanish PFRSs and PFPrRS (this is the case of immigrant versus 
native status). 
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