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Abstract Despite the spread of standardized assessments of student learning, longi-tudinal data are still lacking in Italy. This article raises the following question: can we exploit repeated cross-sectional assessments held at different schooling stages to evaluate how achievement inequalities related to individual ascribed characteristics develop over time? Consistently with a simple learning accumulation model, we propose an imputed regression strategy delivering consistent estimates of the parameters of interest. We then apply the model to Italian achievement data and investigate how inequalities develop between primary and secondary school.

Abstract In questo articolo si affronta il problema di stimare modelli dinamici da dati provenienti da cross-section ripetute, con l’obiettivo di studiare l’evoluzione delle diseguaglianze negli apprendimenti al crescere dell’età.  
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1 Introduction
The recent development of standardized assessments of student learning has provided the basis for a novel research strand on educational inequalities, moving the focus from educational attainment to learning achievement. Given the cross-sectional nature of these surveys, performance differentials across socio-demographic groups are investigated at specific stages of the schooling career. Yet, since learning processes are cumulative, greater knowledge of how these differentials build over the schooling career would help designing effective educational policies to contrast inequalities. Surprisingly, there are only few contributions, and not very convincing, tackling this issue. With this aim, and consistently with a simple learning accumulation model in this paper we address the problem of estimating school achievement dynamic models from repeated cross-sections. We apply it to INVALSI data on 5th (wave 2010) and 6th grades (wave 2011). The study of inequalities at the transition between primary and lower secondary school is of particular interest: at this stage the emphasis on achievement requirements greatly increases, as lower secondary school is considered as the stage where children get prepared for the Italian highly stratified upper secondary education system.
2 The model
Consider two cross-sectional surveys assessing children’ learning at different ages. A stylized model of learning development and observed performance scores, consistent with the idea of a cumulative process where abilities build up over time, is depicted in Figure 1. True ability at time t depends on ability at t-1, but not on prior ability. Test scores (measured ability) are additive functions of true ability and an independent measurement error. True ability is affected by individual variables such as gender and family background (socioeconomic status and immigrant origin). Children from advantaged origin perform better because they usually receive more parental stimulation and support, but also because they may choose better schools. School choices may also be driven by children’s ability. We assume that school characteristics at t=1 do not directly affect ability at t=2, given ability at t=1. 

Figure 1: Estimates of cross-sectional and pseudo-panel data models. Native children born in 1999
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NOTE. Solid boxes represent observable variables, dashed boxes unobservables. Solid arrows represent well-established causal relations. Dashed arrows stand for causal relations which might exist or not.

Our starting point is the following underlying linear autoregressive model:

		                                                            (1)   
where  and  represent performance scores at two moments of the schooling career, and x is a vector of socio-demographic individual variables. School characteristics are not included among the explanatory variables, the reason being that our interest rests on inequalities, i.e. on the total effect of socio-demographic variables, given by direct effects and indirect effects through school features. If children of advantaged backgrounds choose better schools, adding school variables would capture part of the desired effect. Hence, the set of explanatory variables of interest consists of time-invariant socio-demographic characteristics. The error term is uncorrelated over time and individuals, and is independent of x and .   
Parameters may change over time: this implies that (unless strong assumptions are made) we should consider two assessments at a time, and estimate the model for each pair of subsequent assessments. General model (1) reduces to:
 							   (2)
                                                                               (3)
The error terms include a random component with the usual properties and measurement error, independent of true scores.  also captures innate ability.[footnoteRef:2] and  are measures of learning inequality. The parameter of main interest is , representing differentials developing between times t=1 and t=2, on top of those already in place at t=1. If ≠ and  =0 the explanatory variable affects achievement up to t=1, but given achievement at t=1, at t=2 children of different backgrounds reach the same mean performance. On the contrary, if  and  have the same sign, inequalities widen; if they have opposite signs, they weaken or change direction.[footnoteRef:3]  [2:  According to (1), . Going backwards and making repeated substitutions,   can be expressed as a function of innate ability  that, being unobservable, enters the error term. The resulting equation has the structure of (2).]  [3:  Model (3) can also be expressed as an individual growth model. From this derivation it is easy to show that  is not particularly meaningful. If scores at t=1 and t=2 are not vertically equated (i.e. measured on the same scale),  depends on factors allowing to translate scores at t=1 into scores at t=2.] 

3 Imputed regression
The problem we address here is how to estimate (3) in the absence of genuine longitudinal data, where the data derive from independent cross-sectional surveys held at different age or grades, each being a random sample of the same underlying population of children
The conditions for identification and consistent estimation of general linear dynamic panel data models with repeated cross-sections are discussed in Moffitt (1993) and later developed by Verbeek, Vella (2005). The basic idea is that the lagged dependent variable can be replaced by a predicted value from an auxiliary regression using individuals observed in previous cross-sections: the resulting measurement error will generally be uncorrelated with estimated lagged performance and therefore will not lead to inconsistent estimates. Measurement error, however, must be uncorrelated also with all other explanatory variables. Whether these conditions are met depends crucially on the nature of the dynamic model and of the model employed to predict lagged values. Verbeek and Vella (2005) argue that these requirements are unrealistic in many contexts; they show, however, that they hold if there are no time-varying exogenous variables or the time-varying exogenous variables are not auto-correlated. Our context is particularly simple: in first place, because the only source of dynamics in the process is the autoregressive component, while individual fixed effects are not included; secondly, because the explanatory variables of interest are all time-invariant socio-demographic characteristics.
Yet, if the set of independent variables is identical for  and  – a likely occurrence when we focus on performance differentials across ascribed individual characteristics – model (3) is unidentified when substituting  with . Hence, in order to bypass collinearity, we must find an instrumental variable w affecting performance at t=1 but not directly related to later performance and estimate the model with explanatory variables x and w. We then  substitute  with its OLS estimate  derived from cross-section at t=1. Expressed in terms of  the model is:
                                                    (4)
For OLS properties  is uncorrelated with . Thus, estimates of (4) are consistent. However, as we show with a simulation study briefly described in Section 5, resulting standard errors are considerably larger than with genuine longitudinal data.
How to choose variables w necessary for the model identification? First, as mentioned above, they must be valid instruments. Moreover, they must be observed at both cross-sections, since  is introduced in the model for  for given x and w. As a consequence, natural candidates such as school characteristics at t=1 – which could be good instruments, as they are liable to affect current but not future performance – cannot be employed, because school features at t=1 are usually not recorded in the cross-section at t=2. It is therefore difficult to find an appropriate instrument. In our empirical analysis we use the month of birth, as there is evidence that younger children perform more poorly than their older peers, and that later achievement does not depend on age given previous achievement.  
4 Data and results
We use the repeated cross-sectional data of the standardized learning assessment administered by the Italian National Evaluation Institute (INVALSI). We “link” the survey administered in 2010 to 5th graders (end of primary school) to the survey administered in 2011 to 6th graders (lower secondary school), following children born in 1999.  Tests cover the domains of reading and mathematics. Students fill a questionnaire recording personal information, including home possessions, while school boards provide information on parental background. In order to control for cheating, a random sample of classes (30000-40000 students) take the tests under the supervision of personnel external to the school. Due to its better quality, our empirical  analyses are based on this sample.
We consider two indicators of socioeconomic background: the number of books at home (often used in the economics of education literature), and the composite indicator ESCS (Index of Economic-Socio-Cultural Status) provided by INVALSI and derived from data on home possessions, parental education and occupation (approximately distributed as a standardized normal). We also include gender and dummy indicators of area of the country. Results for both reading and math achievement are summarized in Table 1. The first column contains the estimates of the cross-sectional model (2) for y1; the second reports the estimates of a similar cross-sectional model for y2;  the third contains the estimates of dynamic model (4). 

Table 1: Estimates of cross-sectional and pseudo-panel data models. Native children born in 1999
	
	READING
	MATHEMATICS

	Variable
	5-CS
	6-CS
	6-Dyn
	5-CS
	6-CS
	6-Dyn

	Costant
	      65.8***
	      58.7***
	       14.1*
	      61.5***
	     45.3***
	   -21.1***

	Month1 
	      -0.3***
	
	
	     -0.3***
	
	

	Books2
	       2.4***
	        2.1***
	       0.5
	      2.2***
	     2.5***
	       0.1

	ESCS 
	       3.3***
	        3.9***
	       1.6***
	      3.0***
	     3.7***
	       0.4

	Female
	       0.8**
	        2.2***
	       1.7***
	     -3.1***
	    -3.8***
	      -0.3

	N-East
	      -0.5   
	        -0.6
	      -0.3
	     -1.3*
	     1.0
	       2.4***

	Centre
	      -2.6***
	        -1.4***
	       0.5
	     -2.2**
	    -2.9***
	      -0.4

	South
	      -3.6***
	        -2.5***
	       0.1
	     -0.9
	    -5.2***
	      -4.0***

	Islands
	      -6.3***
	        -6.5***
	      -1.9*
	     -4.0***
	    -8.4***
	      -3.7***

	 y1
	
	
	      0.70***
	
	
	      1.12***

	 R2
	0.132
	       0.158
	     0.160
	     0.091
	     0.156
	     0.160

	 N
	26616
	      29637
	     29637
	     27333
	     29636
	     29636


*p_value<0.05;  **p-value<0.01; ***p-value<0.005
NOTES. 1. Jan=1,… Dec=12. 2. 0=0-10 books; 1=11-25; 2=26-100; 3=101-200;4=>200
Cluster robust standard errors (Huber-White estimator). Clusters defined by classes. 

We now turn to the interpretation of the results of pseudo-panel estimates.  coefficients in the dynamic model measure the extent to which achievement growth between t=1 and t=2 differs across x-categories, when comparing two equally performing children at t=1. We observe substantive socioeconomic and gender effects in reading, but not in math. As for reading, children from high socioeconomic background, already advantaged in grade 5, do better in grade 6 than previously equally performing children of lower backgrounds (this is evident from the coefficient of ESCS, while that of books at home is not significant). On the other hand, they do not do any better or worse in mathematics. Similar results hold for gender effects: girls improve relative to boys in reading, while their disadvantage in math does not develop further. The opposite finding holds for area effects: they are small in reading but very large in math. The most noticeable result is that, given 5th grade achievement, 6th graders living in the North largely outperform their Southern peers. On the other hand, children living in the North-East close the math achievement gap with the North-West and perform best given previous scores.


5. Simulation study
[bookmark: _GoBack]We showed above that the imputed regression strategy yields unbiased estimates of the regression coefficients of (3), but standard errors are inflated with respect to the estimation on genuine panel data. In an attempt to assess the practical relevance of the imputed regression strategy in educational achievement surveys, we run a simulation study to explore the behavior of the estimates with changing sample size and predictive power of the instrument w. For each replication, we first generate values of y1 according to model (2), and then generate y2 according to (3). Parameters are set approximately at the estimated values in our empirical analysis. We consider two alternative sample sizes: 5000, the typical size in the international assessments TIMSS-Trends in International Mathematics and Science Studies (Mullis et al., 2012) and 30000 (the typical sample size for INVALSI assessments). The column representing our case-study is grey shadowed. We run 1000 replications, and computed the average value, the standard deviation of regression coefficient estimates across replications, and the mean value of the resulting standard error estimates within each replication. Regression coefficient estimates are on average very similar to true parameters. Standard errors are generally large, in particular for small n and small coefficient of month of birth m. As these parameters increase, the estimates become more precise. Our major conclusion is that in order to obtain reliable estimates large samples and good instruments are needed. 
Table A1. Imputed regression. Varying sample size N and coefficient of the month of birth m
	
	TRUE VALUE
	N=30000
m=-0.1
	N=5000
m =-0.1
	N=30000
m =-0.3
	N=5000
m =-0.3
	N=30000
m =-0.5
	N=5000
m =-0.5

	SES
	2
	1.79
(1.8,1.2)
	1.96
(32.1,4.9)
	1.99
(0.4,0.4)
	1.85
(1.2,0.9)
	1.99
(0.3,0.2)
	1.96
(0.7,0.6)

	Sex
	2
	1.85
(1.3,0.9)
	2.16
(35.1,5.2)
	1.99
(0.4,0.3)
	1.88
(1.1,0.9)
	1.98
(0.3,0.2)
	1.97
(0.7,0.6)

	Area
	2
	-1.90
(0.9,0.6)
	-1.81
(29.7,4.8)
	-2.00
(0.2,0.2)
	-1.93
(0.6,0.5)
	-1.99
(0.2,0.1)
	-1.99
(0.4,0.3)

	y1
	0.7
	0.75
(0.4,0.3)
	0.78
(15.2,2.4)
	0.70
(0.1,0.1)
	0.74
(0.3,0.2)
	0.70
(0.1,0.1)
	0.71
(0.2,01)

	Cost
	20
	17.44
(22.2,14.9)
	15.68
(741.8,119.8)
	19.86
(5.3,4.4)
	18.21
(14.5,11.3)
	19.76
(3.2,2.6)
	19.57
(7.6,6.5)


NOTE. In parenthesis: (st. dev of estimates over replications, mean se. of the estimates).
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