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I. Introduction   
 

1. The Italian production system of statistics is deeply changing, moving towards a register based 

statistics production system. It will be based on an ‘Integrated System of Statistical Registers’ (ISSR) 

composed of base registers and satellite registers. Base registers contain the identifier of a statistical unit 

and some core information (core variables) while satellite registers contain thematic variables. The 

registers will be built by exploiting administrative and survey data. The system is thought to be integrated 

in order to overcome the problems related to the traditional stove-pipe production systems. Moreover, 

given the increasing availability of administrative sources, further advantages are expected in terms of 

reduction of costs and of response burden, and the possibility of having micro data at disaggregated levels 

may enhance the production of detailed statistics. On the other hand, such a system poses a number of 

new statistical questions. Firstly, given the nature of the registers, micro-data is the required statistical 

output. Other problems are typical of administrative sources: delay in the availability of the 

administrative data may affect the benefit related to their use, moreover coverage problems may arise, in 

fact although administrative data generally completely enumerate units of the population they refer to, 

such a population can be a subset of the statistical target population. Finally, issues related to the 

classifications adopted in the administrative data may complicate their usage. We will show later on that 

those issues will characterize our mass-imputation application. 

 

2. One of the main base register is the Base Register of Individuals (BRI). It is a comprehensive 

statistical register storing data gathered from disparate administrative sources about people that were 

observed in the administrative Italian sources. Core variables like place and date of birth, gender, 

citizenship are associated to each unit. Moreover, a variable denoting people usually resident in Italy is 

attached. This subset of data is the basis of the next Italian census that will be as much as possible 

register-based. According to this idea, the attained level of education is a variable for which a prediction 

in the register for resident population is studied given the high amount of available information.  

 

3. The main sources containing administrative information originate from the Ministry of 

Education, Universities and Research (MIUR). MIUR provide information about the attained level of 

education and the attendance to a course (e.g., attending first year of primary education) of students. 

Data refer to students from 2011 onwards. These data refer only to people entering a study program after 

the 2011 Census, for the rest of the people we may resort to the Census information. Unfortunately, not 

all the people classified as resident some years after the Census are included in these two data sources as 

for instance immigrated people entered Italy after the Census and not attending any educational course.     

 

4. In this paper, we focus on the prediction or mass-imputation (we adopt both the terms as 

synonymous) of the attained level of education in the Base Register of Individuals. A mass-imputation 

approach is justified by the need of having micro-data in a register, and the amount of detailed 
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information. Similar studies are available in other NSIs, se for instance Scholtus and Pannekoek (2015). 

In our application, we need to deal with the delay of data – in fact MIUR data are available after a delay 

of 24 months with respect to the reference time – and we have to cope the problem of coverage, and to 

manage the different classifications adopted in the data sources.   

 

5. The paper is structured as follows. Section II illustrates the analysis carried out in order to 

evaluate the quality of administrative data finalized to understand whether and how they can be used for 

the estimation of the attained level of education. Section III discusses some ideas about mass-imputation 

procedures and reports some first preliminary results. Some final remarks are reported in Section IV. 

 

II. Quality analysis of administrative data  
 

A. Main data sources and their characteristics 
 

6. In implementing this experimental exercise, we referred to units in the AN.VI.S 2014 (ANagrafe 

Virtuale Statistica) population stock register – as the eligible population. It amounts to 60,766,297 units 

at the reference date, set on December 31, 2014. The database also includes the main personal 

information - date of birth, sex, citizenship, country/region of birth and residence- used in the present 

study.  

 

7. The first step consisted in assembling the available information on the educational attainment in 

order to assess its coverage capability and quality. In 2012, an ISTAT project started aiming at the 

creation of a database on Education and Qualification, named BIT. It collects, checks and integrates data 

from different sources by the Ministry of Education, University and Research (MIUR), on a yearly basis; 

data concern educational paths of enrolled students from primary schools to upper levels and their own 

attained qualifications, all over Italy. The cumulative flow data allow recording the dynamics of 

scholastic or academic careers for the approximately 2 million students per year: whether an educational 

or training course is currently attended or abandoned, a new one is undertaken or if a new degree is 

achieved.  

 

8. By using BIT at the reference data, set on December 31, 2014 (BIT 2014 hereinafter), we were 

able to gather information on the attained level of education achieved between 2012 and 2014 for 

9,023,270 units in our relevant population. Further steps were taken to add pupils still attending primary 

school 2014, obtaining signals on educational paths for a total of 11,005,183 individuals.  

 

9. Gathering information on people out of studies is beyond the scope of BIT project. For our needs, 

we turn to data from census survey to fill the gap. The 2011 Census (CENS 2011 hereinafter) operations, 

whose reference date was October 31, 2011, surveyed 59,433,744 individuals; data for educational 

attainment was collected for persons aged 9 or older. 

 

10. Both CENS 2011 and BIT 2014 use detailed and reciprocally consistent classifications of 

educational level; data can also be univocally reclassified according to ISCED 2011. In particular, 

mapping operations were carried out such that items in the classifications adopted by CENS 2011 (12 

items and a separate question for those having obtained a doctoral or equivalent level) and BIT 2014 (16 

items) could be homogenously reclassified into the new one (17 items), being possible to univocally 

recode the latter into the ISCED A 2011 classification (see Table 1). 

 

Table 1 Correspondence table between ISTAT 2017 and ISCED A 2011 classifications on attained 

level of education  

ISCED A 2011 BRI, Master Sample 2017 and Permanent Census 2020 classification 

0 – Pre-primary education 

01) Illiterate 
 
02) Literate but no formal educational attainment 

 



 3 

1 – Primary education  03) Final assessment (Primary school) 

2 – Lower secondary 

education 

04) Diploma of lower secondary education 

3 – Upper secondary education  

05) Diploma of upper secondary education (2-3 years) 

06) IFP - Vocational training qualification (three-year courses)/ Professional diploma (fourth year) 

07 Diploma of upper secondary education (4-5 years) 

4 – Post-secondary non-

tertiary education  
08) Certification of higher technical specialization (IFTS) 

5 – Short-cycle tertiary 

education  
09) Diploma of Higher Technical (ITS) 

6 – Bachelor’s or equivalent 

level  

11) University diploma 
 
12) Fine Arts, Drama, Dance and Music First level academic diploma (Bachelor's degree) 

13) Laurea triennale (I level , Bachelor’s degree) 

7 – Master’s or equivalent 

level  

14) Fine Arts, Drama, Dance and Music Second level academic diploma (Master's degree) 

15) Laurea (4-6 years, Master’s degree) 

16) Laurea biennale specialistica (II level, Master’s degree) 

8 – Doctoral or equivalent 

level 
17) Research Doctorate (PhD)/ Advanced research academic diploma 

 

11. Other administrative data sources including information on the level of education were also 

available. However, their integration was not started up due to some issues to be addressed beforehand. 

As a general point, they adopt less detailed and sometimes very limited classifications than those in use in 

the two main sources, making it impossible to precisely identify pertinent item to be chosen. Moreover, 

these classifications may vary over time, even frequently. In some few cases, the overall quality of the 

source is questionable.   

 

B. First results from the integration of data sources 
 

12. The first phase thus consisted in integrating at a micro level data on educational attainment from 

the two main sources, in order to assess the coverage rate relative to the target. Furthermore, for records 

who are present in both CENS 2011 and BIT 2014, the co-present information proves to be valuable for 

cross- validation and a first attempt of quality evaluation. Table 2 classifies reference population in main 

subgroups classified by presence or absence of information on educational attainment. 

 
Table 2 Reference population by presence in CENSUS 2011 and/or BIT 2014 

 
Freq. % values 

Present in BIT 2014 and CENS 2011 10,714,695 17.6 

Present in CENS 2011 only 46,165,089 76.0 

Present in BIT 2014 only 290,488 0.5 

Records without information 3,596,025 5.9 

Total AN.VI.S 2014 Population 60,766,297 100 

 
13. Data from BIT 2014 covers 18.1% of the 2014 target population, largely overlapping (17.6%) 

with information already present in CENS 2011 data. The latter provides the most consistent part up to 

76%. The total coverage rate amounts to 94.1%.In order to verify the consistency of data from the two 

different sources validity a cross-validation at a micro level proves to be useful. Table 3 reports 

aggregated results from this comparison.  

 

Table 3 Data consistency on attained level of education in CENS 2011 and BIT 2014 

 
Freq. % values 

BIT 2014 > CENS 2011 5,227,581 48.8 

BIT 2014 = CENS 2011 5,342,182 49.9 

BIT 2014 < CENS 2011 144,932 1.3 

Total AN.VI.S 2014 Population 10,714,695 100 



 4 

 

14. Out of about 10.7 millions of individuals co-present in the two datasets, 5.2 millions (48.8%) 

gained a higher degree than observed in CENS 2011. Almost an half shows the same level of education in 

both sources. The remaining 1.3% - almost 145 thousands population units - reports inconsistent data, 

being the most recent level lower than the one assigned in CENS 2011. Some inconsistencies are also 

present in the first group, being the difference between the two educational levels not compatible with the 

three-years interval over the respective reference dates. All in all, the total inconsistency rate may be 

estimated at around 3%.  

 

15. The causes of such inconsistencies are not easily identifiable. They might be incurred by 

response errors or item non-response imputation process involved by Census operations. Or they might 

be due to registration errors or failure to update the administrative data provided by MIUR. In any case, 

their generation process deserves further investigations.  

 

16. In order to reconcile the double information, where data was consistent we opted for the highest 

level. As for observations reporting inconsistencies, through a deterministic rule we assigned the level of 

education closer to the modal item for units of the same age. Different assignment rules slightly modify 

the resulting distribution; the latter proving to be robust to reconciliation process, due to the low 

incidence of inconsistent data over the total.  

 

17. Table 4 shows the distribution of the level of education for observations having an information 

from one or both data sources, disregarding missing values at the moment. In order to compare the 

reconciled output with data drawn from Labour Force Survey, only units aged 15 years and over are 

included.   
 
Table 4 Comparison among distributions of attained level of education: reconciled CENS 2011/BIT 

2014 vs LFS 2014 and CENS 2011 vs LFS IV quarter 2011 

 

BIT 2014 

& CENS 

2011 

LFS  

2014 

 
CENS 

2011 

LFS 

IV 2011 

0-1: Pre-primary and Primary education 20.8 20.0  23.0 22.4 

2: Lower secondary education 32.0 31.7  31.4 31.6 

3-4: Upper secondary and Post-secondary non-tertiary 

education 
33.9 35.6 

 
33.2 34.6 

5-8: Short-cycle tertiary education up to Doctoral or equivalent 

level 
13.3 12.7 

 
12.3 11.4 

Total Population aged 15+ 100 100  100 100 

 

18. The two relative distributions mostly differ for the upper and post-secondary education level, for 

which reconciled data estimate a 33.9% incidence, 1.7 percentage points lower than in LFS (35.6%). All 

other categories report positive differences with magnitude ranging from 0.3 to 0.8 percentage points. 

This comparison shows the very same characteristics than the one run on CENS 2011 and LFS 2011 IV 

quarter, reported in the last two columns. It should not be surprising, once noted that the reconciled 

distribution is largely based on CENS 2011 data.  
 

C. Critical issues  

 
19. We already noticed that incidence of missing values is as high as 5.9%, almost 3.6 million people 

in absolute values. In Table 5 the presence or absence of data on the level of the education is detailed by 

age groups.   
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Table 5 Presence or absence of information on attained level of education by age groups 

  Age   

  mv 0-6 7-19 20-29 30+ Total 

 
Freq. (in thousands) 

Data on educational 

attainment in CENS 2011 

and/or BIT 2014 

4 2,028 7,382 6,004 41,753 57,170 

No data available 24 1,740 64 342 1,425 3,596 

Total 27 3,768 7,447 6,346 43,178 60,766 

 
Row percentage 

Data on educational 

attainment in CENS 2011 

and/or BIT 2014 

0.0 3.5 12.9 10.5 73.0 100 

No data available 0.7 48.4 1.8 9.5 39.6 100 

Total 0.0 6.2 12.3 10.4 71.1 100 

 

20. In fact, almost one half of observations without information (1,7 millions) are between 0 and 6 

years old: they were not surveyed or asked for education in the Census operations and have to start 

attending primary school. They constitute a minor problem as a subpopulation, as it is reasonable to 

expect that their schooling will be correctly recorded, as soon as it begins.  

 

21. A subset of units aged 7-19 should be registered by BIT, being in studying age. Even if not 

surveyed by Census, the lack of any data on their educational path should be addressed as a potential 

signal of partial under-coverage error inherited from BIT. However, observations affected appears to be 

negligible amounting to 64 thousands people.  

 

22. Finally, 1.4 millions people being 30 years old or older constitutes the most large subgroup 

among observations lacking schooling data. They might have been under-covered by Census or have 

transferred in Italy after hand. Other administrative sources could help to fill the lacking information. 

Further analysis aiming at characterizing “critical” subpopulations will be presented in Chapter III. 

 

23. As seen data from BIT may suffer for under-coverage. It mainly affects some particular 

qualifications, like Fine Arts, Drama, Dance and Music academic diplomas which are lowly diffused. 

More relevantly, training and vocational careers might be not covered: it happens when these courses 

were organized and managed by regions, which in turn omit to provide data to MIUR. However, the latter 

appears to be a solvable problem in the near future, as MIUR is working on acquiring these information 

and providing a standardized classification which would fit the different regional systems. 

 

24. The main critical issue bearing on BIT has to do with timeliness. The lag between the moment in 

which BIT data are made available and BRI reference time, whose output is in turn relevant for 

successive statistical processes and other registers, makes it necessary to implement procedures for the 

prediction of the variable. As shown afterwards, the attained level of education at time t should be 

predicted by having available two-year lagged data; information of attendance of educational courses has 

instead a lower delay, being relative to t-12. 

  

25. As for Census data, we already cited they were also affected by under-coverage. During post-

Census operations, the collaboration with municipalities (namely SIREA operation) allowed to identify 

1,403,991 individuals who could not be found in CENS 2011: they were “detected” for the purpose of 

counting resident population but they didn’t answered the questionnaire. 

 

26. The dynamics of the population is also a relevant concern. For all new entrants only 

administrative data can provide information. Regardless of BIT under-coverage, it is worth recalling that 

only those enrolled in an educational course can be traced by BIT. For all population units for whom 

schooling or training is over, it has to be experimented the further integration of other administrative 

sources  in order to minimize the number of units whose level of education has to be imputed. 
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III. Mass imputation of the attained level of education   
 

A. The imputation procedure 
 

27. We discuss an experimental procedure to approach the prediction of the attained level of 

education at the reference year t of the resident population in BRI. At time t, the BRI contains the 

following information: 

• The resident population at 31/12/t 

• Gender - (G) 

• Date of birth - (D) 

• Place of birth - (P) 

• Country of citizenship at 31/12/t - (Ct) 

From the MIUR administrative data, we have the 

• attained level of education at 31/12/t-24 months  - (It-24) 

• attendance of educational courses in the time period [t-12, t], - (Ft) 

Furthermore, we have the attendance of previous time periods: [t-24, t-12], and so on. 

28. In addition to administrative data, we may resort to information on the attained level of education 

gathered with a sample survey (with reference time t); we denote this variable with It
S. 

 

29. Let It  be the target variable, i.e. the attained level of education at time t that we would like to 

impute.  We denote with A the subset of data for which information from MIUR is available, with B the 

units for which only information from Census is available, and finally with C the subset of data that are 

observed neither in the Census nor in MIUR. In the application we suppose to publish figures after 18 

months, hence we suppose starting imputation procedure at time t+12, to exploit as much as possible the 

available information. Based on these ideas, Table 6 depicts the data/information scenario that we need to 

take into account when making predictions related to time t. We remark that the grey cells in the table 

represent missing data, and the relative frequencies of groups with respect to the total population is 

reported in the last column. 

 

Table 6 Informative context for mass-imputation of the attained level of education at time t 

XBRI Xmiur Sample Prediction Group 

G D P Ct I(t-12) F(t) It
S It   

        A 

18%         

        B  

76%         

        C 

6%         

 

30. In this first application, we assume that there is no under-coverage of MIUR data, and thus for 

Group B (76% of population) the attained level of education is the one observed in the Census. Hence, 

we have to predict data in Group A and C. In the following, we illustrate some preliminary analysis and 

experiments applied on a subset of data referring to the Italian Province ‘Varese’. 

 

B. Imputation of data in Group A: units with administrative data.  
 

31. In this group, the aim essentially is to predict the attainment of educational level given that it is 

known which is the course attended during the year [t-12, t]. In a first step, we exclude from the 

prediction the units that cannot attain a new level of education in one year, e.g., children attending the 

first four years of the primary school, and so on. The imputation is made on the remaining data (3% of 

the population). We compared three methods, two making predictions by using a sample, and the other 

making predictions by using only administrative data. In order to assess the performances of the methods, 

from the whole set of data, we selected only the years within the time window 2012-2015. Hence, we put 

ourselves in the simulated framework where the target variable to predict is the attained level of 
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education at time 2015 by having information since 2012. In such a way, we may evaluate the predictions 

and the related statistics by comparing them with the true target values observed for the whole set of data.  

 

Using only administrative data: model I.ADM 

 

32. The imputation method consists in the estimation of a model applied to data referring to 2012-

2014 in order to predict the attained level of education at time 2014. Then, the estimated model is applied 

to the 2013-2015 data to predict the attained level of estimate at 2015.  

 

33. The conditional probabilities h(It |XMIUR, XBRI) are estimated by means of log-linear models as 

follows. First a log-linear model is applied to the contingency table obtained by cross-classifying the 

variables  (It , XMIUR, XBRI) to estimate their expected counts N(It , XMIUR, XBRI) from which we can 

compute the counts N(XMIUR, XBRI). The estimated conditional probability distribution ĥ(It | XMIUR, XBRI) is 

easily obtained by computing  N(It , XMIUR, XBRI)/N(XMIUR, XBRI). The imputation is the result of a random 

draw from the conditional distribution ĥ (It | XMIUR, XBRI).  This approach includes as a special case the 

random hot-deck when it is assumed a saturated log-linear model, but it has the advantage that it allows 

the possibility of using a more parsimonious model that is important when the number of cells tends to 

rapidly increase. The log-linear model used in the experiment is  

[C14] [cl_age14] [F12,F13] [F13,F14] [F14,I14]                                  (1) 

where we use the classic notation of hierarchical log-linear models reporting only the higher order 

interaction terms, and cl_age is the age expressed in classes. 

 

Using administrative and survey data: model I.SYNTH 

 

34. The first imputation method that takes into account the survey data consists in estimating the h(It 

| XMIUR, XBRI)  on the subset of data where the sample is available. In this experiment, we draw a 5% 

random sample from the 2013-2015 data, then on this subset the estimate ĥ (It | XMIUR, XBRI)  is computed 

by means of log-linear models as previously described, then the prediction on the complementary subset 

of data is made by a random draw from the estimated probability distribution ĥ(It | XMIUR, XBRI). We 

named this model I.SYNTH. The log-linear model used in the experiment is  

[C15] [cl_age15] [F13,F14] [F14,F15] [F15,I15]                                  (2) 

 

Using administrative and survey data: model I.SPREE 

 

35. The second imputation methods that takes into account survey data is based on the Structure-

Preserving Estimation (SPREE) modelling approach (Purcell and Kish, 1980). In this framework, a log-

linear model is estimated on 2012-2014 administrative data, then the marginal parameters concerning the 

educational level at time 2015 are estimated by using a 5% random sample from the 2013-2015 data.  The 

idea is to preserve as much as possible the association structure observed in the admin data (2012-2014 in 

this example) and to align the marginal distributions to the ones more recently observed. In this example, 

we assume that we are able to reliably estimate the distribution of the attained level of education at time 

2015. The model (1) is used for the part concerning admin data, and a log-linear model on the sample 

survey with an offset to take into account the association structure estimation obtained in the previous 

step (Qiao 2005).  

 

36. The relative frequency distribution of the attained level of education by age in classes (cl_age) is 

computed according to the three previous imputation methods. It is compared with the one computed on 

the units observed in 2015. The categories of the variable adopted for the comparison are: (None, Primary 

Education, Lower secondary Education, Upper secondary education; Bachelor or equivalent level; Master 

or equivalent level; Doctoral). 

 

37. A synthetic measure for assessing their performance is obtained by computing the squared 

difference between the estimated and the observed relative frequency of each single cell, and by 
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averaging those differences over the cells. In order to take into account of the sampling and prediction 

variability in the evaluation, the process is repeated 100 times. The results are averaged over the 

iterations (AV.MSE), the results are reported in the following table: 
 

Table 7 AV.MSE for the three imputation methods ADM, I.SYNTH, I.SPREE 

 
ADM I.SYNTH I.SPREE 

AV.MSE 0.00036 0.00085 
 

0.00041 

 

38. In general, we notice that the value of such a measure is low, encouraging to continue the studies 

on mass-imputation in this subset of data. We further observe that the model using only admin data 

(ADM) seems to be preferable, although very close to the I.SPREE method. While the I.SYNTH method 

seems to be the one with the worst behaviour. This could be explained by the fact that the conditional 

distribution h(It |Xbit, Xrbi) is stable in a one year step, hence the model estimated on the administrative 

data takes advantage of the high number of units in such a set of data without paying too much in terms 

of bias.  

 

39. We remark that these are just preliminary results that give some first indications on the problem. 

Further experiments are needed in view of more refined treatments of data onto which model can be 

applied, for instance there is at this stage under-coverage of data on Doctorates that should not be present 

in future release of data. Further analysis should involve sample mechanisms that are closer to the one 

that will be used in practice and different models. 

 

C. Imputation of data in Group C. 

 
40. As seen in Chapter II, individuals without any information on educational attainment amount to 

5.9% of the population. Out of them, about half are below the age of 6 years for which the qualification is 

not due. On the remaining 1.8 million individuals with more than 6 years, in-depth analysis are carried 

out to try to characterize them and to identify possible stratifications for which the hypothesis of missing 

at random (MAR) is plausible. 

 

41. A first distinction is related to the reasons why those units present missing values on the attained 

level of education. The following two groups can be identified: 

• 1.1 million individuals resident on the Italian territory but not detected by the Census (C1); 

• 0.7 million individuals entered Italy after 2011 and who have not attended any training courses in 

Italy from 2011 onwards (C2). 

42. These are two populations with distinct socio-demographic characteristics: C1 subpopulation is 

composed by medium age individuals, mainly born in Italy and with average level of income, C2 

subpopulation is composed by young and foreign people with a lower income. In fact, as tables 8-10 

show, C1 subpopulation is “older” then C2 since about 71% of individuals show age of 30 and more; 

cumulative percentages also show that nearly 45% of C2 population has less than 30 year as compared to 

the 29% in the C1 population. On the other hand, C1 population has a great share of individuals that were 

born in Italy (64%) as against the 10% of C2 people. Furthermore, 91% of C2 show a household income 

between 20 and 50 thousands euros, as against the 78% of C1 population.  

 

Table 8 Distribution by age groups in the two subpopulations C1 and C2 

AGE C1 (% values) C2  (% values) C1 (cumulative %) C2 (cumulative %) 

0-6 5.0 3.8 
 

5.0 3.8 

7-9 3.1 2.9 
 

8.1 6.7 

10-11 1.8 1.8 
 

9.9 8.5 

12-14 2.5 2.7 
 

12.4 11.2 

15-19 3.7 5.9 
 

16.2 17.1 

20-24 4.7 11.0 
 

20.9 28.1 

25-29 8.0 16.7 
 

28.9 44.8 

30+ 71.1 55.2 
 

100 100 

Total 100 100 
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Table 9 Distribution by country of birth in the two subpopulations C1 and C2  

COUNTRY of BIRTH C1 (% values) C2 (% values) 

IT 64.9 9.9 

UE 11.9 26.4 

European Countries not in 

UE 
6.0 12.7 

AFRICA 7.5 21.0 

AMERICA 4.0 8.2 

ASIA 5.8 21.8 

Total 100 100 

 

Table 10 Distribution by equivalized household gross income in the two subpopulations C1 and C2 

 

C1  

(% values) 

C2  

(% values) 

C1 

(cumulat. %) 

C2  

(cumulate. %) 

Household income lower than 1,000 € 21.0 21.6 21.0 21.6 

Household income between 1,000 € and 19,999 € 57.4 69.6 78.3 91.2 

Household income between 20,000 € and 49,999 € 17.9 7.3 96.3 98.5 

Household income greater or equal 50,000 € 3.7 1.5 100 100 

Total 100 100 
  

 

43. The imputation strategy keeps separated the two subpopulations and, for each of them, identifies 

subgroups of observed individuals considered similar regarding socio-demographic characteristics.  

 

44. As the first subpopulation (C1) consists of individuals usually resident in Italy at October 2011, it 

can be paired with individuals interviewed in the 2011 Census who did not enroll in training courses after 

2011 (we denote with D1 this subgroup of censed individuals). 

 

45. The second subpopulation (C2) consists of immigrated people entered Italy after 2011, so we 

assume it can be paired with the subgroup of individuals interviewed in the 2011 Census, entered Italy 

between 2006 and 2011, who did not enroll in training courses after 2011. This subgroup (denoted D2) is 

a specific subset of D1 and represent the new generation of immigrants, present in Italy for less than 5 

years. The hypothesis underlying our operational choices is that characteristic of immigration 

phenomenon does not changes between 2011 and 2015, preserving the distribution of educational 

attainment. Since we do not have enough element to validate this hypothesis and due to the limited 

number of available information, subgroup C2 is particularly critical and the use of additional data, like 

for instance a sample survey, is particularly important.  

 

46. Table 11 shows that population D2 is characterized by a lower level of education for individuals 

with less than 40 years, while this is not the case for older people. 

 

Table 11 Distribution of the level of education in the two subpopulations D1 and D2 

 
6-10 11-13 14-19 20-29 30-39 40+ 

 
D1 D2 D1 D2 D1 D2 D1 D2 D1 D2 D1 D2 

0 –Pre-primary education 91,2 89,9 7,9 14,9 1,1 4,8 0,9 5,3 1,1 6,0 5,9 9,2 

1 –Primary education 8,8 10,1 83,1 74,1 4,2 10,4 2,0 5,9 2,9 6,4 26,1 12,2 

2 –Lower secondary education 
 

 

9,0 11,0 72,0 66,0 29,9 39,2 31,0 33,6 30,3 30,4 

3 –Upper secondary education 
 

   

22,7 18,7 53,4 37,0 44,2 34,6 27,4 33,8 

4 –Post-secondary non-tertiary education 
 

   
        

5 –Short-cycle tertiary education 
 

   
        

6 –Bachelor’s or equivalent level 
 

   

0,0 0,1 6,1 4,6 3,9 4,7 1,3 2,9 

7 –Master’s or equivalent level 
 

   

0,0 0,1 7,5 7,9 16,1 13,6 8,7 10,8 

8 –Doctoral or equivalent level 
 

     

0,2 0,2 0,8 1,1 0,2 0,7 

Total(.000) 47 7 26 4 490 35 4.407 265 7.862 259 31.282 292 

 

47. A specific trait of C2 subgroup (regarding about 64% of the individuals) is the high mobility on 

the territory. This gives us the opportunity to use a specific auxiliary source (APR4), which gathers 

information on registration and cancellation of personal data by transfer of residence. In the 
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administrative form, the individual registering a change in his residential status is also asked to give 

information on the attained level of education. The variable “Level of education” gathered from APR4 

form has an aggregate level of classification with respect to the desirable classification. In fact, it contains 

only 4 categories:  

• 1 - Up to the elementary license corresponding to ISCED 0, 1;  

• 2 - Lower secondary education corresponding to  ISCED 2;  

• 3 - Secondary and short cycle tertiary education  corresponding to ISCED 3, 4, 5;  

• 4 - Tertiary and post tertiary education - ISCED 6, 7, 8. 

Nevertheless, it represents an important covariate for the prediction model, increasing estimates degree of 

reliability. Partitions and dimensions of populations C and D, with respect to the presence of individuals 

in the auxiliary source APR4, are summarized in Table 12. 

 

Table 12 Partitions and dimensions of population in groups C and D  

Groups C (It to impute)  Groups with observed It (from 2011 Census) 

C1: 1.1 million people 

- Usually resident in 

Italy at October 2011 

- Not enrolled in 

training courses after 

2011 

- Not interviewed at the 

2011 census 

Aggregated level of 

education available 

from APR4  

(23%) 

 
D1: 44.1 million people 

- Usually resident in Italy 

at October 2011 

- Not enrolled in training 

courses after 2011 

- Interviewed at the 2011 

census 

Aggregated level 

of education 

available from 

APR4 

(5%) 

Aggregated level of 

education Not 

available (77%) 

Aggregated level 

of education Not 

available (95%) 

  

C2: 0.7 million people 

- Entered in Italy after 

2011 Census 

- Not enrolled in 

training courses after 

2011 

Aggregated level of 

education available 

from APR4 

(64%) 

D2: 0.9 million people 

- Usually resident in Italy 

at October 2011 

- Entered in Italy between 

2006 and 2011 

- Not enrolled in training 

courses after 2011 

- Interviewed at the 2011 

census 

Aggregated level 

of education 

available from 

APR4 

(17%) 

Aggregated level of 

education Not 

available 

(36%) 

Aggregated level 

of education Not 

available 

(83%) 

 

48. It is worth noticing that the nature of APR4 data is different both qualitatively and in substance, 

since it is self-declared information and never submitted to the standard editing/quality control 

procedures. However, a preliminary consistency analysis of information for individuals presenting data 

on attained level of education both in Census and APR4 (2,988,317 observations) show that APR4 

presents a high degree of consistency on the level of education 1 - Up to elementary license (84.6%) and 

decidedly lower for the other levels, with slightly higher percentages (65.7%) in 4 - Tertiary and Post 

Tertiary Education (see Table 13).  

 

Table 13 Attained level of education in CENS 2011 and APR4 

    APR4  

  

  

1 - Up to 

Primary 

education  

2 - Lower 

secondary 

education 

3 - Secondary 

and short cycle 

tertiary 

education   

4 - Tertiary and 

post tertiary 

education   

Total 

C
E

N
S

 2
0
1

1
 1 - Up to Primary education  84.6 10.8 3.7 0.9 100 

2 - Lower secondary education  28.5 54.9 14.3 2.2 100 

3 - Secondary and short cycle tertiary education   18.7 15.7 57.5 8.1 100 

4 - Tertiary and post tertiary education 15.7 4.4 12.4 67.5 100 

 

49. To improve the quality of estimates, an important step is the selection of auxiliary variables that 

should preferably be highly associated with the educational attainment. To determine the degree of 
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association between the educational attainment and available variables we use the Cramer’s V measure, 

calculated on the two subpopulations D1 and D2.  

 

50. The results in Table 14 show that the educational attainment from APR4 has always the largest 

association with the educational attainment of interest. As in Daalmans (2017), other highly associated 

variables are age, income and employment status. As regards income, we have two type of available 

information: Income from work and Household income, both result in high association with the 

educational attainment, particularly for subpopulation D1 where Income from work has the largest 

association after Educational attainment from APR4. Concerning employment status, the available 

variable (Work intensity) is defined in terms of amount of work carried out over the year, taking values 

from 0 (no work during the year) to 1 (work during all year). This variable is highly associated with 

Educational attainment especially for subpopulation D1. It is important to note that citizenship assumes a 

high association only in the subpopulation D2, concerning people entered Italy between 2006 and 2011. 

 

Table 14 Cramer’s V for the two subpopulations D1 and D2 

Subpopulation D1   Subpopulation D2 

Variable Cramer’s V 
 

Variable Cramer’s V 

Educational attainment from APR4  0.5208   Educational attainment from APR4  0.2924 

Income from work 0.3076 
 

Age 0.1653 

Age 0.2964 
 

Citizenship 0.1600 

Work intensity 0.2632 
 

Household income 0.1564 

Household income 0.2044 
 

Income from work 0.1562 

Marital status 0.1617 
 

Work intensity 0.1067 

Type of family 0.1192 
 

Sex 0.0883 

Sex 0.1181 
 

Area of residence  0.0675 

Citizenship 0.0600 
 

Type of family 0.0538 

Area of residence 0.0516   Marital status 0.0528 

 

51. Once homogeneous strata and the auxiliary variables are selected, several imputation procedures 

may be used. The first one we intend to analyze is the classic cold-deck procedure. In this approach, 

observed units in the sets D1 and D2 are considered as donors. It is our intention to use imputation 

methods based on log-linear models as previously described. Nevertheless, whatever complex/not 

complex methods will be used, all imputations based only on those data will rely on the strong not 

testable hypotheses so far discussed. Hence, it will be important to use imputation methods based on 

observed (past) data and actual data. For this reason, we will study methods that take into account also 

sample survey data, as for instance the imputation based method I.SPREE so far described.  

 

IV. Final remarks  
 

52. The paper describes the on-going studies that Istat is performing for the prediction of the attained 

educational level in the Register of Individuals. First findings say that administrative data are consistent 

with census data, which means that when they are available they have a good level of quality. On the 

other hand, they miss some specific sub-population, mainly referring to educational courses managed by 

Italian Regions. These units are present in our resident population, and given that they are with a high 

probability observed in the 2011 Census, a lower level of education is potentially associated. An 

additional sub-group of population for which we have lack of information is the one entered Italy after 

the Census and not enrolled in any educational course. For these units, the use of information gathered 

from a sample is necessary to remove the bias and to fill the gap of missing units. 

 

53. The second part of the paper describes some first applications of imputation methods. We 

analysed a method using only administrative data, and two methods using administrative and survey data. 

Given that, at the moment, a sample survey is not available, the experiments are carried out by using only 

administrative data. In order to mime a situation where a sample is available, a simple random sample is 

drawn from the administrative data itself. 
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54. The imputation procedures for the prediction of admin data give encouraging results on the group 

where the attendance of a course is available. In such a case, the administrative information is powerful. 

 

55.  For the critical sub-group for which only structural information as age, gender, and citizenship is 

available, we analysed how to resort to any additional information. Though less precise and with a higher 

level of aggregation than the one officially required, we found that the level of education self-declared in 

another administrative source named APR4, which gathers information on registration and cancellation of 

personal data by transfer of residence, seems to be important. It is in fact the variable with the highest 

degree of association with the target variable. Additional analyses were performed to find similar groups 

in the observed data with respect to the groups characterizing critical missing data. Similar groups in the 

observed data may possibly be used to improve the prediction model.  

 

56. The imputation models are based on log-linear models, which have the advantage over the 

traditional hot-deck procedures to be more parsimonious. This flexibility is an important issue since as 

noted in De Waal (2016) “mass imputation relies on the ability to capture all relevant variables and 

relevant relations between them in the imputation model, and to estimate the model parameters 

sufficiently accurately”.  

 

57. Next studies will be focused on the use of a sample; in particular, we are planning to integrate the 

Labour Force Survey (LFS) with administrative data. In such a context, LFS plays the role of the sample 

that is planned for the Census. With this data at hand, we have planned to study whether a correction on 

data can be pursued in order to take into account the Regional Educational courses that - as already 

mentioned – are not covered by administrative data. Finally, information on labour and income will be 

integrated with the twofold purpose of improving the imputation model and of increasing the coherence 

with the thematic Register on Labour that is programmed to be produced for the Italian Integrated System 

of Statistical Registers.  
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