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Improving small area estimates of households’
share of food consumption expenditure in Italy
by means of Twitter data

Migliorare la precisione delle stime per piccola area della
quota di spesa dei generi alimentari tramite i dati del
social network Twitter

Marchetti S., Pratesi M., Giusti C.

Abstract In this work we use emotional data coming from Twitter as auxiliary vari-
able in a small area model to estimate Italian households’ share of food consumption
expenditure (the proportion of food consumption expenditure on the total consump-
tion expenditure) at the provincial level. We show that the use of Twitter data has
a potential in predicting our target variable, reducing the estimated mean squared
error with respect to what obtained by the same working model without the Twitter
data.

Abstract In questo lavoro si mostra come ['uso di dati ricavati da Twitter possa
migliorare in termini di efficienza le stime per piccole aree della quota di spesa per
generi alimentari a livello provinciale in Italia.

Key words: Big Data, Area level model, Emotional data

1 Introduction

Recently, an increasing number of researchers have investigated the value of us-
ing big data (huge amounts of digital information about human activities) in socio-
economic studies, see for example Eagle et al (2010); Blumenstock et al (2015);
Decuyper et al (2014). Marchetti et al (2015) suggested three approaches to use big
data in sinergy with small area estimation methods. Another approach to use big
data in small area estimation was suggested by Porter et al (2014).

In this paper we focus on the use of data coming from the social network Twitter
to investigate their potential in predicting the share of food consumption expenditure
of Italian households at the province level. The paper has the following structure: the
description of the data used in the analysis is in section 2; the small area estimation
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model is presented in section 3; the results of the application are detailed in section
4. Finally, we draw some concluding remarks in section 5.

2 Data used in the application

The primary source of data on households’ expenditure in Italy is the Household
Budget Survey (HBS) carried out annually by ISTAT. In 2012 the sample of the
HBS was composed by approximately 28000 households. Data were collected on
the basis of a two-stage sample design where the first stage were the municipalities
and the second stage were the households. The regions (NUTS 2 level according to
Eurostat) are the finest geographical level for which direct estimates of the target
indicators are reliable. However, the knowledge of measures able to assess house-
holds’ living conditions and well-being at a more detailed geographical level is often
crucial, since this knowledge can for example enable policy makers in planning lo-
cal polices aiming at reducing poverty and social exclusion (Giusti et al, 2016).

The households’ consumption expenditure can be classified into food (and bev-
erages) and non food expenditure. The share of total expenditure that an household
dedicate to food items is an important indicator of the household living conditions:
at risk of poverty households usually spend an higher share of their total expenditure
on food with respect to the other households, with a lower impact of the share of
expenditure dedicated to other resources and commodities.

To estimate the target at the province level we resort to model-based area-level
small area methods, since direct estimates are unreliable. As possible sources of
auxiliary variables — needed in model-based estimation — we use data coming from
the Population and Housing Census 2011 and from the Survey' on Social Actions
and Services on Single and Associates Municipalities 2012.

From the Population Census we collected information at provincial level such
as the number of households, the average households’ size, the tenure status, the
female-headed households quota. As the target variable of our analysis can be con-
sidered as a proxy of the households’ living conditions, we also considered as valu-
able source of auxiliary information the expenditure that Italian municipalities made
in 2012 for interventions of social protection. These interventions includes the costs
information on local welfare policies, such as services, benefits and transfers di-
rected to households with children, old-age persons, poor and social excluded per-
sons, immigrants.

Besides these sources of official statistics, we also considered as a potential
source of auxiliary information big data from Twitter. In particular, we considered
here as potential covariate for our small area working models the iHappy indicator
referring to the year 2012. The iHappy indicator is made available every year since
2012 for all the 110 Italian provinces on the Opinion Analytics platform Voices
from the Blogs. The iHappy indicator referring to the year 2012 was computed by

! This survey is a census survey, although some nonresponses can occur. Here we ignore the non-
responses and we use these data as census data.
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collecting and coding more than 43 millions of tweets posted on a daily basis in all
the Italian provinces. The words and emoticons of the tweets were classified using
a training set in two categories: “happy” and “unhappy”, together with a residual
class “other”. Then, Curini et al (2015) derived the frequency distribution of the
happy and unhappy tweets in the entire population. The iHappy indicator was then
computed for each Italian province as the percentage ratio of the number of happy
tweets to the sum of happy and unhappy tweets. The overall average of the iHappy
indicator in 2012 was equal to 44.5%, with a minimum value of 35.1% for Oristano
and a maximum value of 56.6% for Sassari, both provinces of the Sardinia region.
Indeed, the spatial variability of the iHappy values was rather high, as it is evident
from the “emotional map” of Figure 1 (right).

3 Short review of the Fay-Herriot model for small area
estimation

Data obtained from surveys are often used to estimate characteristics for subsets
of the survey population. If the sample from a subset is small, then a traditional
design-based survey estimator can have unacceptably large variance. These subsets
has been defined as small areas (Rao and Molina, 2015).

In this study the available data allow us to rely only on area-level models (relate
small area direct estimates to area-specific auxiliary variables). In addition, we do
not have time-series data and the spatial correlation of the target direct estimates
is low. So our choice falls on the Fay and Herriot (1979) estimator (FH). In what
follows a summary description of the method is given.

Let m be the number of small areas and 6; be the target parameter of the area
i (mean or proportion). A survey provides a direct estimator é,-d” of 6;, E[é,-””’ =
6; under the sampling design. A p-vector X; contains the auxiliary data sources —
exactly known — of population characteristics for area i. The FH model is as follows:

O =XTB+ui+e i=1,....m, )

where u; ”de(0,0‘3)71': 1,...,m are the model errors and e; 'rnde(O, vi),i=1....m
are the design errors, with e; independent from u; for all i and j. It is assumed that
the quantity of interest in area i is 6; = X7 8 + u;.

Under the assumption of normality of both the errors (model and sampling de-
sign), the best linear unbiased predictor (BLUP) of 6; is é[F = }/,-éid” +(1-pXF B,
% = 62 /(02 + w?), where j is the Best Linear Unbiased Estimator of 8. According
to the theory of small area estimation (Rao and Molina, 2015), the parameters 3 and
02 are unknown and must be estimated, while y? is assumed to be known.

Estimators of 8 and 62 can be obtained using the restricted maximum likeli-
hood from the marginal distribution éi‘/i’ ~ N(XTB,02 + v?). By plugging in the
estimates of 8 and ¢ into the BLUP we obtain the empirical best linear unbiased
predictor
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The estimator (2) has the following MSE(6/H) = yy? + (1 — %)* X V(B)X, +
v (y? + 65)*3V(6Auz) = g1, + g2 + g3i, Where gy; is the contribution to the MSE
from estimating 8 and g3; is the contribution to the MSE from estimating 72 V(B )
and V(G;Z) are the asymptotic variances of an estimator ﬁ of  and an estimator GAL%
of 62, respectively. An estimator of the MSE is as follows

mse(OFH) = g1+ 2 + 283, 3)

where g1; = fiv?, goi = (1 — 7)°XT [, X XT /(w2 + 62)] 7 'Xi, g3 = v (w2 +
67) 2, 1/(67 + v

4 Area-level small area model with and without Twitter data to
estimate the share of food consumption expenditure in the
Italian provinces

In this section we show that the use of Twitter data can improve the precision of the
Share of Food Consumption Expenditure (SFCE) estimates in the Italian provinces,
obtained using small area methods.

First, we estimated the SFCE at provincial level using the FH model (1) selecting
the more predictive variables among the data described in section 2 without consid-
ering the iHappy variable, the one computed using Twitter 2012 data. In this way we
obtained a reduction in MSE in all the provinces. Second, we added the iHappy vari-
able to the other auxiliary variables and we estimated the SFCE again. If the iHappy
variable is linearly correlated with the SFCE and this relation is not yet explained by
the other auxiliary variables, then we expect a better performance in terms of MSE
when using iHappy. We will show that the results obtained support this expectation.

The target variable, the SFCE, was obtained from the HBS 2012 survey as the
ratio between the consumption expenditure for food (including beverages) and the
total consumption expenditure. Its direct estimate at provincial level was obtained
using the Horvitz and Thompson (1952) expansion estimator, éi"i’.

In 2012 the Italian provinces were 110 in total. However, in 2012 no HBS sample
data were available for the province of Enna (Sicily) therefore it was not possible
to obtain a direct estimate for this province, so we computed a synthetic estimator
given that we know the auxiliary data for this province.

The selected auxiliary variables for the model without the iHappy variable
are: the share of owners of the house x|, the share of households lead by a fe-
male xp, the per-household local government expenses to support several cate-
gories of citizens, households with children (x3), old-aged persons (x4), immi-
grants (xs), at risk of poverty persons (xg), services to families (x7). So let X; =
[1,x1i,xz,-,xgi,X4i,X5,-,x6,-,x7i]T be the design p-vector for model (1) for the area i,
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where x;, k=0,...,p=7,i=1,...,m, is the value of the kth auxiliary variable in
area [ (with xo; = 1).

The FH model without the iHappy variable is then él-‘”’ = X7B +u; +e;. Bs-
timates of B and o2 were obtained under the Normality assumptions made in
section 3 using the restricted maximum likelihood (REML). From the analysis
of a; = (6P — X" B), the Normality assumption seems reasonable. Indeed, the
Shapiro and Wilk (1965) Normality test is equal to 0.978 with a p-value of 0.063.

To check the hypothesis that big data can help to increase the precision of the
small area estimates - if used as auxiliary variables - we added the iHappy variable
(xg), obtained from the analysis of Twitter data as explained in section 2, to the set
of the selected auxiliary variables (x1,x2,...,x7). Let Z; = [Xi,XSi]T, where xg; is
the iHappy value for area i. The FH model is é{”" =ZTBBP + uPP + 8P, where the
superscript 2 refers to parameters under the model that makes use of big data (the
Twitter data). Point and mse estimates are then obtained according to the methodol-
ogy described in section 3 (replacing X; by Z;).

In both the models - with and without iHappy variable - we selected the auxiliary
variables using a step-wise procedure based on AIC (Hastie and Pregibon, 1992).
The selected variables show a negative linear correlation with the target that range
from —0.130 to —0.509. The negative correlations were expected for all the variable,
but the share of households lead by a female. In general, in Italy, households lead
by a female are positively correlated with poverty indexes and deprivation variables.
However, we can suppose that the households lead by a female are associated with
a reduction of the household size, so the expenses in food and beverages decreases
so that to increase the SFCE. This hypothesis is supported by a linear correlation
between the share of the households lead by a female and the household size equal
to —0.857. As done for the model without iHappy variable, we estimated 82 and
08P under the Normality assumptions made in section 3 using the REML. The
Shapiro and Wilk (1965) Normality test for IZ?D s is equal to 0.980 with a p-value of
0.107.

The regression parameters estimated for both the models - with and without
iHappy - are showed in table 1. The fBs obtained under the two models are similar,
the introduction of the iHappy variable in the FH model does not change signifi-
cantly the model, it just add predictive power to it. The parameter o, is estimated

Table 1: Regression parameters of the FH model with/without the iHappy variable.

BB p-value’? B p-value

Intercept 0.7165  0.0000 0.6446 0.0000
iHappy2012 —0.0019  0.0067 - -
Share of owners of the house —0.0038  0.0000 —0.0039 0.0000
Share of household lead by female —0.3164  0.0009 —0.3222 0.0012
Expenses for household with children —0.0001  0.2121 —0.0002 0.0513
Expenses for old-aged persons —0.0001  0.0123 —0.0001 0.0280
Expenses for immigrants —0.0013  0.0003 —0.0013 0.0009

Expenses for at risk of poverty persons  0.0006  0.0009 0.0007 0.0006
Expenses for services to families —0.0005  0.0460 —0.0006 0.0246
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equal to 0.020 for the model without iHappy and to 0.019 for the model with iHappy.
To verify the null hypothesis that 62 = 0, we used the test proposed by Datta et al
(2011) and we reject the null hypothesis 62 = 0 for both the models.

It is important to highlight that the iHappy indicator is based on self-selected
data, the Twitter data. However, in this application we are not able to treat the self-
selection bias due to lack of information. Thus, we assume that the self-selection is
negligible. Moreover, the iHappy indicator can be affected by measurement error,
since not any happy tweet corresponds to a happy person. In our application the
MSE of the iHappy is very small, due to the very large sample size (43 millions
of tweets), therefore model that account the measurement error, such as the one
proposed by Ybarra and Lohr (2008), approximately corresponds to the traditional
FH model.

Results on the SFCE estimates are summarized in table 2. Using the FH estimator
(2) with the set of auxiliary variables X;s the rmse is reduced in all the provinces.
The average reduction is about 30% with a 25% of provinces where the reduction is
at least about 40%(table 2). Moreover, using also the iHappy variable the reduction
of the rmse results in an average gain of 2%. A clearer picture of the gain in precision
due to the introduction of the iHappy variable in the FH model can be see in the last
line of table 2, which shows the efficiency of é,-FH’BD against éiF H There is a gain
in all the areas, but one where we observe a loss of 0.5%. The gain goes from about
2% up to about 7%. Given that the small area estimates obtained without the use of
the iHappy variable show a remarkable gain in terms of reduction of mse, the further
reduction of the mse due to the introduction of the iHappy variable in the model is
a very good result. This is particularly important also because the iHappy variable
can be computed every year, while updated census information on the population is
not always available.

Table 2: Summary of point estimates of SFCE and their efficiency.

Min. 1st Qu. Median Mean 3rd Qu. Max.

0P7 (%) 1538 19.44 21.3422.45 25.56 35.42
0FH (%) 1537 19.70 21.60 22.19 24.47 29.91
QFH-BD (qp) 1544 19.68 21.64 22.17 24.65 29.55

rmse(0F1) [rmse(OPT) (%) 1979 60.66 74.90 70.38  82.16 99.39
rmse(OF1B) /rmse(0P7) (%) 18.44 5829 72.37 68.49 80.35 99.43
rmse(OF15) /rmse(9FM) (%) 93.18 9573  97.33 97.02  98.22 100.50

In order to obtain a clearer picture of the estimates across the country, we mapped
them out in figure 1. In the same figure we contrast our estimates with the map of
the iHappy variable to show the relationship between the two variables. The SFCE
point estimate for the out of sample province of Enna has been computed using the
regression synthetic estimator (see Rao and Molina, 2015). In particular, the esti-
mated SFCE for the province of Enna is 25.29% with an rmse of 1.98%. These re-
sults seem plausible according to the estimates obtained for the neighbors provinces.

In Italy the SFCE is 22.2% at national level, showing that in average the con-
sumption of food does not represent a large amount on total expenses for con-
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Fig. 1: Map of the FH éstimates of the SFCE (left) and map of the iHappy variable
for 110 provinces in Italy (right).

sumption. At provincial level (table 2) the SFCE varies between 15.44% (Ravenna,
central Italy) and 29.55% (Caserta, southern Italy), so there is evidence of spatial
heterogeneity. About a quarter of the provinces have an SFCE > 25%. All these
provinces are in the southern part of Italy. Nine provinces have an estimated SFCE
that is below 18%), five of these provinces are in the central part and the other four
are in the northern part of Italy, confirming the well known Italian north-south di-
vide.
For a more detailed description of this application see Marchetti et al (2016)

5 Conclusions

In this paper we focused on the iHappy indicator obtained from the analysis of
Twitter data. The data consist of all the geo-referenced tweets posted in 2012 in the
Italian provinces, classified by Curini et al (2015) as the percentage of happy tweets
to the total of tweets at provincial level.

In our analysis the iHappy indicator resulted a good additional covariate to pre-
dict households’ SFCE, given the net influence of other covariates characterizing
the provinces, such as the tenure status of the house, the gender of the head of the
households, the level of the expenses of the local government to support vulnerable
groups.

In Italy the SFCE shows a territorial variability that mimics that of many socio-
economic indicators: in 2014 the north-eastern and north-western part of Italy had
the lowest level of SFCE (respectively 15.7% and 15.5%) while the southern part
(islands included) had the highest (21%). This north-south divide is evident also
from the territorial distribution of the iHappy indicator, with few exceptions (some
provinces of Sardinia, Puglia and Sicily).

Concluding, the iHappy indicator on happiness can provide useful covariates on
yearly bases, free of charge and broken by provinces. It comes affected by self-
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selection bias and measurement error. In this application we assumed that the self-
selection is negligible and that the measurement error appears to be a minor issue.
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