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A MICROSIMULATION MODEL TO EVALUATE 
ITALIAN HOUSEHOLDS’ FINANCIAL VULNERABILITY 

 

by Valentina Michelangeli and Mario Pietrunti1 

 

Abstract 
We build a microsimulation model to monitor the financial vulnerability of Italian 

households. Starting from household-level data from the Survey on Household Income and 
Wealth and matching them with macroeconomic forecasts on debt and income, we project 
the future path of households’ indebtedness and debt-service ratio. This allows us to assess 
households’ vulnerability at a higher frequency and in a more timely manner than by using 
household data alone. We find that the share of vulnerable households (defined as those 
with a debt-service ratio above 30 per cent and income below the median) over the total 
population is projected to be about stable between 2012 and 2014, with a slight decrease in 
2015 due to positive income growth. Their debt is also projected to decrease in those years. 
Overall, we find that the dynamics of income growth are the main driver of households’ 
vulnerability. 

JEL Classification: D14, G10. 
Keywords: households’ vulnerability, debt, stress test. 
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1. Introduction  

After the increase in households’ indebtedness in several OECD countries in the period 
2000-2008 (OECD 2010) and the subsequent financial crisis, several central banks began to 
develop indicators and models to monitor and evaluate the risks associated with the 
household sector. The increasing indebtedness of many households and the consequent 
weakness of their balance sheets raised concerns about their resilience to negative shocks, 
with implications for both financial stability and economic growth.  

To evaluate households’ vulnerability we build on state of the art microsimulation models 
(e.g. Djoudad, 2010) and we use data on Italian households available from the Survey on 
Household Income and Wealth (SHIW). Those data provide a comprehensive picture of the 
household sector, distinguishing households according to their idiosyncratic characteristics, 
such as income, balance sheet, age, education and occupation. However, they are low 
frequency data and, moreover, as the survey runs every two years the data become available 
with about a year’s delay. Macroeconomic data are instead high frequency and provide 
more up-to-date information on the status of the economy from both a real (income) and a 
financial (interest rates, growth rate in total debt) point of view.  

In this paper we describe a methodology to simulate the evolution of households’ debt that 
integrates the microeconomic household data with the macroeconomic data. This exercise 
allows us to monitor closely the financial condition of the household sector and hence to 
evaluate the impact of possible policy interventions. The methodology is flexible enough to 
analyse the evolution of vulnerable households under stress scenarios (e.g. income or 
interest rate shocks) and to measure the impact of policy interventions in the household debt 
market (e.g. suspension of loan payments) in the short-to-medium run.  
 
The vulnerability of indebted households is typically summarized by the debt-service ratio 
(DSR), defined as the share of debt payments to income. In line with most studies (IMF, 
2011, 2012, 2013; ECB, 2013), we identify as vulnerable those households with a DSR 
above a given threshold. These households are considered more likely to be affected by 
shocks associated with important changes in interest rates or income. Their sensitivity to 
shocks is greater when income is low; hence, in this paper we focus on households with 
income below the median in the population. In most of what follows we define as 
vulnerable those households with a debt-service ratio above 30 per cent and an income 
below the median, consistently with previous studies on the Italian economy (Magri and 
Pico, 2012). Our flexible framework allows different definitions of financial vulnerability to 
be considered, in line with other studies (Bank of Canada, 2012; IMF, 2010): in particular, 
we also investigate the financial vulnerability of Italian households under a less stringent 
debt-service ratio threshold of 40 per cent. 

Simulating the evolution of DSR requires information on households’ future income and 
debt. Therefore, we first distinguish households according to their income class. For each 
income class we estimate the parameters of the income process using historical 
microeconomic data and we allow households to have different income realizations. We 
then require that the income growth generated by the model be consistent with the growth in 
nominal income from macroeconomic projections. Secondly, we impose some structure on 
the debt evolution by assuming that indebted households repay their mortgage according to 
a French amortization schedule. Mortgage debt associated with new originations is 
determined starting from microeconomic estimates, which are then properly readjusted to 
match the macroeconomic data on total mortgage debt growth. By combining those 
projections of income, debt and debt payments we can compute the projected share of 
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vulnerable households over time. A backtesting exercise is performed on previous SHIW 
waves and, overall, the model provides a good fit of the data.  
 
Our microsimulation exercise makes further contributions to current modelling of 
households’ vulnerability in several respects. First of all, we impose some structure in the 
evolution of debt for existing mortgages by having each household paying a loan instalment 
determined according to a standard amortization formula and its specific debt 
characteristics. Hence, we do not empirically estimate a process for total debt growth of 
existing mortgages starting from the empirical data. In fact, our approach does not require 
any estimation of the process of total debt growth, which could produce estimates that are 
not statistically significant when the number of indebted households is relatively small in 
the total population. Moreover, for each household we compute its loan payment in each 
period using the standard amortization formula. Thus, we do not keep the share of principal 
on current credit balance fixed. We believe that keeping that share fixed may have 
significant consequences on the evolution of households’ debt in the short-to-medium run as 
well.1 Moreover, as the formula incorporates parameters that are important in the simulation 
of stress test scenarios, we believe that our approach is more accurate when computing each 
household’s loan payment and, subsequently, total aggregates. 
 
We explicitly model mortgage terminations taking into account microeconomic data on 
mortgage duration and starting year of the mortgage available on Italian data. This is a 
major advantage of the SHIW compared with other surveys that do not provide such data. It 
avoids making arbitrary assumptions on mortgage termination that could lead to biases in 
debt evolution. Finally, we present a way of introducing mortgage originations obtained 
from a pseudo-panel that builds on historical data, adjusted to match the total amount of 
debt using macroeconomic forecasts.  
 
The main results of the model for the Italian economy are as follows. In a baseline scenario, 
in which interest rates are not expected to change significantly and income growth is 
expected to be positive, the share of vulnerable households with income below the median 
is projected to be almost stable over the next few years, with a small decrease in 2015 
mainly because of the expected growth in income. Moreover, the share of total debt held by 
those households is expected to decrease progressively and to revert to 2010 levels.2 In 
particular, in 2015 the share of vulnerable households with income below the median level 
is projected to be 2.7 per cent and their debt equal to 16 per cent of total debt.  
In our stress test simulations a projected zero income growth in 2015 (instead of 2.9 per 
cent) has a bigger effect on the share of vulnerable households than an increase of 100 basis 
points in interest rates. Indeed, a cut in income growth at a macro level affects all 
households, while an increase in interest rates directly affects only those households with an 
adjustable rate mortgage or new mortgages. 
All in all and under alterative scenarios of stress, the share of vulnerable households is not 
projected to change dramatically in the next few years; hence, indebted households do not 
represent a source of significant risk for the financial stability of the Italian system. These 
results are confirmed when we consider the 40 per cent threshold for DSR.  
 

                                                 
1 This is particularly true for the highest income groups. A backtest exercise keeping the share of principal on 
current balance fixed is reported in the Appendix. 
2 This result follows, to a minor extent, from our assumption that lending standards will remain somewhat 
tight in the next few years compared with the levels observed before the financial crisis. 
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The paper is organized as follows: Section 2 presents the data, Section 3 gives a description 
of the model, Section 4 sets out the results and Section 5 concludes.  
 
2. Data 

Microeconomic variables  
The microeconomic data used in the analysis are taken from the 2002-12 waves of the 
SHIW.3 That database contains detailed information on households’ individual 
characteristics (age, education, employment status of the head of household), income and 
debt. We distinguish between different types of debt: mortgage debt on the primary 
residence, mortgage debt on other real estate, and consumer credit.4 For each type of debt, 
we observe the outstanding amount, the initial amount borrowed, the year when the loan 
was granted, the total length of the contract, the amount of the annual instalment, the 
interest rate, and – in case of mortgage debt – whether it is adjustable rate or fixed rate. 
 
The starting point of our analysis is the cross-section of the most recent wave, namely 2012. 
In that year, about 12.4 per cent of the households in our sample had a mortgage debt on a 
primary or secondary residence, with an average outstanding debt of about €78,000 and a 
starting value of the debt of €115,000. About 50 per cent of first mortgages on the primary 
residence were fixed rate mortgages while the rest were mainly variable rate.5 If we extend 
the analysis to all kinds of real estate debt, that proportion remains about the same. About 
10 per cent of households had consumer credit debt. 
 
The database is an unbalanced panel where only half of each wave’s sample is retained in 
the next wave of the survey. Therefore, we miss a full historical track of the same 
households’ characteristics and choices. Following Djoudad (2010) we simulate the income 
process by grouping observations according to their income class, while to simulate the new 
mortgage originations we construct a pseudo panel referring to other household 
characteristics. 
 
Building a pseudo panel 
The pseudo panel constructed in this analysis can be considered a new dataset, in which 
each observation is the result of grouping together households with the same characteristics. 
Specifically, we group households according to the following characteristics: 

a. Age groups: 18-34 years, 35-44 years, 45-54 years, 55-64 years, 65 and over.  

b. Education groups: 1) no education or elementary education, 2) middle school, 3) 
high school, 4) undergraduate or post-graduate study. 

c. Occupation status: 0) not working, 1) working.  

We thus obtain 40 groups of households with similar characteristics. This approach allows a 
comparison over time to be made of the data for each group of representative households, so 
that we can make inferences about the underlying processes of some variables of interest. 

 

                                                 
3 For a general description of the survey, see 
http://www.bancaditalia.it/statistiche/indcamp/bilfait;internal&action=_setlanguage.action?LANGUAGE=en  
4The data allow us to differentiate between first mortgage, second mortgage and third mortgage on the primary 
residence and on other real estate. 
5 Studies based on data provided by financial intermediaries indicate a higher fraction of households with 
variable rate mortgages (see Felici et al., 2012). We also tested our model assuming 70 per cent of mortgages 
with variable rate (see Appendix); the results are overall confirmed.  
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Macroeconomic data 

We also gather macroeconomic data that stand as a benchmark for the aggregate dynamics 
obtained starting from the microeconomic data in the household survey. The model delivers 
dynamics for total income and amount of total debt that are in line with the macroeconomic 
picture or with its forecasts. The macro data come from three main sources and are reported 
in Table 1. 
First, we gather data on income growth over years from the national accounts (Contabilità 
Nazionale, CN). The variable of interest is income as defined in the CN, which includes 
imputed rents. This measure captures the standard of living of households.6 Nominal 
income growth was negative in 2013, while it is projected to be positive and equal to 2.4 per 
cent and 2.9 per cent respectively in 2014 and 2015. Those projections indicate expectations 
of a potential recovery of the economy, manifested by positive growth.  
Second, we make use of projections on lending volumes to households for house purchase 
developed by the Bank of Italy. This variable represents the volume of loans in banks’ 
balance sheets plus an estimate of securitized loans; data for 2014 and 2015 are a projection 
based on an internal macro-econometric model. Total debt growth is negative in 2013 and 
in 2014 and then positive and slightly below 2 per cent in 2015. 7  
Third, we use projections of the three-month Euribor obtained from futures contracts. The 
data are employed in our model projections of the interest rate, which affect the loan 
payments of households holding a variable interest rate mortgage and those associated with 
new originations. This choice is a natural one as mortgage rates in Italy are typically tied to 
the Euribor and so we choose to model those rates equal to the Euribor rate plus a bank 
spread. Implicitly, we are assuming that the bank spread remains fixed across simulation 
periods. This assumption is typically true for existing contracts, apart from the case of 
mortgage refinancing.8 The change in the value of the Euribor9 is negative in 2013 and is 
then expected to be close to zero. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

                                                 
6 As explained below, in the computation of the DSR we use the disposable income gross of financial charges 
and net of imputed rent, which better captures the monetary income available to the household for 
consumption or as a buffer against unexpected shocks. In the model we keep track of both definitions of 
income to be able both to match the macroeconomic aggregates and to compute correctly the DSR. The 
equalized income, computed starting from the disposable income and using the OECD equivalence scale, is 
used to group households into four income classes. 
7 Those projections on total debt growth were developed in April 2014. 
8 An alternative assumption for new originations, relying on projections of interest rates on loans for house 
purchase developed at Bank of Italy, has been tested. The results of the simulation exercise (available upon 
request) do not differ significantly from the ones presented here. 
9  Data on Euribor refer to March in each year. 
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Table 1: Macroeconomic aggregates (percentages) 

 
 

 
3. The Model  

 
In this section we describe how households’ income and debt evolve over time. 
 
3.1 Income growth dynamics 

Households’ income enters in the denominator of the DSR and therefore affects the 
projected share of vulnerable households in the economy. We distinguish between 
disposable income and disposable income gross of financial charges and net of imputed 
rents. The first definition of income is used to classify households according to their living 
standard and is consistent with the CN, helping us to match the model statistics with the 
macro data. The second definition more closely resembles the actual income available to the 
household for current expenses and it enters directly in the computation of DSR. We 
compute the income growth dynamics following Djoudad (2010). Specifically, we group 
households’ income into four classes of equal frequency. 

The process for the disposable income growth for each class j is given by:  

),N(~)log()log( 1,,
d
j

d
j

d
tj

d
tj yy                  for j=1,2,3,4                         (1) 

Starting from household disposable income and dividing it by a factor that reflects its 
number of components, we obtain household equalized income. In each period, we compute 
the thresholds for each class of equalized income and we assign each household to a 
specific class. 

The process for the growth of households’ disposable income gross of financial charges and 
net of imputed rent for each class j is given by: 

),N(~)log()log( j1,, jtjtj yy                      for j=1,2,3,4.                            (2) 

 

To estimate the parameters entering in those equations we employ the SHIW data from 
2002 to 2008. We use this sample period because the Italian economy is expected to grow 
in the next few years. Thus, considering a period of positive economic growth such as 2002-

2013 2014 2015

Income growth rate at current prices 0.1 2.4 2.9
(national accounts )

Total debt growth -1.0 -0.3 1.8
(macro model for forecasting debt growth )

Euribor 0.21 0.27 0.32
(3m Euribor and 3m Euribor futures )

Euribor change -0.65 0.06 0.05
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08 could help us to better capture expected income dynamics to 2015.10 The mean and 
standard deviation for the income processes dy and y are reported for each of the four 
income classes in Table 2. 

 

Table 2: Estimated mean and standard deviation for the income process 

 

 

Table 2 shows that the dynamics for the two definitions of income are fairly similar. Means 
are positive as we are estimating the parameters considering a period characterized by 
positive income growth. The mean growth is smaller for the 75st-100th percentile and larger 
for the 1st-25th percentile, indicating that households in the lowest group are those that are 
expected to benefit the most from an economic recovery. As expected and in line with other 
studies (see, for instance, Djoudad, 2010), the standard deviation is highest for lower groups 
and lowest for the upper groups.   

In the model each household receives a random income shock in each period. Since shocks 
differ among households we generate some heterogeneity in income growth among 
households that belong to the same income class. At the same time the simulated 
distribution of income growth for each class is in line with the standard deviations per class 
reported above. On the other hand, not only standard deviations but also mean growths are 
different between income classes. 

In order to obtain an income growth for the entire economy in line with the macroeconomic 
data from the CN we introduce an adjustment factor adjt for each time period. Specifically, 
we select the adjustment factors so that the per period average growth in nominal disposable 

income resulting from the model, 
d

ty , equals the growth in the average nominal income 

obtained from the macroeconomics projections, 
CN

ty : 
d

ty =
CN

ty   for t=2,..,T                                                          (3) 

The adjustment factors introduced in the model are reported in Table 3. 

 

                                                 
10 Alternatively, to estimate the mean and standard deviation of the income process we could have used the 
SHIW data from 2008 to 2012. This sample captures the slowdown of the Italian economy and therefore 
would be adequate if the recession were to continue. As shown in the Appendix, the estimated income means 
associated with the period 2008-12 are negative, but the mean growth is less negative for the 75st-100th 
percentile and more negative for the 1st-25th percentile, indicating that households in the lowest group are 
those that suffer the most. In periods of expansion and in periods of recession income movements for the 
lowest income group are stronger and therefore it is important to take them properly into account. We also 
present a sensitivity test using as income parameters those estimated using the 2008-12 sample period and we 
find that the share of vulnerable households is projected to be slightly higher than in the baseline scenario. 

1st-25th percentile 0.035 0.034 0.039 0.025
25th-50th percentile 0.029 0.023 0.029 0.025
50th -75th percentile 0.026 0.026 0.025 0.023

75th -100th percentile 0.025 0.024 0.023 0.024

ࢎ࢚࢝࢕࢘ࢍࢊ࢟
d d  

ࢎ࢚࢝࢕࢘ࢍ ࢟
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Table 3: Adjustment factors for households’ income 

 

 

After incorporating the adjustment factors households’ disposable income used to compare 
the model statistics with the macro projection is: 

)log()log( d
tt

d
t yadiy       for t=2,...,T.                                          (4) 

Table 4 shows the growth of the average nominal income in the model and in the macro 
projections. The dynamics of income growth for the aggregates are the same. Income 
growth is positive and increasing between 2013 and 2015, with the largest growth in 2015.  

 

Table 4: Income growth (percentages) 

 

 

Even though adjustment factors are computed starting from disposable income, we also 
apply them to our estimates of households’ disposable income gross of financial charges 
and net of imputed rents. We believe that this choice has no major effects on the results as 
the two definitions of income imply similar econometric estimates of the processes. 
Therefore, households’ disposable income gross of financial charges and net of imputed 
rent, which is used in the computation of DSR, is given by: 

)log()log( ttt yadiy       for t=2,.. .,T.                                          (5) 

3.2 Debt growth dynamics    

In order to compute the dynamics of the model for periods t+1 onward, we distinguish 
between existing debts and new originations. 
 
a) Existing debts 
 
We distinguish between mortgage debt and consumer debt. 
 
Mortgage debt 
We assume that households with an existing mortgage repay their debt following a French 
amortization schedule, which is a widespread amortization schedule for mortgages in Italy. 
That amortization schedule implies that the annual payment is fixed until the mortgage is 
extinguished, except for variable interest rate mortgages. Given that the share of variable 
interest rate mortgages among indebted households is quite substantial in Italy, it is crucial 
to model an amortization schedule that allows for a readjustment of the payments associated 
with a change in interest rates. We also assume that there is no refinancing or prepayment of 

2013 2014 2015

Adjustment factor 0.974 0.970 0.971

2013 2014 2015

National accounts 0.1 2.4 2.9
Model 0.1 2.4 2.9
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the mortgage as prepayment or refinancing are not very common in Italy.11 For each 
household i=1,…, N, where N equals the total number of households with debt and for each 
type of debt y the evolution of the outstanding debt is given by: 
 

tiytiytiy RPMDebtMDebt ,,,,1,,                                              (6) 

where tiyRP ,, is the annual payment of the principal. The scheduled total annual repayment

tiyR ,, , which includes both the payment of the principal and of the interest, follows a 

standard amortization schedule based on the formula: 
 

1)1(
)1(

,,

,,
,,,,,, 

 A
tiy

tiyA
tiytiytiy r

r
rMDebtR                                          (7) 

where tiyr ,,  is the interest rate on the debt tiyMDebt ,, , A is the residual duration of the 

contract. The annual payment for interest tiyRI ,, is given by: 

 

tiytiytiy MDebtrRI ,,,,,,  .                                                   (8) 

So that the principal repayment could be obtained as: 

  

tiytiytiy RIRRP ,,,,,,  .                                                       (9) 

 
Consumer debt 
In the baseline scenario, we assume that the annual payment tiyRI ,,  for consumer debt 

tiyCDebt ,,  remains constant in the periods of the simulation. We are implicitly imposing a 

French amortization schedule with fixed interest rate for consumer debt, which points to 
fixed payments over time for the household. As our simulation involves only a few periods 
and given that the largest percentage of consumer debt involved payments based on a fixed 
interest rate in the past, we believe that this assumption cannot significantly affect the main 
results.  
 

Total annual payments and total debt 

Given that households are allowed to take different types of debt, total outstanding debt is 

written as: 

)( ,,,,,, tiy
y

tiytiy CDebtMDebtDebt                                            (10) 

 The annual payment is given by the sum of the annual payments on mortgage debt and 

consumer credit:  

                                                 
11 The share of households renegotiating a mortgage contract was about 2 per cent in 2012, while the share of 
those refinancing it was below 3 per cent (Source: Regional Lending Banking Survey).  
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
y

tiyti RR ,,, .                                                             (11) 

 
b) New mortgage originations 
 
New originations bring about a change in the total number and in the average characteristics 
of indebted households, inducing a composition effect that affects the share of vulnerable 
households in the economy. 
To evaluate the debt dynamics associated with new mortgage originations we use the panel 
component of the SHIW, including the last three waves (2008, 2010, 2012). We focus on 
this period because we noted a non-trivial structural change in the characteristics of the new 
originations relative to a pre-crisis period, with an associated reduction of their weight in 
total households’ indebtedness.12 Thus, considering only the last few years allows us to 
better model the expected dynamics of debt originations in the near future.   
A new mortgage origination occurs when a household has a mortgage debt equal to zero at 
time t-1 and a positive mortgage debt at time t ( ,01,, tiyMDebt

 
0,, tiyMDebt ). Using the 

pseudo panel household groups we compute the percentage of new originations in each of 
those groups. For each group k, the number of new originations at time t, tk , , equals the 

number of originations for the same group in the previous period 1, tk : 13 

 

1,,  tktk  .                                                                 (12) 

Based on the SHIW historical data, we assume that 50 per cent of the originations have a 
variable mortgage rate while the rest have a fixed mortgage rate. To each household with a 
new origination we assign a debt amount equal to the mean debt at origination for 
households belonging to the same group who had an origination between 2010 and 2012. 
We then readjust the amount of debt associated with new originations to match the macro 
data. Table 5 shows the total debt growth deriving from the Bank of Italy projections and 
that generated by the model. 
 

Table 5: Total debt growth (percentages)  

 

 

 

 

 

                                                 
12 See e.g. Financial Stability Report No. 6, November 2013, Bank of Italy. 
13 In the code we set 2,, 5.0  tktk 

 
in the first period as the survey is biannual. 

 

2013 2014 2015

Macro model for forecasting debt growth -1.0 -0.3 1.8
Model with originations -1.0 -0.3 1.8
Model without originations -5.1 -5.7 -6.1
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c) Mortgage terminations 
 
The reduction in total debt in the model without originations is driven by mortgage 
terminations. 
Some households exit from the pool of indebted households, causing a change in the 
composition of the pool itself. We assume that mortgage prepayment is not allowed so 
households exit from the mortgage market only after they have completely extinguished 
their debt. By introducing mortgage terminations we are then able to capture another 
important feature of the mortgage market. We introduce this aspect benefiting both from the 
Italian household data, where the duration of the mortgage is explicitly given, and from our 
model structure, which allows us to follow the evolution of debt for each household. 
 
3.3 Vulnerable households 
 

Households’ vulnerability is measured referring to the DSR, defined as the share of loan 
payments to income. A household is defined as vulnerable if it has a debt-service ratio 
greater than a threshold that we set at 30 per cent: 

3.0
,

,
, 

ti

ti
ti y

R
DSR .                                                             (13) 

To evaluate households’ vulnerability in the initial year we make use of micro data from the 
2012 wave of the SHIW. The sample is composed of 8151 households. For each household 
we compute the debt-service ratio starting from their statement of annual loan payments and 
income. 
In the following periods household income evolves following the process described above 
and the annual mortgage payments are obtained under the assumption of a French 
amortization schedule. We are then able to compute a debt-service ratio for each household 
in each simulation period. 
 
4. Results 
 
In this section, we present the results obtained by simulating the model 50 times under 
different scenarios. 
 
4.1 Backtesting 
 
To test the forecasting performance of our model we perform a backtest on previous waves 
of the SHIW (2008 and 2010). The main results of those simulations are reported in Figure 
1 and Figure 2. In particular, we show the percentage of all vulnerable households and of 
those with income below the median over total households. 
In the following figures red diamonds are historical SHIW data. The values for 2009 and 
2011 have been interpolated by cubic splines. The solid blue lines are projections of the 
median value of the share of vulnerable households across 50 simulations, while the dashed 
lines represent the 10th and 90th percentiles.14 
On average, we are able to replicate quite well the percentage of vulnerable households in 
2010 and 2012 starting from the 2008 and 2010 waves. The differences between the model 

                                                 
14 A further backtesting exercise is reported in the Appendix. In that exercise we also present the results for the 
assumption of an amortization schedule in which the share of principal on current credit balance is kept fixed, 
as in Djoudad (2010). 
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results and the data are due to two main factors. First, the SHIW data are an unbalanced 
panel, in which only half of the sample is maintained in the next wave. As the composition 
of households can change there could be differences in the total share of vulnerable 
households and in their characteristics. Second, there is some measurement error as is 
common in any household survey.  
 
Figure 1: Percentage of vulnerable households in the population 

 
 

Figure 2: Percentage of vulnerable households with income below the median 

 
 

 

4.2 Baseline scenario 

Figure 3 reports the distribution of the debt-service ratio among indebted households in the 
initial year 2012 and in 2015. The share of indebted households with DSR above 30 per 
cent is about constant in the two periods. 
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Figure 3: DSR Distribution  

 
Note: the figure represents the empirical probability density function (pdf) 
of indebted households according to their DSR. 

 
Figure 4 shows the evolution of the fraction of vulnerable households in the total population 
in the baseline scenario. That share is expected to decrease between 2012 and 2015, moving 
to about 4.4 per cent. In 2013, the reduction in the share of vulnerable households is driven 
by the decrease in the interest rate as households with variable interest rate mortgages pay 
lower instalments. To a minor extent that reduction is also associated with negative credit 
growth. In 2014 and in 2015 positive income growth drives the low share of vulnerable 
households, which decreases slightly relative to 2013. In particular, in 2015 the expected 
increase in income growth is even larger than in 2014, but at the same time the increase in 
total debt growth in the economy generates an increase in indebted households, inducing a 
composition effect. However, in line with the supply conditions observed in recent years, it 
can be argued that new loans are mostly given to non-vulnerable households15 and, as a 
result, in 2015 new originations can only explain about 0.4 percentage points of the increase 
in the share of vulnerable households.16   
 
 
 
 
 
 
 
 
 
 
 
 
 
 

                                                 
15 This result is confirmed by the case with no originations reported in the Appendix, where the dynamics for 
the share of vulnerable households in the population is very similar to the case with originations. This result 
suggests that changes in interest rates or in income are the primary driving force of households’ vulnerability. 
16 This result is obtained comparing the baseline scenario with the scenario without originations. 
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Figure 4: Percentage of vulnerable households in the population 

  
Note: results are based on 50 simulations of the model. The solid line 
represents median results; the dashed lines are results at both the 10th and 
the 90th percentiles. Data for 2009 and 2011 are interpolated via cubic 
splines. 

 
In Figure 5, we focus on the percentage of vulnerable households with income below the 
median. That percentage is about stable between 2012 and 2013 with a slight decrease of 
0.2 percentage points in 2015, falling in the range of 2.7 per cent: the decrease is almost 
completely driven by positive income growth. Those numbers suggest that also among 
households with income below the median there are no major risks for financial stability.  
 

Figure 5: Percentage of vulnerable households with income below the median in total 
households  

 

 
Figure 6 presents the percentage of total debt held by vulnerable households, distinguishing 
between those belonging to the lower (below the median) and the upper (above the median) 
groups of equalized income. Those percentages decrease between 2012 and 2015. The share 
of total debt held by vulnerable households with income below the median moves from 20 
per cent to 16 per cent, in line with the estimates for 2010. Similar to 2010, the increase in 
income growth reduces the percentage of vulnerable households; at the same time, the 
increase in the total debt growth in 2015 is mainly directed towards households with a low 
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level of vulnerability, so that the share of total debt held by vulnerable households does not 
increase significantly regardless of a positive growth of total debt in the economy. 
 

Figure 6: Percentage of debt held by all vulnerable households (above and below the median 
income) 

 

 

In Table 6 we report the characteristics of all vulnerable households. Some trends are 
evident. Vulnerable households belong mainly to the 35-to-54 age group, have secondary 
education and are in work. Those similarities are persistent over time granted that 
households change age class. 

 

Table 6: Percentage of vulnerable households by age, education and occupation (mean values) 

 

2012 2013 2014 2015

Age
<35 16.8 14.2 12.9 10.7
35-44 33.5 31.1 29.3 28.9
45-54 28.4 32.7 35.0 35.7
55-64 9.4 9.6 11.0 12.2
>65 11.9 11.9 11.3 12.1

Education
No education or primary education 6.2 6.3 6.3 6.1
Lower secondary education 39.7 38.4 38.3 36.0
Upper secondary school 39.7 40.6 41.2 45.3
Undergraduate or post-graduate 14.5 14.8 14.4 13.6

Occupation
Not working 16.0 15.7 15.1 14.4
Working 84.0 84.2 84.8 85.4
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4.3 Extended baseline scenario and stress-test scenarios  
 
In this section we present an extended baseline scenario and two stress test scenarios. Figure 
7 shows how the percentage of all vulnerable households changes in each scenario. Detailed 
tables with results are reported in the Appendix. 
In the extended baseline scenario we consider the baseline changes in income, interest rate, 
and total debt (Table 1), but we also include the possibility of obtaining a temporary 
suspension of mortgage payments for a specific period of time. This option was widely used 
in the period 2009-12, even with bilateral agreements with banks. The cure rate was quite 
high: more than 60 per cent of households that obtained suspensions started to repay the 
mortgage (Bartiloro, Carpinelli, Finaldi Russo and Pastorelli, 2012). We assume that this 
option is still available until 2015. We modelled it following the data from the 2012 SHIW 
wave, according to which, between 2009 and 2012, 22 per cent of households with a 
mortgage belonging to the first income class and 9 per cent of those in the second income 
class obtained a suspension of mortgage payments. Under this scenario, the percentage of 
vulnerable households with income below the median drops to 2.4 per cent in 2015, hence it 
is on average 0.3 percentage points lower than in the baseline scenario. 
 
We also consider two alternative scenarios of stress for the financial conditions of indebted 
households. First, we consider an increase of 100 basis points in the Euribor rate in 2015 
(from 0.3% to 1.3%). That increase affects both the loan payments associated with existing 
variable interest rate mortgages and new mortgage originations.17 Relative to the baseline 
scenario, the share of all vulnerable households increases by about 0.2 percentage points 
and their debt increases by about 2 percentage points.  
Second, we consider an adverse scenario in which income growth is equal to zero in 2015. 
The shock affects all households. Relative to the baseline scenario the share of all 
vulnerable households is about 0.3 percentage points higher and their debt about 2 
percentage points higher.  
 
Figure 7: Percentage of vulnerable households under alternative scenarios 

 

 

Figure 8 gives the results for vulnerable households belonging to the first two income 
classes, namely those with income below the median. The mechanisms described above 

                                                 
17 We assume that the interest rate change has no effect on consumer debt. 
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apply and the share of vulnerable households tends to increase slightly following a rise in 
the Euribor rate or a decrease in nominal income growth. 

 Figure 8: Percentage of vulnerable households with income below the median under 
alternative scenarios 

 

 

Table 7 and Table 8 report the central estimates and ranges for the baseline case, the 
extended baseline with suspension of the payments, and the two stress test scenarios that 
underlie Figure 7 and Figure 8. 
 
Table 7: Percentage of vulnerable households under alternative scenarios 

 

 

 
Table 8: Percentage of vulnerable households with income below the median under 
alternative scenarios 

 

 

Figure 9 shows how the share of total debt held by vulnerable households with income 
below the median evolves over time in the baseline scenario and in the alternative scenarios 
described above. In the baseline scenario, the debt held by those vulnerable households 
tends to decrease from about 20 per cent in 2012 to about 16 per cent in 2015, a level 

1.5

2

2.5

3

3.5

2008 2009 2010 2011 2012 2013 2014 2015

baseline

interest rate shock

income shock

loan suspension

historical data projections

2012 2013 2014
Suspension Interest rate Income

of payments shock shock

Central estimate 4.8 4.6 4.4 4.4 4.1 4.6 4.7
10th-90th percentiles - 4.5-4.7 4.3-4.6 4.3-4.5 3.9-4.2 4.5-4.7 4.6-4.8

Baseline

2015

2012 2013 2014
Suspension Interest rate Income

of payments shock shock

Central estimate 2.9 2.9 2.8 2.7 2.4 2.9 3.0
10th-90th percentiles - 2.9-3.0 2.6-2.9 2.7-2.9 2.3-2.5 2.7-3.0 2.9-3.1

2015

Baseline



21 
 

similar to the one recorded in 2010. The reduction is smaller if shocks to income or interest 
rate occur. 
 
Figure 9: Percentage of total debt held by vulnerable households with income below 
the median  
 

 
 

4.4 Alternative definition of vulnerability: DSR above 40 per cent 
Some central banks and policy institutions (Bank of Canada, FSR 2012; ECB, 2013) define 
a household as vulnerable if its DSR is equal or above 40 per cent. We implemented the 
same approach and re-computed the percentage of vulnerable households according to the 
new, less stringent definition. As shown in Figure 9 the share of vulnerable households now 
equals 2.3 per cent in 2012 and it is projected to decrease slightly over time, to 2.1 per cent 
in 2015. As mentioned before, the reduction is mostly driven by the positive income 
growth. 
 

Figure 10: Percentage of vulnerable households with DSR above 40% 

 
Note: Percentage of vulnerable households under a 30% DSR threshold 
(black) and a 40% threshold (red). 
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5. Conclusions 
 
This paper presents a framework to study how the vulnerability of Italian households 
evolves over time. Starting from the SHIW microeconomic data and incorporating some 
macroeconomic projections on income growth, total debt growth and interest rates, we built 
a model that captures the evolution of households’ debt and vulnerability over time. The 
micro-founded model delivers aggregate variables that are in line with projected 
macroeconomic statistics and is therefore suitable for simulating stress scenarios to evaluate 
households’ resilience to negative shocks, such as income or interest rate shocks. The model 
is also well suited to study the effects of stress scenarios, alternative policy measures or the 
effects associated with the suspension of loan payments driven by banks’ decisions. 
 
We found that the percentage of vulnerable households with equalized income below the 
median is projected to be almost stable between 2012 and 2015, being in the order of 2.7 
per cent in 2015. Similarly, the share of total debt held by those vulnerable households 
decreases progressively to 16 per cent in 2015, a value similar to the one in 2010. When 
simulating scenarios of stress, zero income growth has a larger effect on the share of 
vulnerable households than a 100 basis point increase in interest rates. 
Future research aims to improve the current model. First of all, we could include a 
probability of becoming unemployed. Households facing spells of unemployment of 
different severity and duration may become vulnerable and so could raise the percentage of 
vulnerable households. Second, we could try to incorporate other sources of 
macroeconomic data when modelling new mortgage originations. Third, we could study 
other indicators of households’ vulnerability and accordingly evaluate their evolution over 
time. Finally, we could improve our modelling approach for consumer credit debt.  
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Appendix 
A1. Detailed results 
1- Baseline scenario 

 
 
Note: households are divided into classes according to their equalized income gross of imputed rents. 
The reported values have been approximated to the first decimal. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

2012 2013 2014 2015

Percentage of vulnerable households over total households
1st-25th percentile 1.5 1.6 1.6 1.6
25th-50th percentile 1.4 1.4 1.2 1.1
below the median 2.9 2.9 2.8 2.7
50th -75th percentile 1.2 1.0 0.9 0.8
75th -100th percentile 0.7 0.7 0.7 0.8
Total 4.8 4.6 4.4 4.4

Percentage of vulnerable households over indebted households  
1st-25th percentile 7.6 7.4 6.8 6.7
25th-50th percentile 7.0 6.3 5.2 4.6
below the median 14.6 13.6 12.0 11.2
50th -75th percentile 6.0 4.4 3.8 3.3
75th -100th percentile 3.5 3.0 3.2 3.3
Total 24.1 21.2 19.1 18.1

Percentage of debt held by vulnerable households  
1st-25th percentile 9.5 10.4 9.7 9.2
25th-50th percentile 10.2 9.1 7.9 7.0
below the median 19.7 19.3 17.4 16.0
50th -75th percentile 7.9 6.4 5.9 5.2
75th -100th percentile 9.8 9.1 8.7 8.2
Total 37.5 34.7 31.8 29.5
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2 - Suspension of loan payments  
 

Percentage of households with DSR>30% Percentage of debt held by vulnerable 
households      

 
 

 
 

2012 2013 2014 2015

Percentage of vulnerable households over total households
1st-25th percentile 1.5 1.4 1.4 1.4
25th-50th percentile 1.4 1.3 1.1 1.0
below the median 2.9 2.6 2.5 2.4
50th -75th percentile 1.2 1.0 0.9 0.8
75th -100th percentile 0.7 0.7 0.7 0.8
Total 4.8 4.3 4.1 4.1

Percentage of vulnerable households over indebted households  
1st-25th percentile 7.6 6.4 5.9 5.7
25th-50th percentile 7.0 5.9 4.9 4.2
below the median 14.6 12.2 10.6 10.0
50th -75th percentile 6.0 4.4 3.8 3.3
75th -100th percentile 3.5 3.0 3.2 3.3
Total 24.1 19.7 17.7 16.8

Percentage of debt held by vulnerable households  
1st-25th percentile 9.5 8.6 7.9 7.5
25th-50th percentile 10.2 8.3 7.3 6.4
below the median 19.7 16.7 15.1 13.7
50th -75th percentile 7.9 6.4 5.9 5.2
75th -100th percentile 9.8 9.1 8.7 8.2
Total 37.5 32.2 29.7 27.3
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3 - Stress test scenarios 
 
a) Interest rate shock 
 
Percentage of households with DSR>30% Percentage of debt held by vulnerable 

households 

  
 

 
 

2012 2013 2014 2015

Percentage of vulnerable households over total households
1st-25th percentile 1.5 1.6 1.6 1.7
25th-50th percentile 1.4 1.4 1.2 1.2
below the median 2.9 2.9 2.8 2.9
50th -75th percentile 1.2 1.0 0.9 0.9
75th -100th percentile 0.7 0.7 0.7 0.8
Total 4.8 4.6 4.4 4.6

Percentage of vulnerable households over indebted households  
1st-25th percentile 7.6 7.4 6.8 6.9
25th-50th percentile 7.0 6.3 5.2 4.9
below the median 14.6 13.6 12.0 11.8
50th -75th percentile 6.0 4.4 3.8 3.5
75th -100th percentile 3.5 3.0 3.2 3.4
Total 24.1 21.2 19.1 19.0

Percentage of debt held by vulnerable households  
1st-25th percentile 9.5 10.4 9.7 9.7
25th-50th percentile 10.2 9.1 7.9 7.6
below the median 19.7 19.3 17.4 17.1
50th -75th percentile 7.9 6.4 5.9 5.7
75th -100th percentile 9.8 9.1 8.7 8.7
Total 37.5 34.7 31.8 31.4
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b) Income shock 
 
Percentage of households with DSR>30% Percentage of debt held by vulnerable 

households 
            

    
 

 

2012 2013 2014 2015

Percentage of vulnerable households over total households
1st-25th percentile 1.5 1.6 1.6 1.7
25th-50th percentile 1.4 1.4 1.2 1.3
below the median 2.9 2.9 2.8 3.0
50th -75th percentile 1.2 1.0 0.9 0.9
75th -100th percentile 0.7 0.7 0.7 0.7
Total 4.8 4.6 4.4 4.7

Percentage of vulnerable households over indebted households  
1st-25th percentile 7.6 7.4 6.8 6.9
25th-50th percentile 7.0 6.3 5.2 5.4
below the median 14.6 13.6 12.0 12.3
50th -75th percentile 6.0 4.4 3.8 3.8
75th -100th percentile 3.5 3.0 3.2 3.0
Total 24.1 21.2 19.1 19.3

Percentage of debt held by vulnerable households  
1st-25th percentile 9.5 10.4 9.7 9.5
25th-50th percentile 10.2 9.1 7.9 8.0
below the median 19.7 19.3 17.4 17.3
50th -75th percentile 7.9 6.4 5.9 5.5
75th -100th percentile 9.8 9.1 8.7 8.2
Total 37.5 34.7 31.8 31.2
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4 - Households are vulnerable if DSR >40% 
 
Percentage of households with DSR>40%             Percentage of debt held by vulnerable  

    households 
 

 
         

 
 

 
       

2012 2013 2014 2015

Percentage of vulnerable households over total households
1st-25th percentile 1.0 1.0 1.0 1.0
25th-50th percentile 0.6 0.6 0.5 0.5
below the median 1.6 1.6 1.5 1.4
50th -75th percentile 0.4 0.3 0.3 0.3
75th -100th percentile 0.3 0.3 0.3 0.3
Total 2.3 2.2 2.1 2.1

Percentage of vulnerable households over indebted households  
1st-25th percentile 4.8 4.5 4.2 4.1
25th-50th percentile 3.1 2.7 2.2 1.9
below the median 7.9 7.3 6.4 5.9
50th -75th percentile 2.1 1.6 1.3 1.2
75th -100th percentile 1.5 1.3 1.3 1.3
Total 11.5 10.2 9.2 8.5

Percentage of debt held by vulnerable households  
1st-25th percentile 6.6 6.9 6.3 5.8
25th-50th percentile 4.9 4.2 3.6 3.0
below the median 11.5 11.1 9.9 8.6
50th -75th percentile 3.4 3.0 2.5 2.1
75th -100th percentile 3.3 3.1 3.1 2.9
Total 18.2 17.1 15.7 13.8
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5 - No originations  
 
Percentage of households with DSR>30%      Percentage of debt held by vulnerable    

households        

  
 

 
 

2012 2013 2014 2015

Percentage of vulnerable households over total households
1st-25th percentile 1.5 1.6 1.4 1.3
25th-50th percentile 1.4 1.4 1.2 1.0
below the median 2.9 2.9 2.6 2.3
50th -75th percentile 1.2 1.0 0.9 0.8
75th -100th percentile 0.7 0.7 0.7 0.8
Total 4.8 4.6 4.3 4.0

Percentage of vulnerable households over indebted households  
1st-25th percentile 7.6 8.0 7.5 7.0
25th-50th percentile 7.0 6.9 6.1 5.1
below the median 14.6 14.7 13.5 12.1
50th -75th percentile 6.0 4.8 4.5 4.2
75th -100th percentile 3.5 3.3 3.7 4.1
Total 24.1 23.0 21.9 20.8

Percentage of debt held by vulnerable households  
1st-25th percentile 9.5 10.7 10.1 9.7
25th-50th percentile 10.2 9.4 8.6 7.4
below the median 19.7 19.9 18.3 16.9
50th -75th percentile 7.9 6.7 6.5 6.1
75th -100th percentile 9.8 9.4 9.6 9.7
Total 37.5 35.9 34.1 32.8
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6 - Credit loans and 70 per cent of mortgages at adjustable rate  
 
Percentage of households with DSR>30%      Percentage of debt held by vulnerable     

households 

 
 

 
 
Note: we randomly assigned a fraction of individuals declaring a fixed rate mortgage to hold a variable rate mortgage so 
that about 70 per cent of the mortgages are at variable rate. We also assume that the credit loans are adjustable rate.  
 
 

2012 2013 2014 2015

Percentage of vulnerable households over total households
1st-25th percentile 1.5 1.6 1.6 1.6
25th-50th percentile 1.4 1.3 1.2 1.1
below the median 2.9 2.9 2.7 2.7
50th -75th percentile 1.2 0.9 0.9 0.8
75th -100th percentile 0.7 0.7 0.7 0.8
Total 4.8 4.5 4.4 4.4

Percentage of vulnerable households over indebted households  
1st-25th percentile 7.6 7.4 6.8 6.6
25th-50th percentile 7.0 6.2 5.1 4.5
below the median 14.6 13.4 11.9 11.2
50th -75th percentile 6.0 4.2 3.8 3.3
75th -100th percentile 3.5 3.0 3.1 3.3
Total 24.1 20.8 18.9 18.0

Percentage of debt held by vulnerable households  
1st-25th percentile 9.5 10.4 9.6 9.2
25th-50th percentile 10.2 8.9 7.8 6.9
below the median 19.7 18.9 17.2 15.9
50th -75th percentile 7.9 6.3 5.8 5.2
75th -100th percentile 9.8 8.9 8.6 8.2
Total 37.5 34.2 31.3 29.3



31 
 

7 - Income process estimated using the SHIW data from 2008 to 2012  
 
Estimated mean and standard deviation for income process (SHIW 2008-2012) 

 

 

 
 
 
 
 
 
 

1st-25th percentile -0.020 0.040 -0.028 0.032
25th-50th percentile -0.014 0.029 -0.016 0.025
50th -75th percentile -0.014 0.036 -0.014 0.025
75th -100th percentile -0.010 0.029 -0.011 0.001

ࢎ࢚࢝࢕࢘ࢍࢊ࢟
d d  

ࢎ࢚࢝࢕࢘ࢍ ࢟

2012 2013 2014 2015

Percentage of vulnerable households over total households
1st-25th percentile 1.5 1.6 1.7 1.8
25th-50th percentile 1.4 1.4 1.3 1.2
below the median 2.9 3.0 3.0 3.0
50th -75th percentile 1.2 0.9 0.9 0.8
75th -100th percentile 0.7 0.7 0.7 0.7
Total 4.8 4.6 4.5 4.6

Percentage of vulnerable households over indebted households  
1st-25th percentile 7.6 7.5 7.3 7.3
25th-50th percentile 7.0 6.4 5.5 4.9
below the median 14.6 13.9 12.8 12.4
50th -75th percentile 6.0 4.4 3.8 3.4
75th -100th percentile 3.5 3.0 2.9 3.0
Total 24.1 21.4 19.6 18.9

Percentage of debt held by vulnerable households  
1st-25th percentile 9.5 10.5 10.0 9.8
25th-50th percentile 10.2 9.3 8.5 7.5
below the median 19.7 19.7 18.4 17.1
50th -75th percentile 7.9 6.2 5.7 5.1
75th -100th percentile 9.8 9.1 7.8 7.8
Total 37.5 35.0 32.0 30.2
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A2. Comparison of backtesting exercises under different amortization hypotheses. 
Figure A2.1: Percentage of vulnerable households over total population 

 
 

Figure A2.2: Percentage of vulnerable households with income below the median over total 
population 

 
 
Note: The blue lines represent projections assuming a French amortization schedule; the green lines are projections 
assuming a fixed share of principal on current credit balance. 
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