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Abstract 
This article examines female labour market participation and labour supply responses to partner employment 
difficulties in Italy, focusing on the Added Worker Effect (AWE), defined as the compensatory increase in 
women’s labour market participation and/or labour supply following adverse household income shocks. Using 
longitudinal data from the Italian Labour Force Survey (2004–2019), spanning the Great Recession, the study 
applies a dynamic difference-in-differences framework to estimate women’s adjustments to partners’ 
employment transitions. The analysis extends the focus beyond partner unemployment to broader employment 
instability, including reduced working hours and job insecurity. Responses are analysed along the extensive 
margin (transitions from inactivity to employment or job search) and the intensive margin (changes in desired 
working hours or part-time to full-time), distinguishing between desired and actual labour supply to capture 
labour market and household constraints. Results reveal a statistically significant and counter-cyclical AWE in 
Italy. Female labour market participation increases following partner shocks but declines once partners return 
to stable employment, indicating a predominantly temporary effect. While women increase participation, 
actual working hours do not rise, though desired hours do. The magnitude of responses varies by household 
characteristics, region, and prior female labour market attachment. Overall, findings highlight the importance 
of household risk-sharing mechanisms and labour market rigidities in shaping women’s labour supply 
adjustments in a context of low female labour force participation. 
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to stable employment, indicating a predominantly temporary effect. While women increase participation, 
actual working hours do not rise, though desired hours do. The magnitude of responses varies by household 
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1 Introduction 
 

The dynamics of household labour supply decisions play a critical role in shaping labour market responses to 
economic shocks. One well-documented mechanism through which households adapt to adverse income 
shocks—particularly job loss—is the Added Worker Effect (AWE), whereby a secondary earner, typically the 
female partner, enters the labour market or increases her labour supply to compensate for the lost earnings of 
the primary earner. While this phenomenon has been studied extensively in various contexts, its relevance and 
intensity can vary significantly across countries and institutional environments. 

Initially observed at the macroeconomic level during economic downturns, the AWE was first 
conceptualized by Humphrey (1940) and Woytinsky (1940), who described how additional workers—typically 
wives or secondary earners—entered the labour force as a direct response to their partner’s unemployment. 
These so-called "forced entrants" became emblematic of countercyclical household labour supply behaviour. 
Early empirical work produced mixed findings. Mincer (1962) found that wives' labour force participation 
increased during recessions, supporting the presence of an AWE. In contrast, Heckman and MaCurdy (1980), 
using data from the Panel Study of Income Dynamics (PSID), found little evidence of a female labour supply 
response to ‘transitory’ shocks in household income. Subsequent studies introduced more dynamic and 
nuanced approaches. Lundberg (1985), controlling for employment uncertainty and credit constraints, 
identified an AWE among Hispanic and white women in Denver and Seattle. Similarly, Maloney (1987) found 
that women's labour supply responded not only to unemployment but also to underemployment of their 
husbands, indicating that partial income loss also triggers labour market responses. 

The 2008 global financial crisis renewed scholarly interest in the AWE, prompting a series of cross-national 
and country-specific studies. Lee and Parasnis (2014), using panel data from 22 countries, concluded that while 
the discouraged worker effect dominates in developed economies, the AWE plays a stronger role in developing 
contexts. Bredtmann et al. (2018), using EU-SILC data across 28 European countries from 2004 to 2013, found 
significant AWE responses along both the extensive (labour market entry) and intensive (increased work hours) 
margins. Subsequent studies offered more nuanced evidence. For example, Hardoy and Schøne (2014) detected 
no general AWE in Norway but did identify effects among specific subgroups, while Starr (2014) demonstrated 
that U.S. women whose partners became non-employed increased their employment rates during the 2007–
2009 recession. In Turkey, Ayhan (2018) estimated a short-term rise of 15–28% in female labour force 
participation following husbands' unemployment, with a lag of one quarter. Using a structural approach, Wang 
(2019) modelled household joint decisions on savings and job search, showing that such dynamics help explain 
the counter-cyclicality of female—but not male—unemployment.  

Recent research has refined our understanding of the Added Worker Effect by examining heterogeneity in 
household responses, the role of institutional settings, and the distinction between actual and desired labour 
supply. Bryan and Longhi (2018) examined how couples’ labour supply behaviour in the UK responds to a job 
loss by one partner, comparing the period of growth of 1995–2007 to the Great Recession and its aftermath of 
2008–11. They found that women whose partners lose their jobs are not more likely to enter the labour market 
than those whose partner does not experience a job loss. However, this null effect decomposes into a positive 
job search effect and a negative job entry effect. They even found little evidence that people act in advance of 
job losses, suggesting that unemployment typically comes as a surprise. Halla et al. (2020), based on 
administrative data, provided evidence that the labour supply response of Austrian wives is positive and 
statistically significant but small compared to the husbands’ losses. They showed that females mainly respond 
at the extensive margin, with the employment rate increasing by 1 percentage point and that most respondent 
females are mothers with children aged 3–15. Cameraat et al. (2023) further enriched the literature by 
distinguishing between actual and desired labour supply, highlighting that constraints such as childcare and 
labour market rigidities often prevent women from fully realizing their labour supply preferences during 
downturns. Building on the importance of labour supply margins, Been et al. (2024) showed that considering 
both extensive and intensive margin responses is essential for accurately capturing the full extent of the Added 
Worker Effect, particularly in contexts with already high female labour participation. Finally, Beckmannshagen 
and Glaubitz (2024) illustrated how social protection systems can moderate the AWE, with more generous 
benefits reducing the financial necessity for added work among secondary earners. In the Italian context, 
research has pointed to a limited but detectable AWE. Ghignoni and Verashchagina (2016), using the Bank of 
Italy's Survey on Household Income and Wealth (SHIW) for the years 2006, 2008, 2010, and 2012, found 
evidence of an AWE mainly during periods of acute hardship. Baldini et al. (2018), analysing EU-SILC data 
from 2004 to 2014, documented a robust increase in household labour supply following employment shocks—



not only among wives but also among teenage children, highlighting the broader intra-household labour 
response to job loss. 

Our study contributes to this evolving discourse by analysing the AWE in Italy over a long horizon (2004–
2019) —a timeframe that spans the Great Recession and its aftermath—by adopting a dynamic approach 
through a difference-in-differences (DiD) methodology. Italy represents a particularly interesting case due to 
its traditionally low female labour force participation, strong family ties, and a labour market characterized by 
high segmentation. Moreover, the dual-income household model has historically been less dominant in Italy 
compared to other European economies, raising questions about how Italian families respond to male 
unemployment shocks. Italy experienced the recession in 2008–09, with a second economic downturn around 
2011–12. Although recovery began around 2014, improvements remained modest, and unemployment stayed 
elevated through the period 2008–2016. The recession disproportionately hurt male workers, particularly in 
sectors dominated by men (e.g. construction, manufacturing).1 

The novel contribution of our work to the literature, particularly that concerning Italy, is multifaceted. First, 
we examine whether the AWE can also be triggered by broader forms of partner instability or job insecurity, 
rather than being limited solely to periods of unemployment, as is commonly the focus in existing research. In 
doing so, the paper contributes to a more nuanced understanding of intra-household labour supply adjustments 
in Italy in the face of economic distress. Second, this study explores both the extensive margin—the decision 
of previously inactive women to enter the labour force—and the intensive margin—adjustments in working 
hours among already employed women—in response to their partner's unemployment spells. We enrich the 
analysis by distinguishing between actual and desired labour supply—capturing potential constraints or 
mismatches that might suppress the observed AWE. In labour markets like Italy’s—characterized by rigid 
employment structures, regional disparities, and persistent gender norms—such gaps may obscure the full 
extent of latent labour supply potential. To complete the analysis, we explore the temporary nature typically 
associated with the AWE. If the AWE is indeed a short-term response, we would expect it to diminish once the 
economic shock subsides, and the male partner returns to employment. In such cases, a decline in women’s 
labour market participation and a return to inactivity would be expected. To investigate this, we analyse 
women's labour market transitions following their partner’s exit from unemployment and re-entry into full 
employment.  

Our empirical analysis draws on longitudinal data from the Italian Labour Force Survey (ILFS), 
administered by the Italian National Institute of Statistics (ISTAT). The ILFS adopts a rotating panel design, 
observing individuals in four quarters over a span of six consecutive quarters starting from their initial 
inclusion in the sample. Nevertheless, ISTAT makes publicly available only a reduced version of this 
panel, including individuals who participated both in the first and the fifth survey quarters. This 
design yields four biennial panels for each calendar year. While full biennial panel datasets are accessible 
for the period between 2012–13 and 2018–19, only first-quarter data are available for the earlier period 
spanning 2004–05 to 2012. To maintain consistency and comparability across survey years—and to allow the 
examination of family labour dynamics over a long-term horizon that includes the Great Recession and its 
subsequent effects—we limit our analysis to first-quarter data. As a result, the final dataset comprises 15 
biennial panels covering individuals observed during the first quarter of each two-year period from 2004–05 
through 2018–19. 

The added value of the ILFS data lies in their richness and detail regarding various aspects of employment. 
This comprehensive information enables the assessment of employment uncertainty, underemployment, risk 
of unemployment, and employment preferences—such as the desire to increase working hours or to move from 
part-time to full-time positions. These features allow for an in-depth analysis of women's labour market 
transitions, not only in response to their partners’ actual transitions from employment to unemployment, but 
also in relation to increased unemployment risk, reductions in their partners’ working hours, or the loss of a 
secondary job. Such events reflect a shift in the household’s economic resources, which may in turn affect 
employment decisions within the household. Moreover, the ILFS data make it possible to examine a broad 
range of outcomes on the female side—not only transitions from inactivity to unemployment or employment, 
but also movements from non-searching to active job search, expressions of a desire to work more hours, and 
transitions from part-time to full-time employment. 

However, a key limitation of the ILFS is the lack of information on the reasons behind men's job loss. As a 
result, we are unable to isolate households in which male unemployment results from plant closures or 
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unexpected layoffs. Plant closures have recently been used to address concerns of reverse causality—namely, 
the risk that women's labour market decisions precede and influence those of their male partners (Halla et al., 
2020; Stephens, 2002). The underlying assumption is that such events are external to family-level decision-
making. Nonetheless, this strategy has been criticized for several reasons. One concern is that closing plants 
may not be representative of the broader labour market or population. Additionally, as noted by Been et al. 
(2024), plant closures are often anticipated events, widely discussed and known in advance. In such cases, 
families may adjust their decisions ahead of time, thereby undermining the exogeneity of the shock. By 
contrast, our analysis has the advantage of covering the period of the Great Recession, an unexpected and 
unanticipated economic shock. During the recession, entire sectors were affected by the crisis, impacting many 
individuals—as is often the case during downturns. One example is the construction sector, which, among 
other characteristics, is typically male-dominated. In Italy, the effects of the Great Recession were particularly 
prolonged; the country experienced the crisis over multiple years—2008–09 and 2011–12—and showed only 
a very modest recovery starting in 2014, which was insufficient to counteract unemployment, persisting until 
2016. Moreover, Italy represents a unique case compared to other European and global economies, due to its 
particularly low female labour force participation rate. This pattern reflects persistent structural and cultural 
barriers in the Italian labour market that continue to limit women's employment opportunities. This context—
characterized by exogenous shocks, persistent male unemployment, and low female labour force 
participation—provides a valuable setting to investigate intra-household labour adjustments. 

In the final part of our analysis, we investigate whether women tend to exit the labour market when their 
partners return to employment. Our findings confirm this pattern, further supporting the interpretation that 
women’s labour market participation represents a temporary and compensatory response to household-level 
economic shocks. 

The remainder of this article is organized as follows: in Section 2 we describe the original data and the 
construction of the database and variables; Section 3 discusses the methodological aspects of the econometric 
analysis; Section 4 goes over the empirical results; and Section 5 concludes. 
 

 

2 Data and Sample Construction 
 

The analysis is based on longitudinal data from the Italian Labour Force Survey (ILFS), conducted by the 
Italian National Institute of Statistics (ISTAT). The ILFS adopts a rotating panel design, following individuals 
in four quarters over a span of six consecutive quarters after their entry into the survey. However, ISTAT 
publicly releases only a reduced version of this panel, consisting of individuals interviewed in both the entry 
and fifth quarters, thereby generating four biennial panels for each calendar year. Complete biennial panel data 
are available for the period 2012–13 to 2018–19, whereas for the earlier period from 2004–05 to 2012, only 
first-quarter data are accessible. Given our aim to investigate family work dynamics over an extended time 
span—encompassing the Great Recession and its aftermath—while maintaining data consistency and 
comparability across years, the analysis is restricted to first-quarter data. Consequently, our dataset comprises 
15 panels of individuals observed in the first quarters of the two years of each biennium, spanning the period 
2004–05 to 2018–19. 

The original ILFS panel data are at the individual level, lacking information on marital status or intra-
household relationships. However, by leveraging a common household identifier and individual 
characteristics—such as gender, age in five-year bands, age differences among household members, 
occupation, education level, and nationality—we reconstructed family relationships.2 This household 
reconstruction process began with two-member households and progressively extended to those with more 
individuals.  

For the empirical analysis, we restricted the sample to nuclear households, with or without children, that 
maintained a stable composition over the two years of the panel. We further excluded households with same-
sex partners, retired individuals, people unable to work, or individuals outside the 25–54 age range. Full details 
of the sample’s characteristics and descriptive statistics are provided in Appendix A. There, we also compare 
our sample with both the complete longitudinal and cross-sectional ILFS datasets. In the upper part of Table 
A1, we present the number of households in our longitudinal sample, disaggregated by panel and in pooled 
form, along with the percentage of our sample relative to the total number of households in the original ILFS 
longitudinal data for each panel and for the pooled dataset. 

 
2 The household reconstruction procedure is discussed in detail in Appendix B. 



Over the entire 2004–2019 period, the original longitudinal ILFS comprises 450,652 households, with 
between 28,363 and 32,382 households per panel. Our final sample—which reflects the aforementioned 
selection criteria—includes 109,711 households in the pooled dataset, accounting for 24.3% of the original 
pooled data. The percentage of households in our sample ranges from 20.6% to 29.4% across individual panels. 
In cases such as ours, it is advisable to use weighted data. Accordingly, Table A1 also reports the percentage 
of households in our weighted sample. These sampling weights, which ensure the representativeness of our 
sample with respect to the broader longitudinal population, will be applied consistently throughout the 
empirical analysis. 

To evaluate the validity of our household reconstruction procedure, we assessed whether the final sample 
remains representative of the target population. We compared our figures with those from the cross-sectional 
ILFS, even though comparable data on households with exactly the same characteristics as ours are not directly 
available. Nonetheless, from ISTAT’s website3, we retrieved cross-sectional data on the total number of 
households in which the female partner is aged 25–54. In the lower part of Table A1, we report these data and 
the corresponding percentages relative to the total cross-sectional sample, both year by year and for the pooled 
dataset. 

In the ILFS cross-sectional data, the proportion of households where the woman is aged 25–54 fluctuates 
between 33% and 40%, with a value of 36.5% in the pooled dataset. When comparing these figures with our 
weighted sample, we observe a similar temporal trend: in both datasets, the percentage of selected households 
declines over time. We interpret this as a positive indication of the robustness of our reconstruction. However, 
our sample appears to be slightly less representative of the total longitudinal ILFS data—by around seven to 
nine percentage points4—compared to the cross-sectional data. This result is not unexpected: our sample 
selection is more restrictive, including only nuclear households with unchanged composition over two years, 
excluding retirees, and limited to the 25–54 age group. These constraints naturally lead to differences in 
representativeness, attributable to the distinct household characteristics considered. 

To check the goodness of our sample selection even in relation to household composition, in Table A2 in 
Appendix A we provide information on the distribution of households by number of children. Even in this 
case, we compare the representativeness of our sample to that of the sample extracted from the cross-section 
of the ILFS that includes households with couples in which the female is 25–54 years old. Similar to what was 
observed in Table A1, we observe some small differences between our sample and the data selection from the 
cross section. In particular, our sample slightly underrepresents childless households. Conversely, it slightly 
overrepresents families with two or more children. We think this finding can be partially explained by two 
facts: first, our sample does not include couples in which one of the two members, or both, have already retired; 
second, our sample constrains the maximum age of each member to 54 years. However, the temporal trend in 
the representation of each type of family is very similar between our sample and the cross-sectional selection 
and this confirms, in our opinion, the goodness of the cleaning process that we have carried out. 

To further validate the quality of our sample selection with respect to household composition, Table A2 in 
Appendix A presents data on the distribution of households by number of children. Again, we compare our 
sample with the cross-sectional ILFS subsample comprising couples where the woman is aged 25–54. 
Consistent with the findings in Table A1, we observe minor differences. Specifically, our sample slightly 
underrepresents childless households and slightly overrepresents households with two or more children. We 
believe this outcome can be partially explained by two factors: (1) our sample excludes households where 
either partner is retired, and (2) we impose a maximum age of 54 years for both household members. Despite 
these small deviations, the temporal pattern of household types is strikingly similar between our sample and 
the cross-sectional ILFS. This consistency further reinforces the validity of the data cleaning and 
reconstruction procedures we have implemented. 

 

 

3 Empirical strategy and model specification 
 

The main objective of our study is to detect the employment effect on women resulting from a change in the 
employment status of their male partners. We investigate whether a partner’s transition to unemployment or 
an increase in his risk of unemployment influences the woman’s labour market participation, her job search 
activity, or her labour supply. To this end, we examine transitions in employment status within couples over 

 

3
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4 It is only in the most recent year that the difference rises to approximately 12 percentage points. 
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the years covered by the panels. It is important to recall that our panels comprise couples observed over two 
years, with t0 representing the first year and t1 the second year of observation. 

To achieve our objective, we adopt a dynamic approach and employ a DiD methodology.5 Specifically, we 
identify the AWE by comparing two groups of women: a 'treated' group and a control group. In general, we 
define the treated group as comprising women whose partners moved from employment to unemployment or 
experienced an increased risk of unemployment between t0 and t1. Conversely, the control group consists of 
women whose partners experienced no change in employment over the same period. For these two groups, we 
estimate the difference in the probability of entering the labour market or increasing labour supply between 
the two years. Our results will provide evidence of an AWE if the probability of labour market entry differs 
significantly between treated and untreated women. 

To estimate the difference between treated and untreated women in terms of their probability of entering 
the labour market, we employ a linear probability model6 of women's employment status across the two years, 
specified as follows: 

 𝐸𝑆௜௧ = 0ߚ + ௧ܦ1ߚ + 2ߚ ௜ܶ + 3ߚ ௜ܶ ∗ ௧ܦ + 4ߚ ௜ܺ௧0 +  ௜௧ ,   [1]ߝ
 

where 𝐸𝑆௜௧ represents the employment status of woman i at time t, ܦ௧ is a year dummy taking the value 0 
in t0 and 1 in t1, and ௜ܶ is a dummy variable indicating whether the woman is treated (1 if treated, 0 if not).  
The interaction term (ܦ௧ × ௜ܶ) is the variable of interest, capturing the differential effect of treatment on the 
change in women’s employment status over the two periods. ௜ܺ௧0 includes a set of covariates, all measured at 
t0,7 and ߝ௜௧ is the error term, assumed to be normally distributed with mean zero and variance ߪఌ2. In this 
contexy, the linear probability model is an appropriate methodological choice, as our aim is not to predict 
individual outcomes but to estimate the interaction effect between time and treatment t (Angrist and Pischke, 
2009).  

At this point, it is important to elaborate on the various employment statuses considered, both for women 
and their partners. Our analysis takes advantage of the rich data available in the ILFS to estimate the AWE not 
only in its conventional form but also in a broader framework. Equation [1] is therefore estimated under 
different specifications of the treatment variable ( ௜ܶ) and the outcome variable (𝐸𝑆௜௧).8 The first model assesses 
the AWE in its ‘traditional’ form, measuring changes in female labour market participation in response to a 
partner’s transition from employment to unemployment. In this case, we observe the man’s transition from 
employment to unemployment and classify the woman’s status as either inactive or unemployed. The 
dependent variable 𝐸𝑆௜௧ takes the value 1 if the woman is unemployed and 0 if she is out of the labour force. 
The treatment variable ௜ܶ takes the value 1 if the partner is unemployed and 0 if he remains employed.  

We then extend the treatment definition to include other transitions in the male partner’s employment status. 
The aim is to analyse how an increase in the risk of job loss or a deterioration in the partner’s economic 
situation affects the woman’s employment decisions. To this end, we consider employment transitions that 
reflect both an increased risk of job loss and a reduction in work activity. The ILFS enables us to construct a 
comprehensive set of occupational transitions to capture these dynamics. First, to account for the emergence 
of job insecurity, we include transitions from employment to Cassa Integrazione Guadagni (CIG). CIG is an 
Italian wage supplementation scheme that provides income support to employees whose working hours have 
been reduced or suspended due to temporary business difficulties. It is a benefit paid by the Italian Social 
Security System. Second, to assess the impact of a worsening family economic condition caused by reduced 
male employment, we consider men’s transitions from full-time to part-time work, as well as the loss of 
secondary employment between t0 and t1. 

As for women’s employment transitions, our first objective is to evaluate the AWE in its conventional form, 
focusing on transitions from inactivity to unemployment. In this model, the outcome variable 𝐸𝑆௜௧ equals 1 if 
the woman is unemployed and 0 if she is inactive. Subsequently, we explore alternative specifications of the 
outcome variable to capture different levels of engagement with the labour market and the effect on labour 

 
5 A different DiD methodology is proposed in Starr (2014), based on a pooled sample of two cross-sections. 

In this study, ‘treated’ women are defined as those whose partners were unemployed at any point in time. 
6 See Angrist and Pischke (2009) for a detailed discussion of the model’s properties. 
7 See Frölich and Sperlich (2019) and Stock and Watson (2015) for further information on model specification 

and the inclusion of covariates evaluated at t0. 
8 The next section provides a precise description of all the definitions adopted for ES and T. 



supply. To assess transitions along the extensive margin, we examine movement from inactivity without job 
search to unemployment, assigning a value of 0 if the woman is inactive and not seeking work, and 1 if she is 
inactive but actively looking for work. We also estimate a broader transition from inactivity to either 
unemployment or employment, with 𝐸𝑆௜௧ taking the value 1 if the woman is either unemployed or employed. 
This specification captures the overall extensive margin of labour market participation. Differently, to evaluate 
the intensive margin effect of the treatment—namely, its impact on labour supply—we focus only on women 
who are already employed. In this case, we use two different outcomes. The first outcome captures women’s 
preferences for greater work involvement by measuring transitions from employment without a desire for 
additional hours to employment with a desire for more hours. The second outcome evaluates transitions from 
part-time to full-time employment. 

The empirical model includes a set of covariates ( ௜ܺ௧0) that account for various personal and household 
characteristics, all measured at baseline (t0), in line with DiD methodological assumptions. To account for the 
non-linear relationship between age and employment, we include five age cohort dummies. 9 We also capture 
non-market time through dummies for women with children, and specifically for those with children under the 
age of 15. 10 Educational attainment is represented by dummies for vocational, upper-secondary, and tertiary 
education, with lower-secondary education as the reference category. An additional aspect of human capital is 
captured through a dummy variable indicating whether the woman has any prior work experience. 

Unfortunately, the ILFS does not include information on individual or household income. Therefore, we 
use proxies for the partner’s income, such as his educational level11 and occupational category. With regard to 
the latter, we identify several job types that differ in terms of responsibility, unemployment risk, entrepreneurial 
risk, and income potential. Using blue-collar workers as the reference group, we include dummies for white-
collar workers, managers and executives, self-employed individuals, and entrepreneurs. To complete the 
specification, we control for foreign citizenship, macro-region of residence (North-West, North-East, South), 
and year of observation (in the case of pooled data). Estimates are based on the sample described in Section 2, 
consisting of single-nuclear households with unchanged composition between t0 and t1, made up of couples 
(with or without children) where both partners are aged 25–54, not retired, and capable of working. 

Before turning to the discussion of the results, it is important to briefly address some methodological 
considerations. The DiD methodology allows us to control for individual characteristics that remain constant 
over time—that is, for fixed unobserved heterogeneity. However, it does not control for time-varying 
unobserved heterogeneity, which may bias estimates of the treatment effect if selection into treatment is 
endogenous. To address this issue, we combine DiD with matching (Blundell and Costa Dias, 2020) to control 
for both fixed and time-varying unobserved heterogeneity. At the same time, this approach reduces selection 
bias and confounding, thereby increasing confidence that observed post-treatment differences in outcomes are 
attributable to the treatment rather than to inherent group differences. Table A5 in the Appendix reports the 
mean values of explanatory variables for the treated and control groups, with and without matching. As shown 
in the table, these means differ significantly between the two groups, reinforcing the need to combine DiD 
with matching. The matching procedure we adopt is the propensity score matching method (Rosenbaum and 
Rubin, 1983), restricted to the ‘common support’. This procedure ensures that the distributions of propensity 
scores for treated and untreated groups overlap—i.e., both groups share the same range of propensity scores. 

In the next section, we will primarily discuss the results obtained from the pooled dataset (all panels from 
2004–05 to 2018–19), while also highlighting some specific features related to the results of individual panels. 
 

 

4 Results 
 

In this section, we discuss the results obtained from the estimation of Equation [1], that is, from the DiD models 
of the AWE. The model specification and variable definitions enable us to assess how women’s labour market 
participation responds to changes in their partners’ employment status between periods t0 and t1. As previously 
explained, the different employment transitions define distinct treatments—represented by the variable T in 
Equation [1]—each capturing a different degree of risk of a worsening household economic condition. 

 

9 Age is categorised into five groups—30 to 34, 35 to 39, 40 to 44, 45 to 49, and 50 to 54—with the reference 

category being 25 to 29. 
10 Unfortunately, the dataset does not provide further information on the age cohorts of children. 
11 The dummies representing the partner’s educational level correspond to those defined for the woman. 



Specifically, T1 identifies men’s transitions from employment to unemployment and takes the value 1 if the 
partner becomes unemployed and 0 if he remains employed. T2 captures transitions from employment to CIG, 
reduced working activity, or the loss of secondary employment, with the value 1 assigned to men experiencing 
one of these events and 0 otherwise. 

For women, we examined various transitions out of inactivity and changes in preferences for work 
involvement between t0 and t1. Accordingly, we defined several alternative dependent variables (ES). ES1 
measures transitions from inactivity to unemployment and equals 1 if a woman is unemployed in t1 and 0 if 
she remains inactive in both periods. ES2 extends this definition to transitions from inactivity to any form of 
labour force participation (either unemployment or employment), taking the value 1 if the woman enters the 
labour force in the second period. ES3 captures changes in job search behaviour, that is, transitions from 
inactivity without job search to inactivity with job search or unemployment. In this case, the sample is 
restricted to women who were inactive and not searching for work in t0; ES3 equals 1 if they are searching for 
work in t1 and 0 otherwise. ES4 reflects women’s preferences for greater work involvement, capturing 
transitions from employment without a desire for additional hours to employment with a desire for more hours. 
Finally, ES5 focuses on the actual transition from part-time to full-time employment, taking the value 1 in t1 if 
the woman works full-time and 0 otherwise. 

Before turning to the estimation results, we briefly comment on some preliminary tests supporting our 
research hypothesis. Table A3 in Appendix A reports the differences between treated and untreated women in 
the average values of the dependent variables, conditional on the different treatments. These tests indicate 
statistically significant differences in transitions towards labour market participation and in the increase in 
(desired or actual) labour supply, with treated women being more likely than untreated women to exit 
inactivity, express a desire for more working hours, and move from part-time to full-time employment. These 
preliminary findings motivated the subsequent econometric analysis. 

Our econometric results are numerous, as they include estimates for all combinations of ES and T 
definitions. Although, in a DiD framework, the coefficients of the control variables have relative rather than 
direct interpretative importance, it is still useful to verify that their estimated signs and magnitudes are 
plausible and consistent with the literature. For this reason, Tables A4 in Appendix A12 report the complete set 
of estimates—without matching—for all covariates. 13 Before focusing on the results for the coefficient 3ߚ, we 
briefly comment on the control variables. In Tables A4(a, b), the first column corresponds to the conventional 
AWE (female transitions from inactivity to unemployment, ES1), while the following columns refer to the 
other types of transitions under the same treatment. The estimated coefficients for the control variables show 
signs generally consistent with the established evidence on female labour market participation and labour 
supply. In particular, the number of children exerts a negative effect on women’s transitions to activity and on 
increases in (desired or actual) labour supply. The probability of entering the labour market or wishing to 
increase working hours decreases with age, while higher education levels are associated with greater 
probabilities of transition into work and increased labour supply. Prior work experience also has a positive and 
significant effect on both labour market entry and labour supply. 14 Regarding partner characteristics, women’s 
employment and labour supply are negatively associated with their partner’s self-employment or 
entrepreneurial status. 15 Moreover, the probability that a woman enters the labour market or increases her 
labour supply decreases when her partner holds a university degree. The results for outcomes ES4 and ES5 
confirm the relevance of part-time employment in explaining both the desire to work more hours and the 
transition from part-time to full-time work between the two years. For ES4, women employed part-time in t0 
are more likely than full-time workers to express a preference for more working hours in t1. However, the 
estimates for ES5 indicate that voluntary part-timers are less likely to move from part-time to full-time 
employment. 

 
12 Table A4a shows the results for Treatment T1; Table A4b shows the results for Treatment T2. 
13 In the case of the estimation with matching, the Stata command does not report the estimated coefficients 
for the control variables (Villa, 2016). 
14 The woman’s work experience is captured by a dummy variable equal to 1 if she reported any previous 
labour market experience. No information is available on the total number of years or months of experience. 

This variable is omitted in the estimates for ES4 and ES5, in which case the sample includes only working 

women. 
15 The coefficients should be interpreted relative to the reference category: blue-collar employment. 

 



Table 1 reports the estimates of the DiD coefficient 3ߚ for both the models without matching and those 
estimated with matching restricted to the common support. The common support in propensity score matching 
refers to the overlap in the distribution of propensity scores between treated and control groups, ensuring that 
comparable individuals exist in both groups for a valid causal comparison. Table A5 presents the results of the 
bias analysis between treated and control groups, based on the covariates used in the estimation of ES1 and T1 
(the traditional AWE). The analysis confirms that applying common support matching substantially reduces 
bias between the two groups. For this reason, although we report both sets of estimates, we mainly focus the 
discussion on those obtained with the common support restriction. 
 

a) Estimates without matching 

Employment status 

transition 

Treatment 

T1 T2 Obs. 

Coeff N. treated. Coeff N. treated  

ES1  0.161*** 743 0.016 892 34233 

ES2  0.127*** 743 0.006 892 34233 

ES3  0.160*** 573 0.007 733 28607 

ES4  0.041** 517 0.032*** 1158 46873 

ES5  0.041 232 0.050** 501 18530 
* p < 0.05, ** p < 0.01, *** p < 0.001 

b) Estimates with matching restricted to the ‘common support’ 
Employment status 

transition 

Treatment 

T1 T2 Obs. 

Coeff N. treated Coeff N. treated  

ES1  0.162*** 743 0.032*** 892 34233 

ES2  0.130*** 743 0.022* 892 34233 

ES3  0.131*** 573 0.021 733 28607 

ES4  0.038*** 517 0.027*** 1158 46873 

ES5  0.016 232 0.055*** 501 18530 
* p < 0.05, ** p < 0.01, *** p < 0.001 

T1: men’s transitions from employment to unemployment; T2: men’s transitions to CIG, reduced activity, 
or other job loss. 

ES1: women’s transitions from inactivity to unemployment; ES2: inactivity to unemployment or 
employment; ES3: inactivity ‘not searching’ to inactivity ‘searching’ or unemployment; ES4: 
employment ‘not wishing for more hours’ to ‘wishing for more hours’; ES5: part-time to full-time 

employment. 

Table 1. The AWE coefficient with different treatments and outcomes (DiD estimates with and without 

matching) 

 

At first glance, the coefficients estimated with and without matching appear broadly similar, although the 
significance of the DiD coefficient varies, especially under treatment T2.  

Let us first consider treatment T1, which captures men’s transitions from employment to unemployment—
the traditional focus of the AWE literature. In this case, the DiD coefficient is significant for all ES outcomes 
except ES5, that is, the transition from part-time to full-time employment. For the transition from inactivity to 
unemployment (ES1), the coefficient equals 0.162 under the common support specification, indicating that 
treated women (T1) are 16.2% more likely than untreated women to exit inactivity into unemployment. This 
provides evidence of a conventional AWE in Italy. For ES2—capturing transitions from inactivity to 
unemployment or employment—the coefficient remains highly significant, although slightly smaller (0.130). 
The lower magnitude of ES2 compared with ES1 suggests that direct transitions from inactivity to employment 
(i.e., bypassing unemployment) are less common. For ES3, which captures changes in job-search behaviour 
among inactive women, the DiD coefficient indicates a 13% higher probability of entering the labour market 
for treated women. Overall, these results confirm a clear AWE at the extensive margin, with the strongest effect 
observed in transitions from inactivity to unemployment, though significant across all specifications and above 
13%. 

Turning to the intensive margin, a novel contribution of our analysis concerns outcomes ES4 and ES5, 
which capture women’s desired and actual increases in labour supply following their partner’s unemployment. 



For treatment T1, the DiD coefficient for ES4 is strongly significant—0.041 without matching and 0.038 with 
common support matching—indicating that a partner’s transition to unemployment raises the probability that 
employed women wish to work more hours by about 3.8%. Table 2 provides a detailed breakdown of ES4 for 
women working full-time and part-time, and among the latter, by voluntary and involuntary part-timers. The 
results show that the intensive-margin AWE is concentrated among part-time workers, with an estimated effect 
of 10.3% under the common support specification. The coefficients lose significance when the two part-time 
subgroups are analysed separately, most likely due to the small sample sizes (91 and 84 observations, 
respectively). Thus, although part-time women exhibit a significant AWE in terms of increased work 
preferences, these preferences do not translate into actual transitions from part-time to full-time employment. 
The non-significant coefficient for ES5 suggests that treated part-time women are not more likely than 
untreated ones to obtain full-time jobs. This gap between desire and realization may reflect labour market 
rigidities that hinder transitions to full-time work, or constraints linked to family care responsibilities. Women 
may wish to increase their working hours, but a rigid labour market that limits flexible arrangements or family 
care responsibilities prevent them from doing so, forcing them to remain part-time despite economic pressures. 
 

a) Estimates without matching 

Employment status 

transition 

Treatment 

T1 T2 Obs. 

Coeff N. treated Coeff N. treated  

ES4 (women FT only) -0.004 342 0.025** 752 31882 

ES4 (women PT only) 0.121*** 175 0.038** 406 14991 

ES4 (voluntary PT) 0.078* 91 0.034* 309 11038 

ES4 (non-voluntary PT) 0.122** 84 0.058 97 3953 

      
* p < 0.05, ** p < 0.01, *** p < 0.001 

b) Estimates with matching restricted to the ‘common support’ 
Employment status 

transition 

Treatment 

T1 T2 Obs. 

Coeff N. treated Coeff N. treated  

ES4 (women FT only) -0.002 342 0.021*** 752 31882 

ES4 (women PT only) 0.103*** 175 0.032** 406 14991 

ES4 (voluntary PT) 0.049 91 0.022* 309 11038 

ES4 (non-voluntary PT) 0.089 84 0.090** 97 3953 

      
* p < 0.05, ** p < 0.01, *** p < 0.001 

Table 2. The intensive-margin AWE  

 

Finally, when considering treatment T2—representing a deterioration in the partner’s work situation due to 
reduced activity, CIG entry, or loss of secondary employment—the coefficients for the extensive-margin 
outcomes (ES1–ES3) are smaller than those obtained for T1, as expected, but remain statistically significant 
for ES1 and ES2, with values of 0.032 and 0.022, respectively. This indicates that an AWE also emerges when 
the partner remains employed but faces job insecurity, suggesting that women react not only to actual 
unemployment but also to perceived risks to household economic stability. In the case of treatment T2, the 
results for outcomes ES4 and ES5, as well as the detailed breakdown of ES4 by type of part-time work, differ 
from those obtained under T1. Under T2, the labour supply effect is positive and statistically significant for 
both outcomes. When the partner experiences a deterioration in his work situation—such as reduced working 
hours, the loss of a secondary job, or entry into CIG—treated women not only express a stronger desire to 
work more but also actually increase their working hours to a greater extent than untreated women. The 
estimated probability increase is significant both without matching and when applying the common-support 
matching procedure, amounting to approximately 3% for ES4 and 5% for ES5. Considering only the estimates 
under common support, women whose partners experience a negative change in employment conditions are 
2.7% more likely than untreated women to wish to work more. Among part-time workers, the transition to full-
time employment is significant and about 5.5% more likely for treated than untreated women. Thus, unlike the 
T1 treatment effect, T2-treated part-time women are more likely to move into full-time positions. 



This evidence suggests that the onset of job uncertainty and economic insecurity within the household 
stimulates women to increase their labour supply. The difference with respect to T1 is consistent with the 
results reported in Table 2, where models are estimated separately for full-time, part-time, voluntary, and 
involuntary part-time employment. Under treatment T2, both full-time and part-time women display a stronger 
willingness to work more, although the effect is particularly pronounced among those in involuntary part-time 
jobs. These women show a 9% higher propensity to wish for additional working hours compared with untreated 
counterparts, translating into a 5.5% higher probability of moving from part-time to full-time employment (as 
indicated by the ES5 coefficient). When household income declines due to a reduction in the partner’s earnings, 
these women appear able to escape involuntary part-time employment and achieve full-time positions. 
Conversely, under treatment T1—where the partner becomes unemployed—the more severe loss of household 
income likely limits the scope for adjustment through increased female labour supply. In this sense, a partial 
income reduction under T2 may instead create an opportunity for some part-time women to strengthen their 
economic position within the household. 

To complete the analysis, we explored the extent of heterogeneity in the AWE. To do so, we focused on the 
traditional AWE specification (treatment T1 and outcome ES1), which is numerically adequate for performing 
a disaggregation across subsamples. We estimated the AWE for different strata of the sample by re-estimating 
Equation [1] separately for households with and without children; for households with an Italian or foreign 
male partner; for households residing in the different macro-areas of the country; for households in which the 
woman has or has not previous work experience; and for different age and education groups of the woman. 
Table 3 reports the results of these estimates. 

The results show that the AWE is strongly significant at least at the 1% level for all subgroups except 
households without children and those in which the woman holds a university or vocational qualification. In 
these strata, the number of treated observations is extremely small, which very likely explains the loss of 
significance when using the common-support propensity-score matching estimator. 
 

Strata defined by household 
characteristics: 

Common-support 
propensity score 

matching 

N. 
Obs. 

N. 
Treated 

Households with children 0.162*** 31452 688 

Households without children 0.084 2781 55 

Households with foreign male 
partner 

0.086** 2824 112 

Households with Italian male 
partner 

0.161*** 31409 631 

Northeast 0.173*** 5256 59 

Northwest 0.154*** 6781 106 

Central Italy 0.160*** 4685 73 

South 0.141*** 17511 505 

Woman with work experience 0.176*** 22372 442 

Woman with no work experience 0.084*** 11861 301 

Woman aged 25-29 0.124*** 2436 94 

Woman aged 30–34 0.104*** 5291 141 

Woman aged 35–39 0.125*** 7531 146 

Woman aged 40–44 0.195*** 8573 180 

Woman aged 45–49 0.109*** 7262 111 

Woman aged 50–54 0.092** 3140 71 

Woman with lower secondary edu. 0.146*** 18834 511 

Woman with vocational edu. 0.094 2594 33 

Woman upper secondary edu. 0.160*** 10443 172 

Woman with university edu. 0.086 2362 27 

Whole sample 0.162*** 34233 743 
* p < 0.05, ** p < 0.01, *** p < 0.001 

Table 3. AWE coefficient for treatment T1 and outcome ES1 across different strata 



 

The AWE is significant for households with children, for which the coefficient is fully aligned with that 
estimated for the full sample (16.2%). Among households with foreign male partner, the AWE remains close 
to 16%, while it drops to about half of this value (8.6%) for households with foreign male partner, most likely 
reflecting greater difficulties for foreign women in entering the labour market. In the North-East of the country 
we observe the highest responsiveness of women to their partner’s unemployment, with an AWE of 17.3%. 
This is followed by the Centre (16%), the North-West (15.4%), and the South (14.1%). 

Women’s characteristics are a key source of heterogeneity. Women without work experience exhibit an 
AWE of 8.4%, in contrast with 17.6% among those with previous work experience. The age group 40–44 
marks the stage of life in which women are most responsive to their partner’s unemployment, with an AWE of 
19.5%. The effect then decreases to around 10% between ages 45 and 54. Among younger women, the AWE 
fluctuates between 12.4% for those aged 25–29, declines slightly to around 10% among those aged 30–34, and 
rises again to 12.5% in the 35–39 age group. Education is also an important source of heterogeneity, although 
the results are likely affected by the small number of women holding a university degree or a vocational upper 
secondary qualification. In these two cases, the AWE is not significant. By contrast, the effect among women 
with an upper secondary education is similar to that estimated for the whole sample. For women with a lower 
secondary qualification, the AWE amounts to 14.6%. 

In summary, the AWE is more pronounced among women with children, those in mid-life ages beyond the 
main childbearing years and before age 50, women with an upper secondary education, and women residing 
in the North-East of the country. 

A further aspect we examine concerns the evolution of the AWE over time. To this end, we estimated the 
year-by-year DiD coefficient for the ‘classic’ treatment (T1). 16 Figure 1 provides a graphical summary of these 
results, comparing the series of annual DiD coefficients17 expressed in percentage terms (AWE%) with the 
percentage of employed men in t0 who moved from employment to unemployment between t0 and t1. The 
AWE% indicates the percentage increase in the probability that treated women move from inactivity to 
unemployment relative to untreated women. For example, an AWE% of around 30 in 2008 means that, between 
2008 and 2009, treated women were 30% more likely to transition from inactivity to unemployment than their 
untreated counterparts. 
 

 
16 The relatively low numbers did not permit us to extend the analysis to the T2 treatment. 
17 The year-by-year DiD coefficients are all statistically significant, except for that of 2006. 



 
Figure 1. AWE yearly estimates versus percentage of employed men transiting to unemployment  
 

The series on men’s transitions from employment to unemployment closely mirrors the pattern of GDP 
growth (Figure 2). Such transitions declined up to 2007, a year in which GDP increased by almost 2%. Between 
2007 and 2009, men’s transitions to unemployment rose to 2.5%, corresponding to the sharp drop in GDP 
growth of more than 6 percentage points. Following a temporary recovery in GDP to 1% in 2010—and a 
corresponding decline in the flows into unemployment—GDP fell again between 2010 and 2012, and 
transitions to unemployment reached 3% in 2013.18 Thereafter, GDP returned to positive growth, and men’s 
transitions to unemployment fell steadily from year to year. 

Turning to the dynamics of the AWE, we observe that between 2004 and 2012 women’s labour market 
response is strongly correlated with falling GDP growth and rising male unemployment, displaying the 
expected counter-cyclical pattern. During periods of economic downturn—particularly between 2007 and 
2009, when the crisis intensified—the AWE became more pronounced reaching a value of 25% in 2007 and 
almost 30% in 2008. Conversely, during phases of recovery, such as 2004–2006 and 2009–2010, the AWE 
diminished below 15%. From 2013 onwards, the AWE also tended to decline, maintaining its counter-cyclical 
nature, with the exception of 2018, when—in contrast to falling male unemployment transitions—it 
nonetheless increased by several percentage points. In this case, looking at the path of GDP growth, we notice 
that in 2018 there was an almost 1% slowdown in GDP growth, which may help explain the increase in the 
AWE. Apart from this year, the evidence indicates that, since 2004, the AWE in Italy has followed a 
predominantly counter-cyclical trend. 

 

 
18 Italy, like Greece, Spain, Cyprus and Portugal, fell back into recession in 2012 as a result of the sovereign 
debt crisis. 
 



 

Our elaborations on World Bank data (https://data.worldbank.org/) 
Figure 2. GDP growth in Italy 2004–2018 

 

 

5 The Inverse Added Worker Effect 

The AWE is generally conceived as a short-term response: once the shock subsides and the male partner 
returns to employment, a reduction in women’s labour market participation should follow, implying a reversion 
to inactivity among the additional workers. However, this return to the pre-shock situation is rarely examined 
in the literature. Properly testing this hypothesis would require multi-year panels allowing observation of 
women who entered the labour market following their partner’s unemployment, once the latter regained 
employment. 

We take this question a step further and consider whether the AWE identified for Italy is merely 
temporary—ending when the employment emergency concludes—or whether it persists even after the male 
partner resumes work, thus generating a more permanent adjustment. Specifically, we ask whether the AWE 
can induce a shift in women’s preferences relative to the pre-shock situation, encouraging them to remain in 
the labour force even after their partner exits unemployment. Unfortunately, the ILFS panels cover only two 
consecutive years (t0 and t1), preventing us from observing what happens beyond t1. To address this limitation, 
we assess whether women who are in the labour force at t0, and whose partners move from unemployment to 
employment between t0 and t1, are more likely to become inactive than women whose partners remain 
unemployed. Using a DiD approach, treated women are those whose partners exit unemployment and enter 
employment, while untreated women are those whose partners remain unemployed across the two years. The 
estimated equation is as follows: 

 𝐸𝑆௜௧௜௡௩ = 0ߛ + ௧ܦ1ߛ + 2ߛ ௜ܶ௜௡௩ + 3ߛ ௜ܶ௜௡௩ ∗ ௧ܦ + 4ߛ ௜ܺ௧0௜௡௩ +  ௜௧ ,  [2]ݒ
 

where 𝐸𝑆௜௧௜௡௩ denotes the employment status of woman i at time t, (t = t0, t1), and the superscript inv labels 
what we define as the “Inverse Added Worker Effect” (IAWE). We estimate Equation [2] under two alternative 
specifications of 𝐸𝑆௜௧௜௡௩. In the first specification (𝐸𝑆1௜௧௜௡௩), the focus is on transitions from unemployment to 
inactivity across the two years; the variable equals 0 if the woman is unemployed and 1 if she is inactive. In 
the second specification (𝐸𝑆2௜௧௜௡௩), we adopt a broader measure of the IAWE, assigning 𝐸𝑆௜௧௜௡௩ the value 0 if 
the woman is either employed or unemployed and 1 if she is inactive. ܦ௧ is a year dummy equal to 0 in t0 and 
1 in t1, and ݒ௜௧ is an error term normally distributed with mean zero and variance ߪ௩2. ௜ܶ௜௡௩ is a dummy 
identifying treatment status: treated women are those whose partners move from unemployment to 
employment, while untreated women are those whose partners remain unemployed. The interaction term  ௜ܶ௜௡௩ ∗  would indicate that women whose partners 3ߛ ௧ is the variable of interest. A significantly positiveܦ
enter employment have, in t1, a higher probability of becoming inactive than women whose partners remain 

https://data.worldbank.org/


unemployed. This would imply the presence of an IAWE, suggesting that the AWE represents a temporary 
behavioural adjustment. 

Table 4 presents the estimated coefficients for both outcome variables. 𝐸𝑆1௜௡௩ captures transitions from 
unemployment to inactivity, while  𝐸𝑆2௜௡௩extends the definition to include transitions from employment to 
inactivity. In both cases, the treatment captures men’s transitions from unemployment to employment. The 
estimated coefficients are statistically significant and point to the existence of an IAWE: women whose 
partners exit unemployment have a higher probability of moving into inactivity than those whose partners 
remain unemployed. The magnitude of this effect is around 10% for transitions out of unemployment, and 
about 4.6% when accounting for transitions from either unemployment or employment. These findings add 
new insight to the analysis of the AWE. While the AWE is theoretically expected to fade once economic 
conditions improve and the unemployed return to work, this hypothesis had not been empirically tested. 
Although our analysis relies on a proxy for the true IAWE, the results indicate a significant tendency towards 
inactivity among women whose partners gain employment. 
 

a) Estimates without matching 

Employment status transition Coefficient 𝐸𝑆1௜௡௩ 0.163*** 𝐸𝑆2௜௡௩ 0.043*** 
* p < 0.05, ** p < 0.01, *** p < 0.001 

 

b) Estimates with matching restricted to the ‘common support’ 

Employment status transition Coefficient 𝐸𝑆1௜௡௩ 0.102** 𝐸𝑆2௜௡௩ 0.046*** 
* p < 0.05, ** p < 0.01, *** p < 0.001 

 𝐸𝑆1௜௡௩: women’s transitions from unemployment to inactivity; 𝐸𝑆2௜௡௩: women’s transitions from 
unemployment or employment to inactivity. 

Table 4. The Inverse Added Worker Effect. DiD coefficient with different outcomes 

 

6 Conclusion 
 

In this article, we studied Italian female labour market participation and labour supply in response to a partner's 
employment difficulties, the so-called Added Worker Effect (AWE). The study covers a significant period 
(2004–2019), including the years of the Great Recession, allowing us to assess partners’ employment 
difficulties during times of sudden, widespread job losses.  

Using a dynamic approach and a DiD strategy, our analysis develops several aspects of the AWE. We 
examined the traditional effect occurring when a man transitions to unemployment (treatment T1), as well as 
the AWE arising from periods of reduced work activity or the emergence of risky employment situations for 
the partner (treatment T2). Both scenarios were studied with respect to women entering the labour force—i.e., 
transitions from inactivity to unemployment—and increases in working hours, allowing us to assess both 
extensive and intensive margin effects. The richness of the data also enabled us to evaluate both women’s 
preferences for increased work and actual transitions from part-time to full-time employment. In addition to 
an analysis of the overall period, we estimated the AWE year by year to examine its relationship with 
macroeconomic trends and conducted an in-depth analysis of heterogeneity across different household and 
individual characteristics. While the literature generally assumes the short-term nature of the AWE—i.e., that 
women return to inactivity when men regain employment—this hypothesis is rarely empirically tested, which 
we also address for Italy. 

Our results show that a traditional Added Worker Effect exists in Italy and is both statistically significant 
and economically substantial. On average, over the period considered, women whose partner transitioned from 
employment to unemployment from one year to the next were 16% more likely to exit inactivity and become 
unemployed than women whose partners did not experience such a transition. Year-by-year analysis confirmed 



the significance of the AWE in Italy and its counter-cyclical nature, with increases in female transitions into 
unemployment during periods of pronounced economic shocks. In particular, the years 2007–2009 and 2011–
2012 exhibited marked increases in the AWE, reaching up to 35%. 

Analysis of ‘risky’ employment situations—such as entry into Cassa Integrazione Guadagni (CIG), reduced 
working hours, or loss of secondary jobs—reveals that the AWE remains statistically significant in these cases, 
with treated women showing an approximately 3% higher probability of engaging in job search, depending on 
the specification. This finding corroborates the evidence first highlighted by Maloney (1987), who emphasised 
the importance of analysing female labour supply not only in relation to the husband’s unemployment but also 
to his underemployment. 

One of the innovative aspects of our study concerns the analysis of both desired and actual components of 
working women’s labour supply in response to a partner’s unemployment or risky employment situations. 
When the partner becomes unemployed (T1), employed women, particularly part-time workers, express a 
stronger desire to work more (10.3%), but this does not translate into actual increases in working hours or 
transitions to full-time employment, likely due to labour market rigidities or family care responsibilities. In 
contrast, when the partner faces job insecurity or reduced employment (T2), women not only wish to work 
more (2.1% for full-time workers; 3.2% for part-time workers) but also effectively increase their working 
hours, with part-time women exhibiting a 5.5% higher likelihood of transitioning to full-time positions. This 
effect is particularly pronounced among women in involuntary part-time employment, who appear able to 
strengthen their economic position within the household under partial income reductions. These results suggest 
that while complete unemployment (T1) may limit female labour supply adjustments, partial reductions in 
household income under T2 can enable women to translate their labour supply intentions into actual 
engagement. Overall, these findings highlight the nuanced ways in which household economic shocks—both 
complete and partial—affect female labour supply at the intensive margin. 

Our analysis also highlights substantial heterogeneity in the AWE. Focusing on the traditional AWE, the 
effect is strongest among households with children (16.2%) and in the North-East of Italy (17.3%), but lower 
for households with a foreign male partner (8.6%) and in the South (14.1%). Women’s characteristics further 
drive heterogeneity: those with previous work experience exhibit a higher AWE (17.6%) than women without 
(8.4%). Responsiveness peaks among women aged 40–44 (19.5%), declines among those aged 45–54, and 
assumes intermediate values in younger cohorts. Educational attainment also matters: women with lower 
secondary qualifications experience a slightly smaller effect (14.6%) than those with upper secondary 
education, whereas the AWE is not significant among women with university or vocational qualifications, 
likely reflecting small sample sizes. Overall, the AWE is particularly pronounced among women with children, 
in mid-life, with relevant work experience, and residing in more responsive regions such as the North-East. 

Finally, we examine whether the AWE represents a short-term response or generates more persistent 
adjustments. Our analysis indicates that women whose partners return to employment are significantly more 
likely to reduce their labour market participation, with probabilities around 10% for transitions from 
unemployment to inactivity. These results suggest that the AWE is primarily a temporary behavioural response, 
tending to fade once the male partner re-enters employment, although limited panel data prevent a full 
assessment of longer-term effects. 
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Appendix A 
 
Longitudinal Italian Labour 
Force Survey 

2004–05 2005–06 2006–07 2007–08 2008–09 2009–10 2010–11 2011–12 2012–13 2013–14 2014–15 2015–16 2016–17 2017–18 2018–19 
Pooled 

data 

Number of households in each 
panela 

30,637 30,190 28,673 31,000 31,780 30,794 32,382 28,909 28,363 29,489 29,330 29,857 29,758 29,718 29,772 450,652 

Number of households in our 
sampleb 

9,006 8,818 7,974 8,500 8,483 7,797 8,050 6,779 6,415 6,544 6,413 6,429 6,231 6,127 6,145 109,711 

% households in our sample 
relative to total households, 
measured at t0 

29.4% 29.2% 27.8% 27.4% 26.7% 25.3% 24.9% 23.4% 22.6% 22.2% 21.9% 21.5% 20.9% 20.6% 20.6% 24.3% 

% households in our sample 
relative to total households, 
measured at t0—weighted 
datac

 

31.5% 30.6% 30.4% 30.4% 30.2% 29.9% 29.2% 28.9% 27.6% 26.8% 26.3% 26.3% 26.1% 25.3% 25.5% 28.2% 

                 

Cross-Section Italian Labour 
Force Surveyd 

2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 
Pooled 

data 

Number of households 
(×1000) 22,790.1 23,166.6 23,438.8 23,710.7 24,073.2 24,409.1 24,669.8 24,921.7 25,195.9 25,518.0 25,767.6 25,788.6 25,797.2 25,864.7 25,925.8 371,037.8 

Number of households where 
the female partner is aged 25–
54 (×1000) 

9218,6 9182,3 9160,8 9160,3 9175,8 9174 9156,3 9087,4 8923,3 8814,2 8774,7 8700,6 8604,7 8479,5 9893,9 135,506.4 

Percentage of households 
where the female partner is 
ages 25–54 

40.40% 39.60% 39.10% 38.60% 38.10% 37.60% 37.10% 36.50% 35.40% 34.50% 34.10% 33.70% 33.40% 32.80% 38.20% 36.5% 

a Total number of households in each panel, measured at time t0. This includes all family types. 
b Number of households in our sample, comprising households with unchanged composition over the two years of the panel, with at least two members, partners of different sex, not retired, able to 
work, and with the oldest member aged 25–54. 
c ILFS sampling weights applied to ensure representativeness of the population. 
d Data reported at the population level. Our calculations are based on data obtained from the Italian National Institute of Statistics website: www.istat.it. 
Table A1. Sample size 
 

http://www.istat.it/


Our sample 
Couples 
without 
children 

Couples 
with 1 
child 

Couples with 2 
children 

Couples with 3 
or more 
children 

Total 

2004–05 15.93 31.40 41.72 10.95 100 

2005–06 16.83 29.93 42.11 11.13 100 

2006–07 15.43 30.99 43.69  9.89 100 

2007–08 15.72 32.45 42.47  9.36 100 

2008–09 16.99 31.74 42.18  9.09 100 

2009–10 17.21 31.61 41.46  9.72 100 

2010–11 17.16 31.82 41.58  9.44 100 

2011–12 16.45 32.19 41.26 10.10 100 

2012–13 16.82 31.90 42.11  9.17 100 

2013–14 16.12 32.33 41.58  9.97 100 

2014–15 16.81 30.71 42.79  9.69 100 

2015–16 16.39 31.68 41.96  9.97 100 

2016–17 16.62 32.11 42.21  9.06 100 

2017–18 17.03 31.35 41.26 10.36 100 

2018–19 16.65 32.62 41.50  9.23 100       
Italian Cross-
Section Labour 
Force Survey 

     

2004  18.39 32.86 38.06 10.70 100  
2005  18.30 32.30 39.05 10.35 100  
2006  17.74 32.50 39.98 9.78 100  
2007  17.62 32.91 39.75 9.72 100  
2008  18.17 32.85 39.28 9.70 100  
2009  18.27 32.73 39.57 9.43 100  
2010  18.35 32.69 39.40 9.55 100  
2011  18.27 32.70 39.48 9.55 100  
2012  17.90 33.01 39.68 9.41 100  
2013  17.40 33.27 39.76 9.56 100  
2014  17.49 33.22 39.86 9.42 100  
2015  17.88 32.95 39.81 9.36 100  
2016  18.12 32.86 39.83 9.19 100  
2017  18.37 32.56 39.66 9.40 100  
2018  18.48 32.69 39.45 9.38 100  

a Weighted data 

Table A2. Sample distribution by number of children in the household (%)§ 

 
 

Employment status 
transitions 

T1 T2 

ES1 0.1248*** 0.0133*** 

ES2 0.1294*** 0.0073*** 

ES3 0.1647*** 0.0059*** 

ES4 0.0400*** 0.0324*** 

ES5 0.0383*** 0.0591*** 
a Weighted data, * p < 0.05, ** p < 0.01, *** p < 0.001 

Table A3. ‘Treated’ versus ‘untreated’ women: tests of differences in mean employment status transitions, 
across all ES and T definitionsa  



a) Treatment T1 
Treatment T1 ES1 ES2 ES3 ES4 ES5 

Treatment × Year 0.161*** 0.127*** 0.160*** 0.0411*** 0.0408 

Year 0. 0998*** 0.138*** 0.119*** 0.0269*** 0.104*** 

Treatment -0.00773*** 0.00554* -0.0149*** -0.00590*** -0.00102 

Number of children -0.00879*** -0.00407* -0.00591*** -0.00143 0.00320 

Number of children under 15 years -0.00644*** -0.00740*** -0.00142 -0.00265** -0.00877** 

Children working (yes) -0.00137 0.000496 -0.00480 0.00281 -0.00872 

Woman aged 30–34 0.00334 0.000372 0.00286 -0.00771* -0.0143 

Woman aged 35–39 -0.00364 -0.0140* -0.000171 -0.00669* -0.0234* 

Woman aged 40–44 -0.0166** -0.0330*** -0.00946 -0.00735* -0.0263** 

Woman aged 45–49 -0.0330*** -0.0501*** -0.0233*** -0.00676* -0.0323*** 

Woman aged 50–54 -0.0493*** -0.0680*** -0.0421*** -0.00930** -0.0275** 

Foreign citizenship 0.0130** -0.00487 -0.00208 0.00964** 0.0103 

Woman with vocational education 0.0106* 0.0162** 0.00187 -0.00259 -0.000305 

Woman with upper secondary 
education 

0.0172*** 0.0275*** 0.00854** -0.00602*** 0.00313 

Woman with university education 0.0379*** 0.0796*** 0.0209*** -0.00416* 0.0498*** 

Woman with work experience 
(dummy) 0.0328*** 0.0432*** 0.0251*** - - 

Woman working part-time  - - - 0.0215*** - 
Woman working voluntary part-time  - - - - -0.0115** 
Man with vocational education -0.00773 -0.00708 -0.00511 -0.00247 -0.000116 

Man with upper secondary education -0.00352 -0.00525 -0.00319 -0.00124 -0.00160 

Man with university education -0.0173*** -0.00672 -0.0219*** -0.00231 0.00342 

Man in managerial/executive position -0.0112* -0.00869 -0.0135* -0.00587** -0.00803 

Man in white-collar position 0.000318 0.00376 -0.00259 -0.00417** -0.00132 

Man entrepreneur -0.0346*** -0.0196** -0.0359*** -0.00701** 0.0341* 

Man self-employed -0.0172*** -0.00165 -0.0149*** -0.00363* 0.00711 

Man in agriculture sector -0.00444 0.00399 -0.00482 -0.00159 0.0106 

Man in construction sector 0.00479 -0.00342 -0.000899 -0.00287 -0.00939 

Man in commerce sector -0.00273 0.000627 -0.00357 -0.00206 0.00590 

Man in other sector 0.00224 0.00108 0.00132 -0.000579 0.00359 

Man employed and searching 0.0335*** 0.0167* 0.0331*** 0.00910** 0.000149 

Man in CIG 0.0263 0.0276 0.0187 -0.00760 0.00597 

Year 2005 0.00769 0.0136* 0.00806 0.00162 -0.0179* 

Year 2006 -0.00504 0.00375 0.00304 0.000169 -0.00901 

Year 2007 0.0107* 0.0244*** 0.0160*** 0.00665* -0.0120 

Year 2008 0.00247 0.00641 0.00287 0.00464 -0.0215** 

Year 2009 0.00566 0.0115* 0.007698 -0.000759 -0.0215* 

Year 2010 0.00483 0.00853 -0.000860 -0.00108 -0.0134 

Year 2011 0.0132** 0.0149* 0.0188** 0.00843** -0.0355*** 

Year 2012 0.0315*** 0.0271*** 0.0374*** 0.00285 -0.0220** 

Year 2013 0.0241*** 0.00427 0.0305*** 0.00354 -0.0359*** 

Year 2014 0.0238*** 0.0142* 0.0205** 0.00420 -0.0256** 

Year 2015 0.0156** 0.0155* 0.0241*** 0.000527 -0.0360*** 

Year 2016 0.0211*** 0.0177** 0.0204** 0.00517 -0.0326*** 

Year 2017 0.0348*** 0.0269*** 0.0240*** -0.000898 -0.0140 

Year 2018 0.0298*** 0.0242*** 0.0173** 0.000844 -0.0365*** 

Constant 0.00744 -0.00809 -0.00217 0.0124*** 0.0458*** 

N 69791 68466 57214 93746 37060 

adj. R2 0.082 0.104 0.081 0.026 0.068 
 

  



b) Treatment T2 
Treatment T2 ES1 ES2 ES3 ES4 ES5 

Treatment × Year 0.0160 0.00650 0.00727 0.0322*** 0.0499* 

Year 0.103*** 0.141*** 0.121*** 0.0267*** 0.104*** 

Treatment 0.00164 0.00345 0.00192 -0.00244*** 0.000644 

Number of children -0.00865*** -0.00392* -0.00583** -0.00147 0.00323 

Number of children under 15 years -0.00650*** -0.00748*** -0.00141 -0.00267** -0.00898** 

Children working (yes) -0.00201 -0.000223 -0.00533 0.00276 -0.00893 

Woman aged 30–34 0.00336 0.000426 0.00302 -0.00771* -0.0141* 

Woman aged 35–39 -0.00396 -0.0143* -0.000351 -0.00671* -0.0233* 

Woman aged 40–44 -0.0165** -0.0332*** -0.00952 -0.00736* -0.0263** 

Woman aged 45–49 -0.0331*** -0.0504*** -0.0235*** -0.00686* -0.0326*** 

Woman aged 50–54 -0.0491*** -0.0678*** -0.0419*** -0.00936** -0.0281** 

Foreign citizenship 0.0135** -0.00464 -0.00198 0.00982** 0.0104 

Woman with vocational education 0.0106* 0.0160** 0.00174 -0.00260 -0.000367 

Woman with upper secondary education 0.0171*** 0.0273*** 0.00830** -0.00599*** 0.00303 

Woman with university education 0.0377*** 0.0796*** 0.0208*** -0.00411* 0.0497*** 

Woman with work experience (dummy) 0.0329*** 0.0432*** 0.0252*** - - 
Woman working part-time  - - - 0.0214*** - 
Woman working voluntary part-time  - - - - -0.0117** 

Man with vocational education -0.00844* -0.00771 -0.00575 -0.00253 0.00000266 

Man with upper secondary education -0.00367 -0.00537 -0.00335 -0.00129 -0.00156 

Man with university education -0.0178*** -0.00725 -0.0223*** -0.00260 0.00281 

Man in managerial/executive position -0.0126* -0.00977 -0.0145** -0.00580** -0.00777 

Man in white-collar position -0.000936 0.00260 -0.00371 -0.00405** -0.00102 

Man entrepreneur -0.0369*** -0.0216** -0.0377*** -0.00714** 0.0338* 

Man self-employed -0.0188*** -0.00315 -0.0163*** -0.00367* 0.00704 

Man in agriculture sector -0.00418 0.00392 -0.00453 -0.00146 0.0109 

Man in construction sector 0.00689* -0.00193 0.000726 -0.00260 -0.00876 

Man in commerce sector -0.00242 0.000830 -0.00310 -0.00175 0.00614 

Man in other sector 0.00199 0.000791 0.00129 -0.000404 0.00388 

Man employed and searching 0.0414*** 0.0232*** 0.0396*** 0.00942** 0.00125 

Year 2005 0.00735 0.0132* 0.00791 0.00161 -0.0178* 

Year 2006 -0.00535 0.00325 0.00270 0.000132 -0.00889 

Year 2007 0.0104* 0.0240*** 0.0156** 0.00666* -0.0119 

Year 2008 0.00223 0.00611 0.00270 0.00445 -0.0217** 

Year 2009 0.00614 0.0117* 0.00727 -0.000684 -0.0214* 

Year 2010 0.00534 0.00892 -0.000559 -0.00111 -0.0133 

Year 2011 0.0141** 0.0158** 0.0198** 0.00841** -0.0355*** 

Year 2012 0.0326*** 0.0279*** 0.0384*** 0.00287 -0.0220** 

Year 2013 0.0264*** 0.00605 0.0320*** 0.00363 -0.0356*** 

Year 2014 0.0246*** 0.0148* 0.0209** 0.00441 -0.0253** 

Year 2015 0.0163** 0.0162* 0.0248*** 0.000717 -0.0358*** 

Year 2016 0.0218*** 0.0181** 0.0210** 0.00527* -0.0322*** 

Year 2017 0.0351*** 0.0271*** 0.0244*** -0.000795 -0.0136 

Year 2018 0.0299*** 0.0242*** 0.0174** 0.000980 -0.0360*** 

Constant 0.00698 -0.00795  -0.00286 0.0123*** 0.0458*** 

N 69791  68466  57214 93746 37060 

adj. R2 0.077 0.101 0.077 0.026 0.068 
* p < 0.05, ** p < 0.01, *** p < 0.001.  
a Data are weighted, with robust standard errors. Dummy variables for macro-regions (Northwest, Northeast, 
South and the Islands) are included. 
Table A4. Estimation results for Equation 1 (without matching)a  



Variable§
  

Mean 
 

%bias 
% 

reduction 
|bias| 

t-test p-value Treated Control 

N. kids Without matching 1.8789 1.7641 12.1  3.40 0.001 

 With matching 1.8789 1.7949 8.9 26.8 1.70 0.090 

N. kids under 15 years Without matching 1.3082 1.1636 14.6  4.03 0.000 

 With matching 1.3082 1.2072 10.2 30.1 1.96 0.050 

Kids working Without matching .06057 .10063 -14.8  -3.60 0.000 

 With matching .06057 .08092 -7.5 49.2 -1.53 0.126 

Woman aged 30–34 Without matching .18977 .15378 9.6  2.68 0.007 

 With matching .18977 .17521 3.9 59.5 0.73 0.468 

Woman aged 35–39 Without matching .1965 .22051 -5.9  -1.56 0.118 

 With matching .1965 .21259 -4.0 33.0 -0.77 0.442 

Woman aged 40–44 Without matching .24226 .25061 -1.9  -0.52 0.603 

 With matching .24226 .24509 -0.7 66.1 -0.13 0.899 

Woman aged 45–49 Without matching .14939 .21353 -16.7  -4.23 0.000 

 With matching .14939 .18333 -8.8 47.1 -1.76 0.079 

Woman aged 50–54 Without matching .09556 .09164 1.3  0.37 0.714 

 With matching .09556 .08981 2.0 -46.6 0.38 0.703 

Foreign citizenship Without matching .15074 .08098 21.9  6.84 0.000 

 With matching .15074 .10703 13.7 37.3 2.52 0.012 

Northwest Without matching .14266 .19931 -15.1  -3.83 0.000 

 With matching .14266 .17219 -7.9 47.9 -1.56 0.118 

Northeast Without matching .07941 .15518 -23.7  -5.67 0.000 

 With matching .07941 .11597 -11.4 51.7 -2.38 0.018 

South and the Islands Without matching .67968 .50779 35.5  9.28 0.000 

 With matching .67968 .59553 17.4 51.0 3.38 0.001 

Woman with vocational education Without matching .04441 .07647 -13.5  -3.27 0.001 

 With matching .04441 .06349 -8.0 40.5 -1.63 0.104 

Woman with upper secondary 
education 

Without matching .23149 .30669 -17.0  -4.40 0.000 

 With matching .23149 .27217 -9.2 45.9 -1.81 0.071 

Woman with university education Without matching .03634 .06972 -14.9  -3.55 0.000 

 With matching .03634 .0555 -8.6 42.6 -1.76 0.078 

Woman with work experience 
(dummy) Without matching .59489 .65482 -12.4  -3.40 0.001 

 With matching .59489 .61833 -4.8 60.9 -0.92 0.355 

Man with vocational education Without matching .05518 .07381 -7.6  -1.93 0.054 

 With matching .05518 .0618 -2.7 64.5 -0.54 0.587 

Man with upper secondary 
education 

Without matching .21669 .30699 -20.6  -5.29 0.000 

 With matching .21669 .26674 -11.4 44.6 -2.26 0.024 

Man with university education Without matching .02019 .08373 -28.9  -6.23 0.000 

 With matching .02019 .05583 -16.2 43.9 -3.61 0.000 

Man in managerial/executive 
position 

Without matching .01077 .05733 -25.9  -5.45 0.000 

 With matching .01077 .03909 -15.7 39.2 -3.51 0.000 

Man in white-collar position Without matching .07806 .2089 -38.0  -8.73 0.000 

 With matching .07806 .14997 -20.9 45.0 -4.39 0.000 

Man entrepreneur Without matching .00538 .01941 -12.7  -2.76 0.006 

 With matching .00538 .0127 -6.6 47.8 -1.49 0.137 

Man self-employed Without matching .15612 .26677 -27.3  -6.77 0.000 

 With matching .15612 .2151 -14.6 46.7 -2.93 0.003 

Man in agriculture sector Without matching .06864 .05357 6.3  1.80 0.072 

 With matching .06864 .06015 3.5 43.7 0.67 0.505 

Man in construction sector Without matching .34455 .16575 41.9  12.87 0.000 

 With matching .34455 .2573 20.4 51.2 3.68 0.000 

Man in commerce sector Without matching .13594 .14506 -2.6  -0.70 0.485 

 With matching .13594 .14503 -2.6 0.3 -0.50 0.614 

Man in other sector Without matching .22476 .3754 -33.3  -8.41 0.000 

 With matching .22476 .29841 -16.3 51.1 -3.24 0.001 

Man employed and searching Without matching .1965 .035 52.1  22.80 0.000 

 With matching .1965 .14245 17.5 66.5 2.78 0.005 
aAll covariates are measured before the treatment; % bias denotes the standardised percentage bias. 
Table A5. Mean differences in covariates with and without propensity score matching on the common 
supporta  



Appendix B 

The reconstruction of nuclear families 
 

The data used in this paper come from the public-use longitudinal file of the Italian Labour Force Survey 
(ILFS), made available for research purposes by the Italian National Institute of Statistics (ISTAT). The ILFS 
adopts a rotating panel design: in each quarter, one-quarter of the sample enters the survey for the first time, 
remains for a second quarter, exits for the third and fourth quarters, and then re-enters to be interviewed for 
two additional quarters. According to this structure, each household remains in the panel for approximately 15 
months. ISTAT provides a longitudinal yearly panel comprising individuals interviewed in both the first and 
third waves. Until 2011, these annual panels were released only for the first quarter of the year. From 2012 
onwards, data have been made available for all four quarterly panels. As explained in the main text, to ensure 
comparability over time, we restrict our analysis to the yearly panels originating in the first quarter of each 
year from 2004 to 2018. 

Our analysis is based on 15 annual panels—from the 2004–05 biennium to the 2018–19 biennium—
composed of individuals observed in both relevant waves of the survey (for example, for the 2004–05 panel, 
individuals are observed in the first quarter of 2004 and again in the first quarter of 2005). Individuals are 
identified in the dataset by both a personal and a household identifier. However, no information is provided on 
marital status or on the relationships between household members. Using individual characteristics—namely, 
gender, age (in five-year groups), occupation, level of education, nationality, and household size—we 
reconstructed the internal relationships within households. Before describing this procedure in detail, it is 
important to clarify the target population: nuclear households with an unchanged composition between the two 
years of observation, with at least two members, partners of different sexes, aged between 25 and 54, not 
retired and able to work, with or without children. 

Given that households are identified by a common household ID, the first step involved excluding one-
person households, households with retired or inactive members, and those with different numbers of members 
in the two survey waves. We then proceeded with the reconstruction, starting with two-member households 
and moving on to households with more members. For each panel, the age difference between household 
members was calculated. This, together with the individual characteristics mentioned above, formed the basis 
for the reconstruction of family relationships. 

In the case of two-member households, the main challenge was to distinguish couples from other forms of 
cohabitation, such as parent–child pairs or siblings. First, same-sex households were excluded. Based on the 
distribution of age differences between opposite-sex individuals, we established a threshold of a maximum 15-
year age gap as a criterion for identifying likely couples. This threshold captured approximately 70 per cent of 
such households, with the proportion increasing in larger households. For households where the age gap 
exceeded 15 years, additional criteria were applied—such as actual ages, student status, and nationality—to 
help distinguish between couples and other relationships, such as mother–son or elderly–caregiver pairings. 19 
An automatic procedure was used to apply these criteria, 20 and manual inspections were carried out in 
ambiguous cases. Although this method cannot completely eliminate the risk of misclassifying certain 
households—for instance, unrelated cohabitants or siblings may occasionally be included as couples—it is 
worth noting that the checks reported in the main text, based on comparisons with weighted data from the 
cross-sectional and longitudinal ILFS, indicate that our sample is broadly representative of the population of 
households with a woman aged 25–54. 

A similar approach was adopted for three-member households. As in the previous case, households in which 
all three members, or the two oldest, were of the same sex were excluded. The first set of cases considered 
were those in which the age difference between the first and second members was less than 15 years, and the 
age difference between the second and third was greater than 15 years. These were identified as likely couples 
with one child, and were included in the sample; this group accounted for approximately 76 per cent of three-
member households. We then examined cases where both age differences were below 15 years. If the oldest 
individual was a man, these cases were never found to be couples with a child and were excluded. However, 
in cases where the woman was the oldest and the age gap between the first and third members was equal to or 
greater than 20 years, we classified these households as a woman with a younger partner and a child, and 

 
19 In Italy, the majority of caregivers for the elderly are women and hold foreign citizenship.  
20 For example, a household comprising two members—one male and one female—with an age difference equal to or 

greater than 20 years, where the younger individual is under the age of 18 or is a student or lacks work experience, may 

reasonably be classified as a mother–son or father–daughter relationship and, therefore, excluded from the sample. 



included them. Next, we considered households in which the age difference between the first and second 
components and between the second and third was greater than 15 years. With a few exceptions identified 
through manual inspection,21 these were nuclear families with one child and were retained in the sample. There 
were also cases in which the age gap between the first and second members was over 15 years, while the 
difference between the second and third was less than 15 years. Most of these cases were excluded, except for 
a few involving a man with a younger partner close in age to the child. These were interpreted as father–child 
households or other non-couple arrangements. 

We conducted sensitivity checks to assess the robustness of the 15-year threshold, and found that varying 
the threshold slightly (e.g. from 15 to 14 or 16 years) did not produce significant changes in the number of 
selected cases, confirming the reliability of the adopted criterion.22 

The same reconstruction procedure was applied to households with four or more members. When the 
number of specific configurations was very small—especially in households with six or more members—
manual inspection was used to determine whether the household fit the criteria of a nuclear family with partners 
and children. 

To illustrate the quantitative implications of this selection, consider the 2008–09 panel. The original sample 
comprised 78,033 individuals distributed across 31,780 households. Our final sample included 8,743 
households, corresponding to 26.7 per cent of the original dataset. When applying sampling weights to adjust 
for population representation, this proportion rose to 30.2 per cent. As discussed in the main text, a comparison 
with the full longitudinal and cross-sectional ILFS confirms the representativeness of our reconstructed sample 
in terms of both its size and its demographic composition. 
 

 
21 For example, a woman living with her father and her son (the grandson of the eldest household member). 
22 These checks were conducted for panels up to 2012–13. Unfortunately, from 2013–14 onwards, only age data grouped 

in five-year intervals were available. 


