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ABSTRACT

A General Methodology to Measure
Labour Market Dynamics

We propose a general methodology to measure labour market dynamics, inspired by the
search and matching framework, based on the estimate of the transition rates between
labour market states. We show how to estimate instantaneous transition rates starting
from discrete time observations provided in longitudinal datasets, allowing for any number
of states. We illustrate the potential of such methodology using Italian labour market data.
First, we decompose the unemployment rate fluctuations into inflow and outflow driven
components; then, we evaluate the impact of the implementation of a labour market
reform, which substantially changed the regulations of temporary contracts.
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1 Introduction

The unemployment rate represents a static and partially informative variable, and yet is the single
most important measure considered when evaluating labour market performance and designing
optimal welfare policy (Layard et al., [2005; Barnichon et al., 2012)). While considerable progress
has been made in the theory of modelling labour market dynamics towards understanding the deep
functioning of labour markets (Pissarides|, [2000; Mortensen and Pissarides, 1994)), the methodolog-
ical empirical counterpart, although emerging (Shimer, 2012} Elsby et al., [2009), is still lacking
a systematic approach. To this end, we propose a methodology to estimate instantaneous time
transition rates across labour market states, on which the search and matching framework is built
(Phelps|, |1968)), starting from discrete time observations and allowing for any number of states.
This methodology, which is a generalization of the method proposed by [Shimer| (2012)), and it
is also based on the work of [Israel et al. (2001), allows for an easy implementation of inference
on transition rates via bootstrap methods, the decomposition of the contribution of inflows and
outflows to the change in labour market shares, and the evaluation of labour market policies via
forecast.

For a number of different (historical) reasons most of the economic literature considers unem-
ployment indicators as the main proxies of labour market performance (Perugini and Signorelli,
2007). While classical economists, such as Adam Smith, focused on employment, subsequent the-
oretical evolution led to a clear-cut tendency towards the use of unemployment rates. However,
while the unemployment rate is a useful indicator of particularly low labour market performance,
its exclusive use is questionable. In fact the view of the labour market it offers is partial, incomplete
and at odd with dynamic approaches typical of macroeconomic frameworks, such as search and
matching models, which focus on flows of individuals across different labour market states. More-
over, in countries/regions with significant labour market segmentation and important local labour
markets, the role of aggregate unemployment rates in affecting wage bargaining and dynamics
towards labour market equilibria is significantly reduced.

This raises the issue of considering additional variables, e.g., inflows and outflows, as comple-
mentary indicators of labour market performance (Valli, [1970; |Garibaldi and Mauro|, 2002)). Two
countries might in fact have similar unemployment rates, while hiding very different labour mar-
kets, specifically in terms of workers turnover and flows (Blanchard and Portugal, 2001). There
is, therefore, a need to first, identify relevant workers’ states in high frequency panel datasets, in
which the longitudinal feature is essential to follow the individuals’ career paths. Second, it is cru-
cial to adopt an appropriate and empirically implementable methodological approach to analyse
such dynamics and interpret them to properly evaluate the performance of the labour markets.

This paper proposes a general approach to estimate instantaneous transition rates starting



from discrete time transitions between different labour market states based on the work of [srael
et al.| (2001). Our approach has two main advantages: it is flexible to include any number of
labour market states; and inference via bootstrap and forecasting are easily implementable. Our
methodology advances the knowledge on how to measure the cyclicality of transition rates and on
the decomposition of the unemployment fluctuations over the business cycle into inflow and outflow
driven components (Shimer;, [2012; Silva and Vazquez-Grenno| 2013). In addition, we discuss how
the estimates of the transition rates and their forecast could be used to assess the changes of the
labour market dynamics for guiding policy evaluation.

We apply this methodology to the Italian labour market by using longitudinal quarterly labour
force data for the period 2013-2020. First, we illustrate how the decomposition of the unemploy-
ment rate fluctuations points to a major role played by the transitions from and to inactivity.
We then report transition rates between five labour market states and the corresponding shares
before and after the implementation of a labour market reform, which significantly modified the
regulations of temporary contracts. Overall, we find strong support for the utilisation of labour
market flows as well as labour market stocks for the assessment of labour market dynamics.

This paper directly relates to the search and matching literature, which is the theoretical frame-
work at the basis of the flow approach to the labour market (Mortensen et al. |1970; Phelps, [1968).
From a methodological point of view, approaches to measure flows in and out of unemployment,
using publicly available data have been proposed by [Elsby et al. (2009); Darby et al.| (1986); Fujita
and Ramey| (2009). These studies differ along two main dimensions: (i) how many labour market
states are included and (ii) the "time aggregation”, as flows in and out of each state are taking
place in continuous time while data are collected in discrete times. Shimer| (2012) uses US monthly
statistics on employment, unemployment and short-term unemployment to compute the probabil-
ities that an employed worker becomes unemployed and that an unemployed worker finds a job,
i.e, the job finding and the job exit rates. His approach is based on two key assumptions: (i) indi-
viduals only move between employment and unemployment and (ii) individuals are homogeneousE]
This methodology however is implementable when the number of labour market states is small.
As Shimer| (2012, p.133) claims, when expanding the number of labour market states, ‘the theory
here is more cumbersome, the data limitations are more serious, and the data analysis is more
involved’. Using the same methodology, Elsby et al| (2015 discusses the importance of including
inactivity, while Silva and Vazquez-Grenno| (2013); Fontaine et al.| (2020]) and [Borowczyk-Martins
and Lalé (2020)) expand the number of labour market states by including temporary employment,
public employment and part-time employment, respectively. |Elsby et al.| (2009) account for the

time aggregation bias using a discrete-time variant of the [Shimer| (2012) procedure, based on the

In any period all unemployed individuals have the same job finding probability and all employed individuals
have the same job exit probability.



fact that the US Current Population Survey (CPS) uses the week as its reference period. Finally,
some papers have followed applying such methodologies in different countries (Petrongolo and
Pissarides|, 2008; [Smith) 2011; [Hertweck and Sigrist, [2015}; Baussola and Mussida), 2014; (Gomes),
2012), while |Gomes (2015]) discusses the importance of the data frequency.

The paper is organized as follows. Section [2]explains in detail the proposed methodology, which
is based on a view of the labour market in terms of flows, as in the search and matching framework.
Section [3] applies the methodology using Italian data to illustrate its main advantages and Section

concludes the paper. The appendices collect the technical material.

2 Methodology

As discussed in the introduction, we propose a dynamic approach to the labour market, based
on observed transitions of working age individuals between different labour market states (e.g.
unemployed, employed, inactive, etc.), compared to the traditional static approach, based on stock
variables, such as unemployment rates and labour market participation. Specifically, we take a
microeconomic perspective by tracking movements of individuals across labour market states and
discuss under which conditions these transition rates can summarize the whole dynamics of the
labour market. The theoretical (economic) basis of the proposed methodology is the search and
matching model, which supplies a meaningful economic interpretation to estimated (instantaneous)
transition rates. We discuss how this methodology is sufficiently flexible to deal with ‘realistic and
empirically implementable’ scenarios in the labour market (Pissarides, 2000} p.3).

We first illustrate a simplified version of labour market dynamics with three labour market
states (employed, unemployed and inactive) and map the corresponding transition rates into a
standard continuous time search and matching framework (Section . Next, we discuss the
general framework and characterize the short-run dynamics, the equilibrium distribution, how to
deal with the presence of seasonality, and the decomposition of the the contribution of individual
transition rates to labour market dynamics (Section . Finally, we describe the methodology to

estimate the instantaneous transition rates starting from discrete time observations (Section [2.3)).

2.1 Transitions between labour market states

The seminal papers that proposed the search and matching framework (Mortensen et al., [1970;
Phelps, |1968) introduced a flow approach to the labour market. The core idea on which the search
and matching model is built is that trade in the labour market is a decentralized economic activity,
in which the process for both individuals and firms to find each other, agree on the wage and start

producing is costly and time consuming (Pissarides, 2000). While similar to other macroeconomic



models, the search and matching framework features optimizing agents, rational expectations, and
equilibrium outcomes, the real emphasis in the model is placed on the flows between labour market
states.

Consider a simple model in which a mass of employees L can belong to one of the three labour

market states available in the economy: employed (e), unemployed (u) or inactive (n); hence:
e+u+n=0L. (1)

Assume that individuals can freely move across the labour market states at some instantaneous
transition rates. Specifically, unemployed individuals become employed at rate «, while employed
worker become unemployed at rate A. Inactive individuals join the unemployment pool at rate ¢,
and find a job at rate .. Finally, employed and unemployed individuals become inactive at rate u
and , respectively. On the basis of these rates, assuming no entry and exit from the working age
population, the number of employees who are employed, unemployed and inactive evolve according

to the following system of differential equations:

&= —(A+ e +au+ g
= —(a+vy)u+ Ae+ p,n; and (2)

n=—(pu + pe)u + pe + yu.

The observed dynamics are the outcome of inflows and outflows of individuals between the three
labour market states and are fully described by the set of transition rates. The economic theory
has provided several explanations for these transitions (see, e.g., Pissarides| [2000; |Garibaldi and
Wasmer, 2005; [Mortensen and Pissarides, [1994)). For example, « is directly related to job creation,
i.e. the process by which a firm and a worker meet and agree to form a match, which results in the
worker’s flow from unemployment to employment; while A is directly related to job destruction,
which takes place in case of a separation between a firm and a worker, which results in the worker’s
flow from employment into unemployment.

Consider the dynamics of the shares of individuals on the working age population. In particular,

the system of differential equations , assuming L to be constant, can be written as:

Te = —(A 4+ u)Te + amy + QeTp;
Ty = _<Oé + ’y)ﬂ'u + )\776 + ©uTn; and (3)

Tp = _((Pu + @e)ﬂu + UTe 4 YTy



where 7, =¢/L, 1, = u/L, and m, = n/L, while Equation becomes:
Te + Ty + T = 1. (4)

From Equations —, by setting 7, = 7, = 7, = 0, we can then calculate the steady-state

equilibrium values of the labour market shares of the working age population as:

_FQ _ Pe(ipu + @) + apy _
‘ (v + 0u) A+ 1) + alpu + 1) + X+ pu + @)’
(v + eu) A+ 1) + alon + 1) + N+ oy + @)’

_5Q _ ap+ (A +p)
(7 + o)A+ 1) + apu + 1) + A+ ou + @)’

where 779 7EQ and 7@ are the equilibrium share of employed individuals, of unemployed indi-
viduals, and of inactive individuals respectively.

The system of equations highlights that different combinations of transition rates can lead
to the same equilibrium shares of employed, unemployed and inactive individuals. In particular,
the same equilibrium unemployment share can be the result of either high job finding and job
destruction rates or of the opposite scenario, of low job finding and job destruction rates. Blanchard
and Portugal| (2001) report, for instance, that similar average unemployment rates for Portugal
and the USA for the period 1983-1995 are the result of low (Portugal) versus high (USA) job
finding and job destruction ratesP] Moreover, a comparison between observed employment and
unemployment shares of the working age population and their equilibrium values is particularly
appealing as it is suggestive of the direction the labour market is moving to. In this respect, it is
also possible to compute the expected speed of convergence to the long-run equilibrium |Cox and
Miller, |1972, p. 184.

2.2 Transitions with K states

In a more general setting with K labour market states, the system of equations ([3)) can be expressed

as follows:

T =mQ, (6)

where 7 is a 1 X K vector collecting the shares of individuals in the working age population in

different K states, and Q is a K x K matrix, whose elements are the instantaneous transition

2The unemployment rate is defined as the ratio between the number of individuals who are unemployed and
EQ
T
the number of individuals in the labour force, which according to our definition would read as ﬁ =
Ty~ + Te
Pu(A + 1) + peA

Gu( A+ 1) + e + @e(@u + @) + oy,




rates between different states, with the constraint that:

w17 =1

, (7)

where 1 is a 1 x K vector of ones; Equation simply states that the shares of working age
individuals in the K labour market states sum to one.

The matrix of (instantaneous) transition rates Q is assumed to satisfy the following conditions:

gii < 0 Vi
qi; > 0 Vi, j; and (8)
Zszl qi; = 0 Vi,

which amounts to assume that the process governing the labour market dynamics is conservative
(Cox and Miller, 1972, p. 180), i.e., there are no entries and exits from/to the working age
population and, hence, the working age population is constant. Under general conditions (i.e.,
finite K), the matrix Q represents a continuous time honest Markov process with discrete states
(Cox and Miller; (1972 p. 182), i.e.ﬂ

P(t) = exp (Q1), (9)

where P(¢) is the matrix collecting the transition probabilities from period 0 to period ¢, with
Q" = I. When Q is constant over time, the general solution to Equation @ is (Hirsch et al. [2012,
p. 129):

w(t) = 7(0) exp (Q1) (10)

where 7r(0) is the 1 x K vector which collects the shares at time 0. A non-trivial equilibrium is
characterized by 7w = 0, i.e., #Q = 0. Solving Equation , using Equation (7)), we get that the

equilibrium distribution of 7, wF?, reads asﬁ
w0 =1 (171 - Q)*1 : (11)

where 7€ is a 1 x K row-vector whose elements are non-negative and sum to 1. Finally, the con-

vergence to equilibrium is exponential and the speed of convergence is measured by the eigenvalues

3The definition of the exponential matrix is the following:
oo tT
exp (Qt) = Y Q' =1+ Qt+(QN) /21 +(Q))° /31 + -
r=0 '

where I is the K x K identity matrix.
4The proof uses w171 = 1.



of the Q matrix (Hirsch et al. 2012, p. 110).

2.2.1 Determinants of the changes in the labour market shares

Pissarides| (1986) and [Shimer| (2012) propose a methodology for decomposing the contribution of
inflows and outflows to the changes in the labour market shares over time. This approach is based
on the construction of counterfactual shares computed by setting all but one transition rates to
their average/trends/long-run/reference values and allowing only the element (s,r) of the matrix
Q, denoted as g,,, to vary over time. The counterfactual matrix of transition rates Q¥ is therefore
constructed as:

qi;" (t) = @i;(t) V(. 5) # (s,7) and i # j;

4 (t) = gur (1) and (12)

ng (t> = - E]K:Lj;éi qz'c;F (t) )

where g;;(t) can be set to its initial value (Pissarides, |1986)) or to its average value over the observed
period (Shimer|, 2012)), or to the trend component of the g¢;;(¢) series (Silva and Vazquez-Grenno,
2013)). The counterfactual matrix Q¥ is then used to compute the counterfactual matrix of shares
7CF per each period to be compared with the observed matrix of shares 7. To effectively compute

7w |Shimer| (2012) takes as reference the equilibrium shares, i.e.:

1

() =11"1-Q ()] (13)

as equilibrium and observed shares are highly correlated in his sample (p = 0.98). This high
correlation however is not always guaranteed. An alternative way, which does not rely on this
hypothesis but on the milder conjecture that one-period ahead forecasts are very close to the

observed shares, computes the counterfactual matrix of shares period by period as follows:
mF () = mw(t — 1) exp (QF). (14)

Counterfactual and observed shares are then compared in different ways depending on the objective
of the analysis. Since Pissarides (1986)’s goal is to explain the continuous increase in unemploy-
ment in Britain between the late 60s and early 80s, he makes a direct comparison between 7 and
7w F . Shimer| (2012)), instead, being interested in the determinants of the unemployment volatil-
ity, extracts the cyclical component of both shares, denoted by 7 and #“f, and computes the

contribution of the (s,r) element of the Q matrix to the fluctuation of the k element of 7 as:

= ~CF
Cov (ﬂk,ﬂ'k )

Var (77&']€> ’

(15)



where Cov (ﬂ'k, 7l ) is the covariance between the k element of 7« and ®#“%" and Var (7;) is the

variance of 7.

2.2.2 Seasonality

So far we have assumed the matrix Q to be constant, however it might not always be the case. We
could in fact observe seasonality in transition rates (Shimer} 2012), for instance directly related to
seasonal fluctuations of employment in specific sectors, such as tourism and agriculture. In this

' i w a T i.e.:
scenario, from Equation ((10) we can define an “annual” based on a set of 7 “seasonal” Qs, i.e

w(t) = wt—71)exp(Q(t—7))...exp(Q(t —1)) ==(t —7)exp (Ti: Q(t—7+ s)) =

s=0

= W(t—T)GXp (Qa)? (16>

where Q, is the sum of the seasonal Qs and 7 is chosen according to the seasonality, e.g., monthly

(1 = 12) or quarterly (1 = 4).

2.3 Empirical implementation

Since observations on the labour market states of individuals are available at discrete time, a
direct estimation of Q is not feasible. To circumvent this issue, we first estimate P in discrete time
and then estimate Q using Equation @D Anderson and Goodman| (1957, p. 92) show that each

element p;; of the matrix P can be estimated by maximum likelihood as follows:

m;(t)

Dij = (17)
where m;;(t) is the number of individuals in period ¢ in state ¢ moving in period ¢ + 1 in state j
and m;(t) is the total number of individuals in period ¢ in state i. From the estimate of P, we then
get an estimate of Q using Equation @D, under the conditions discussed by |Israel et al| (2001). In
particular, they argue that under mild conditions, the matrix Q, which is defined by the following
geometric infinite series:

(P—1) P-1” (P-1° (P-I

Q:i—(—l)’“r:(P—I)— sty T T (18)

is such that exp (Q) = P and its rows sum to zero (Theorem 2 in Israel et al. |2001). A potential
drawback of using Equation 1' is that it does not ensure that Q is a “valid” Q, i.e., Q satisfies
all Conditions . Specifically, there is no guarantee that all off-diagonal entries of matrix Q are



non—negativeﬂ Finally, |Zahl| (1955, p. 97) shows that the properties of the maximum likelihood
estimate of P are inherited by Q. In Section [3] we will use bootstrap as an alternative robust

approach to inference (see Appendix |A]).

3 Empirical applications

In this section we discuss two applications of our methodology using data from Italy. The first
application aims at identifying the determinants of the labour market shares’ volatility, specifically
of unemployment rate (Section , while the second focuses on the implications of labour market
policies. Before moving into the applications, we first provide a short overview of the features of
the Italian labour market (Section [3.1)), then we describe the data used in the analysis (Section
and finally we provide evidence of the goodness of our estimates (Section .

3.1 The Italian labour market

Following important labour market reforms in the 1990s and early 2000s, labor market outcomes
have improved substantially in Italy: employment and labor force participation rates have in-
creased, and the unemployment rate dropped. But despite these improvements, the Italian labour
market is still under-performing compared to those in most other European countries (OECD)|
2019). Specifically, the participation rate is still substantially below that in most other European
countries, the unemployment rate is higher, and the shares of temporary employment and self-
employment are significantly higher compared to the EU average (Table . The fast growing
share of temporary employment led to the implementation of several reforms over the years with
the goal to facilitate the transitions of individuals from temporary to permanent employment, while
reducing the unemployment (and inactivity) rate and the growing share of self—employmen‘cﬂ (Boeri
and Garibaldi, 2019; Di Porto and Tealdi, 2019).[] This evidence provides support for consider-

ing five labour market states when applying our methodology: inactive, unemployed, temporary

®In Section 3, [Israel et al.[(2001)) propose two methods to circumvent this issue. The first is to set ¢i; = max (gi;, 0)
for i # j and qi; = (@i + 2_ ;4 min (G;j,0), i.e. to set to zero all negative off-diagonal elements and change the
diagonal elements to make sure the sum of each row is equal to zero. The second method sets the negative off-
diagonal values to zero and spans the difference on all positive entries to assure that the sum of each row is equal
to zero.

5The category of para-subordinate workers in Italy, i.e. individuals who are legally self-employed but who are
often “economically dependent” on a single employer, is relatively large. These workers are disadvantaged relative
to employees in terms of the welfare provisions that they are entitled to receive (Raitano, [2018)).

"Specifically, in March 2014 a labour market reform (Decreto Poletti) increased the flexibility of temporary
contracts; in March 2015 the Jobs Act changed the regulations of the open-ended contract, by introducing firing
costs increasing with tenure; and, finally, in July 2018 the Decreto Dignitd increased the rigidity of temporary
contracts.

10



Table 1. Labour market characteristics for a select sample of European countries.

Country Self-employment Temporary-employment Unemployment Labour force participation
(% total employment) (% dependent employment) (% labour force) (% working age)
Greece 31.9 12.5 17.5 68.4
Italy 22.7 17.0 10.2 65.7
Portugal 16.9 20.8 6.7 75.5
Spain 15.7 26.3 14.2 75.0
United Kingdom 15.6 5.2 4.0 78.8
Ireland 14.4 9.8 4.5 73.1
Belgium 14.3 10.9 5.4 69.0
France 12.1 16.4 8.5 1.7
Germany 9.6 12.0 3.2 79.2
EU average 15.3 13.2 6.4 74.2

Source: OECD, 2019.

employed, permanent employed and self—employedﬁ

3.2 Data

We use Italian quarterly longitudinal labour force data as provided by the Italian Institute of
Statistics (ISTAT) for the period 2013 (quarter I) to 2020 (quarter III)F] The Italian Labour
Force Survey (LFS) follows a simple rotating sample design where households participate for two
consecutive quarters, exit for the following two quarters, and come back in the sample for other
two consecutive quarters. As a result, 50% of the households, interviewed in a quarter, are re-
interviewed after three months, 50% after twelve months, 25% after nine and fifteen months. This
rotation scheme allows to obtain 3 months longitudinal data, which include almost 50% of the
original sample.

The longitudinal feature of these data is essential for achieving a complete picture of significant
economic phenomena of labour market mobility. Per each individual who has been interviewed we
observe a large number of individual and labour market characteristics at the time of the inter-
view and three months before. Taking into account the structure of this database, we compute the
labour market flows by calculating the quarter-on-quarter transitions made by individuals between
different labour market states. Specifically, we estimate the gross flows using a five-state model
(permanent employed, temporary employed, self-employed, unemployed, and inactive). The draw-
back of these data is the point-in-time measurement of the worker’s labour market state, which
fails to capture transitions within the period (quarter). For instance, if an employed worker be-
comes unemployed and finds a new job within a quarter, we do not observe those transitions in our
data. However, from Sectionwe know that, assuming constant (instantaneous) transition rates

within the quarter, the latter (Q) can be estimated using the transitions at quarterly frequency

8 Age, gender and education would be further interesting dimensions to explore, but are outside the scope of this
paper.

9Data for the period 2013 (quarter I) to 2020 (quarter III) are available upon request at:
https://www.istat.it /it /archivio/185540.

11



(P).

On average approximately 70.000 individuals are interviewed each quarter, of which 45.000
are part of the working age population. The average quarterly inflow of younger individuals in
the working age population is 0.3%, while the average quarterly outflow of older individuals from
the working age population is 0.4%, backing our hypothesis of a (almost) constant working age

population within quarters.

3.3 Goodness of estimates

In order to assess how well our methodology works, we compare the observed labour market shares
with the fitted ones, i.e., the ones computed using Equation in each quarter.lﬂ Specifically,
starting from the observed shares at quarter t — 1 we use the estimated Q to compute the fitted
shares at quarter t. Figure [l reports the observed and fitted shares for all the five labour market
shares. A visual inspection suggests that both shares follow fairly similar paths throughout the
period, which is confirmed by the high correlations between the observed and the fitted shares for
all labour market Shares.E This evidence therefore supports the validity of our methodology in

estimating the instantaneous transition rates, i.e., matrix Q.

Figure 1. Observed versus fitted labour market shares.

=
/

(a) Self-employed.

(d) Unemployed. (e) Inactive.

Note: the black line reports the observed share of individuals in each labour market state, while the red line reports the fitted share,
computed using Equation period by period.

9Data and codes are available at https : //people.unipi.it/davidesiaschi/ricerca/.
HThe correlations are 0.755 for self-employed, 0.986 for temporary employed, 0.949 for permanent employed,
0.982 for unemployed and 0.973 for inactive.
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3.4 Contributions to fluctuations in labour market shares

The aim of this section is to illustrate the application of the methodology discussed in Section [3.4]
Given that, as shown in Section [3.3] the fitted shares are a very good approximation of the observed
shares, we use this strong relationship to isolate the contribution of the fluctuations of inflows and
outflows to the fluctuations in the fitted shares. We compute the hypothetical (counterfactual)
shares using the methodology explained in Section (Equation (12))). Specifically, we allow for
movements over time in just one transition rate and assume that the remaining rates are fixed at
their trend values calculated via a Hodrick-Prescott filter as in Silva and Vazquez-Grenno| (2013).
We report in Figure [2] the resulting time series for the unemployment ratd'?], with the observed
unemployment rate for comparison.

In Table 2] we report the decomposition of the contribution of each of the transition rates to
the volatility of the unemployment rate. Fluctuations in the transition rate from unemployed to
inactive account for about half of the movement in the unemployment rate, while the transitions
from inactive to unemployed account for approximately one quarter. The third and fourth most
important factors are the transitions from unemployed to temporary employed and viceversa,
respectively. This suggests that unemployed workers are weakly attached to the labor force as
their transitions to and from inactivity play a major role in determining the volatility of the

unemployment rate.

Table 2. Decomposition of unemployment share volatility.

UtoSE UtoFT UtoPE UtoIN SEtoU FITtoU PEtoU INtoU
0.0067 0.1365 0.0084 0.4663 0.0022 0.0777 0.0371 0.2789

Note: The entries are computed as the covariance of the fitted unemployment share and the counterfactual unemployment share for
different time periods. All series are detrended using an HP filter with smoothing parameter equal to 1600.

3.5 The 2018 labour market reform: Decreto Dignita

We now apply the methodology discussed above to analyse labour market changes due to the im-
plementation of a new policy. In particular, we estimate transitions rates and labour market shares
in the period 2013-2020 and discuss their patterns in light of an important labour market reform
approved in 2018 (Decreto Dz’gnitd),lr_gl which significantly changed the regulations of temporary
contracts. Although we do not claim any causal relationship between the reform and the changes
in the transition rates and the labour market shares, we believe this to be an interesting setting
on which to test our methodology and prove the importance of considering both stock and flow

variables when evaluating the performance of the labour market.

12The resulting time series for all other labour market shares are available upon request.
3Decree July 12, 2018, n. 87 converted into Law August 9, 2018, n. 96.
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Figure 2. Observed and hypothetical unemployment rates.
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(d) Transitions from U to PE. (e) Transitions from SE to U. (f) Transitions from FT to U.

Transition rate from PE to U (job exit rate) Transition rate from IN to U (job exit rate)

V A v ,\//\\/ A

SV A
iy
(g) Transitions from PE to U. (h) Transitions from IN to U.

Note: the black line reports the observed share of unemployed in the working age population, while the blue line reports the hypothetical
share, computed using the methodology described in Section (Equation (12)).

The Decreto Dignita, which was approved in July 2018, significantly increased the rigidity of
the temporary contract legislation with the goal of reducing job instability, defined by the time
spent by individuals in temporary employment. Specifically, the reform reduced the maximum
length of temporary contracts from 36 to 24 months. It also introduced the restriction that any
temporary contract longer than 12 months could be utilized only in three circumstances: (i) to
replace a worker, (ii) for temporary reasons, outside the regular business and (iii) in case of a
temporary and unforeseeable increase in business. If the contract was not justified by any of these
reasons, the contract would be transformed into a permanent one. The number of extensions
within the 24 months were reduced from 5 to 4 and any renewal of the contract would need to
be justified by any of the three reasons listed above. The reform also increased the contributions
payable by employers on each renewal of a temporary contract@ Clearly, the reform made the

utilization of the temporary contract more difficult, more costly, it restricted the circumstances in

MPrior to the reform coming into force, this contribution was set at 1.4% of taxable salary for social security
purposes and applied to all temporary contracts. With the reform it increased by 0.5%. Moreover, the reform
increased the firing costs associated with permanent contracts in case of unfair dismissals.
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which it could be utilized and it reduced the possibility of renewals/extensions. As a result, some
economists debated on the possible consequences of such reform, fearing that the increase in labour
costs would lead to a decrease in labour demand and therefore an increase in unemployment, as

predicted by the economic theoryE

3.5.1 Pre and post Decreto Dignita

We take quarter 11T of 2018, which includes the date of the approval of the Decreto Dignita (July
12, 2018), as the time when the dynamics of the Italian labour market is expected to change. We
will test whether the reform has affected the transitions rates between labour market states and
the equilibrium shares in two ways. First, we consider two quarters, one immediately before the
reform, i.e. quarter I of 2018, and one at the end of the observation period, just before the onset
of the Covid-19 pandemic, i.e., quarter IV of 2019. For both quarters considered, we compute
estimates based on the average of four quarters (the actual quarter and the three quarters before)
and make inference using a “pairwise” comparison between the elements of the Q matrix and
the equilibrium shares, using bootstrapping methods. Then, in Section [3.5.2] we compare the
estimated transition rates with counterfactual transition rates, i.e., transition rates that we would

have observed if the reform would have not been implemented.

Labour market shares We look at the five annual labour market shares, i.e., permanent and
temporary employed, self-employed, unemployed and inactive in quarter II of 2018, immediately
before the implementation of the reform and in quarter IV of 2019, at the end of our observation
period.m We find no change in the share of self-employed, permanent employed and inactive (Table
B). We instead find an increase in the share of temporary employed (from 7.1% to 7.8%) and a
decrease in the share of unemployed (from 7.4% to 6.8%). Looking at the shares of individuals in
the five different states before and after the reform, we identify some important changes, but we
are not able to understand why these changes are happening, i.e., how the individuals move across
states. Is the share of unemployment lower after the reform because more unemployed individuals
move to employment or because they move to inactivity? This information is rather important to

evaluate the impact of the reform on individuals and firms’ choices.

Transition rates We then compute the estimates of the annual matrix Q in quarter IT of 2018,
and in quarter IV of 2019 (see Equation (16))) and we perform a pairwise comparison of each

element of the two matrices (Table [4). We find that the transition rates from self-employed to

Bhttps: / /www.lastampa.it /politica/2018/07 /19 /news/decreto-dignita-l-audizione-di-tito-boeri-la-stima-di-8-
mila-posti-persi-e-ottimistica-1.34032792.
16The annual shares are computed using Equation .
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Table 3. Observed average annual labour market shares.

SE FT PE U IN
2018 quarter IT | 0.125 0.071 0.384 0.074 0.346
2019 quarter IV | 0.126 0.078 0.383 0.068 0.344

Note: The annual shares are computed as average ratio of the number of individuals in each state and the working age population. SE
refers to self-employment, FT to temporary employment, PE to permanent employment, U to unemployment and IN to inactivity.

unemployed have declined significantly between the two quarters (from 0.05 to 0.037)E while
the transition rates from self-employed to self-employed have increased. We also find that the
transition rates from temporary employed to temporary employed have significantly decreased,
while from temporary employed to permanent employed have significantly increased (from 0.257
to 0.390). We also observe significant increases in the transition rates from permanent employed
to inactive (from 0.046 to 0.051), but a decline in the transition rates from permanent employed
to unemployed (from 0.034 to 0.027). Transition rate from unemployed to inactive have increased
(from 2.371 to 2.561), while transition rates from unemployed to unemployed have decreased.
Finally, we find that the transition rates from inactive to unemployed have decreased (from 0.471

to 0.440), while transition rates from inactive to inactive have significantly increased.

Equilibrium labour market shares We then compute the equilibrium labour market shares
in the two quarters considered (Table [5). We find that the shares of temporary employed and
unemployed are significantly lower after the reform (from 9.1% to 7.8% and from 7% to 6%,
respectively), as observed when we analysed the dynamics of actual labour market shares, but
in addition we also observe that in equilibrium the share of permanent employed is significantly
higher (from 35.7% to 38.1%).

3.5.2 Counterfactual evaluation

In this section, we use data from before the reform to forecast labour market shares and transition
rates after the reform was implemented, which we interpret as counterfactual, and compare these
forecasts to the observed ones (Blanchard and Leigh, 2013; |Pathak and Shi, 2020). We compute
the forecasts using the methodology described in the Appendix [C|['¥]

Labour market shares We look at the evolution of the five labour market shares in each

quarter from 2013 (quarter I) to 2020 (quarter I) and we compare them with the counterfactual

"Remember that the diagonal elements of the Q matrix are negative and the elements on the same row sum up
to zero. A diagonal element which becomes less negative is interpreted as a reduced outflow from that state, and
therefore as an increase in the persistence in that state.

18This forecasting methodology has also been used by [Barnichon et al.|(2012)) and Barnichon and Garda| (2016)).
In the counterfactual evaluation we ignore the constraints listed in the system of equations [8| and the fact that the
elements of the matrix Q are estimated variables.
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Table 4. Estimates of annual Q matrices in two different quarters.
(a) 2018 quarter II

SE FT PE U IN
SE | -0.22 0.031 0.056 0.050 0.084

(0.007) (0.004) (0.004) (0.005) (0.005)
FT | 0.026 -1.053 0.257 0.419 0.351
(0.004) (0.022) (0.011) (0.02)  (0.016)
PE | 0.020 0.037 -0.137 0.034 0.046
(0.001) (0.002) (0.003) (0.002) (0.002)
U 0.109 0.659 0.109 -3.248 2.371
(0.009) (0.024) (0.01)  (0.05)  (0.043)
IN | 0.025 0.091 0.031 0.471 -0.618
(0.002) (0.004) (0.002) (0.009) (0.009)

(b) 2019 quarter IV.

SE FT PE U IN
SE | -0.192  0.026 0.048 0.037 0.081

U 0.088 0.670 0.105 -3.424  2.561

(0.009) (0.026) (0.011) (0.054) (0.047

IN | 0.024 0.092 0.028 0.440 -0.584

(0.002) (0.004) (0.002) (0.009) (0.009)

Note: Standard errors are reported in parenthesis. They are calculated using 1000 bootstrap samplings. Differences in the pairwise

estimates which are statistically significant at 5% level are reported in bold (the corresponding p-values are reported in the Appendix.
SE refers to self-employment, FT to temporary employment, PE to permanent employment, U to unemployment and IN to inactivity.

(0.007) (0.003) (0.004) (0.004) (0.005)

FT | 0030  -1.160 0.390 0414  0.326
(0.004) (0.023) (0.014) (0.019) (0.014)

PE | 0.021 0.039 -0.139 0.027 0.051
(0.001) (0.002) (0.003) (0.002) (0.002)
) )

shares["”] These values are reported in Figure [3, The observed share of individuals hired on a
temporary contract has been stable after the reform, compared to a growing trend before the
reform. Compared to the counterfactual share, the observed one is significantly lower: the share of
individuals who are temporary employed would have reached approximately 8.5% of the working
age population if no reform would have been implemented against the observed average of 7.8%.
Similarly, the share of unemployed individuals is significantly lower after the reform: the difference
between the estimated and the counterfactual unemployment share is approximately 1 percentage
point. Finally, the share of inactive individuals is significantly higher after the implementation of
the reform, compared to the counterfactual estimate. While if there was no reform, the decreasing
trend of the share of inactive individuals would have continued to reach 33.5% of the working age
population, with the reform the share is approximately equal to 34.5%. We do not pick up instead

any relevant difference between the observed and the counterfactual estimates of the shares of

9Tt is interesting to notice how the forecasts replicate the seasonal fluctuations of labour market shares which
are more affected by the seasonality, such as temporary employed, unemployed and self-employed, while show-
ing smoother patterns for shares such as inactive and permanent employed, which are less subject to seasonal
fluctuations.
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Table 5. Equilibrium labour market shares.

SE FT PE U IN
201811 | 0.119 0.091 0.357 0.070  0.363
(0.005)  (0.003)  (0.009) (0.001) (0.006)
20191V | 0.126 0.078 0.381 0.060  0.356
(0.006) (0.002) (0.009) (0.001) (0.007)

Note: The equilibrium shares are calculated on the basis of the annual Q matrices (Equation ) The shares are computed as the
ratio of the number of individuals in each state and the working age population. Standard errors are reported in parenthesis. Differences
in the coefficients in the two quarters which are statistically significant at 5% level are reported in bold (the corresponding p-values
are reported in the Appendix . SE refers to self-employment, FT to temporary employment, PE to permanent employment, U to
unemployment and IN to inactivity.

Figure 3. Observed shares of individuals in different labour market states (% of working age population).

—
(a) Self-employed. (b) Temporary employed. (c) Permanent employed.
L=
iy
A/
\/y\\/
(d) Unemployed. (e) Inactive individuals.

Note: the black line reports the observed share of individuals in each labour market state, while the blue line reports the counterfactual
share, with standard errors (purple area) at 80% and 95%. The red line is the annual observed share calculated according to Equation
, given 7 = 4. The vertical green line represents the Decreto Dignita’ reform implemented in August 2018. Finally, the vertical red
dotted line in March 2020 represents the beginning of the Covid-19 lockdown.

permanent and self-employed individuals.

Transition rates To dig deeper into the underlying dynamics, we document how the transition
rates across the five labour market states considered have evolved in each quarter from 2013
(quarter I) to 2020 (quarter I). Specifically, the transition rates from self-employed, temporary
employed, and permanent employed towards all other states are reported in Figure ] while the
transition rates from unemployed and inactive towards all other states are reported in Figure
Bl The black line reports the observed transition rates, the red line reports the annual observed
transition rates, while the blue line reports the forecasted transition rates, i.e., the counterfactuals
without reform, together with their standard errors.

We notice that the transition rates from self-employed to temporary employed and from self-

employed to unemployed have significantly decreased compare to the counterfactual scenario of
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no reform. We also observe that the transition rates from temporary to temporary contract have
declined significantly after the reform. The counterfactual transition rates instead show that in
the absence of the reform we would have observed an increase in those transitions. We also observe
that the transition rates from temporary to permanent employed have significantly increased after
the reform, while the counterfactual transition rates show that in the absence of the reform we
would have observed a flat trajectory. We do not detect additional significant changes in transition
rates from temporary employed to unemployed or inactive, although there are signs of increased
transitions from temporary employed to self-employed. When we focus on transition rates from
permanent employed, we observe increased transitions toward temporary employed, self-employed
and inactive, although with some lags compared to the implementation of the reform. We also
observe decreased transitions from permanent to permanent employed. Quite interesting are the
dynamics of the transition rates from unemployed to other states. We notice decreased transition
rates from unemployed to temporary employed, permanent employed and unemployed, while we
observe increased rates towards inactive. Finally, we detect a decrease in the outflow from inactive
towards towards unemployed, while a significant increase in the transition rates towards self-
employed (with some lags) and inactive.

In summary, although we do not claim any causal relationship between the reform and the
transition rates, we can state that after the reform we observe a reduced flow of individuals
transiting from temporary to temporary employed (which was the aim of the reform), an increased
flow of individuals upgrading from temporary to permanent employed, but also a higher flow of

individuals moving from unemployed to inactive and a higher persistence in the inactive state.
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4 Discussion and concluding remarks

In this paper, we propose a general methodology to estimate transition rates between labour
market states, which represent the core on which the search and matching theoretical framework
is built. Specifically, our approach suggests a new method for the estimation of transition rates in
continuous time when the data observed are in discrete time, without restrictions on the number of
labour market states considered. Moreover, with this methodology we are able to perform inference
using bootstrap and to forecast labour market dynamics.

We explore two applications of our methodology useful to learn about labour market dynamics
using longitudinal labour force data for Italy. Specifically, first we compute the contribution
of inflows and outflows in the labour market shares’ volatility and second, we evaluate how the
transition rates between five labour market states and the equilibrium shares have changed after the
implementation of a reform, which significantly modified the temporary contract regulation. We
find that the transitions from and to inactivity are the two most important factors contributing
to the volatility of the unemployment rate, suggesting a week attachment of individuals to the
labour force. In terms of policy evaluation, although we find that after the reform, the shares
of individuals in the five labour market states considered have changed, it is the analysis of the
evolution of the transition rates which really informs about the dynamics of the labour market
and its trajectory. Specifically, when looking at the transition rates we can identify movements of
individuals across states, which are not picked up by the changes in the shares. For instance, by
simply looking at the changes in the shares, we observe an increase in temporary employment and
a decrease in unemployment, however, we cannot infer anything about the underlying dynamics,
as this outcome can be the result of many different alternative combinations of transition rates
(Blanchard and Portugal, |2001). By analysing the transition rates, instead, we observe that
there are many underlying movements of workers, such as an increase in the transitions from
temporary to permanent employment, a decrease in the transition from temporary employment
to unemployment, but also for instance an increase in the transitions from unemployment to
inactivity. While the former two effects were set as goals of the reform, the latter may be an
important unintended consequence. The analysis of these transition rates are therefore paramount
when designing labour market policies, as they provide important information about the direction
the labour market is heading to. Moreover, the equilibrium shares are informative about the
expected evolution of the labour market shares, as a consequence of the changed transition rates.
Although we do not intend to establish causality, as a theoretical framework would be needed,
our suggested methodology should provide a different approach to the estimation of instantaneous

transition rates for policy evaluation.
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Appendix

A Bootstrap procedure

Given a sample of transitions X of cardinality /N, the bootstrap procedure is composed of three
steps (Efron and Tibshirani, 1994, Chapter 6):

1. Draw B samples of cardinality N by sampling with replacement from X;
2. For every bootstrapped sample b estimate matrix Pj, and the corresponding Qp;

3. Compute the standard errors of the transition rates g;;, oy, as:

—\2
= (%,b - (jij)
Ty =\ 2u
’ b=1 B
where Gi;, is the (i, ) element of Q, and ;; is the average (i, j) element of all the B boot-

straps.

The test of zero difference between two transition rates and/or between two equilibrium labour
market shares is based on the bootstrap procedure suggested in |[Efron and Tibshirani| (1994, Chap-
ter 16).

B Pairwise comparison of estimates

In this section we report the p-values of the pairwise comparisons of the elements of estimated
Q matrices (Table @ and the p-values of the pairwise comparisons of the estimated equilibrium
labour market shares in quarter II of 2018 and quarter IV of 2019 (Table . These p-values are
calculated by the bootstrap procedure suggested in Efron and Tibshirani (1994, Chapter 16).

Table 6. P-values of pairwise comparisons of elements of estimated Q matrices in quarter II of 2018 and quarter
IV of 2019.

SE  FT PE U IN
SE | 0.00 0.17 0.10 0.02 0.30
FT | 0.24 0.00 0.00 0.44 0.13
PE | 023 0.20 0.33 0.01 0.04

U 0.04 037 038 0.01 0.00
IN | 026 047 0.20 0.01 0.01

Note: P-values are calculated using bootstrap (1000 samplings).
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Table 7. P-values of the pairwise comparisons of estimated equilibrium labour market shares in quarter II of 2018
and quarter IV of 2019.

SE FT PE U IN
0.205 0.000 0.025 0.000 0.232

Note: P-values are calculated using bootstrap (1000 samplings).

C Counterfactual estimation through forecasts

Our strategy for the estimation of the counterfactual transition rates is inspired by Blanchard
and Leigh| (2013) and based on forecasting. The f-quarter ahead forecast of transition rate ¢;; in

quarter ¢ can be expressed as:

Qijyi+f = Qije+flt T Cijit+f (19)

where ¢;j 1+ f—1.44¢ is the observed transition rate (i, j) in quarter (t + f), qijq s is the forecasted
transition rate for the quarter (¢ 4+ f) calculated in quarter ¢ and ;s is the forecasting error.
If the forecasting is computed exploiting any information available in period ¢, then the expected

value of €., is zero and €4y and g4 5, are orthogonal, i.e.:

E[qij,t—i—f - Qij7t+f\t] = 0. (20>

Hence, any significant divergence between g;; ¢4y and q;; .4 s; signals a novelty with respect to the
information set available in period ¢ or, alternatively, ¢;; 1 s can be interpreted as a counterfactual.
The novelty in the labour market in quarter ¢ should appear as a significant gap between ¢;; .4 ¢
and Qijt+f|t-

In estimating the forecast, we follow |Clemen (1989) and [Hyndman and Athanasopoulos (2021)),
and consider the combination of three different models of forecasting, i.e. AutoRegressive Inte-
grated Moving Average (ARIMA), exponential smoothing (ETS) and linear regression (TSLR),
allowing in all models for the presence of a trend and seasonality and using the modified AIC for

model selection (Hyndman and Athanasopoulos, 2021, Chapters 8, 9 and 13)).
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