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Abstract

Economic inequalities and poverty are aspects of well-being that have been largely
studied in the past literature also with the development of many appropriate indicators
able to measure them. One aspect of well-being that has not been studied enough is eco-
nomic insecurity. This lack might be due to its abstract nature and the difficulty to define
such phenomena. In this work, we suggest an indicator to measure the individual feeling
of economic insecurity by considering past resource fluctuations, the Logarithmic Relative
Indicator (LRI). The innovation of this indicator consists in considering the past resource
fluctuations from a relative point of view, allowing individuals to evaluate each fluctuation
based on the level of their previous resources. We then use the indicator proposed to study
how economic insecurity may affect the job changes. We found that economic insecurity
has a significant impact on the probability of changing job and that the LRI outperform
other indicators of economic insecurity in this application.

Keywords: Economic insecurity, Economic indicators, Job Turnover
JEL: D63, I32, J63

1 Introduction
The recent Covid-19 pandemic brought economic uncertainty to the lives of many
households and consumers (Caggiano et al., 2020), and the contemporary literature
is giving growing attention to the measure of this uncertainty and its effect on the
economic behaviour of individuals and the whole economic system (Baker et al.,
2020; Iyke, 2020). One aspect of the economic uncertainty is the economic insecu-
rity, which attracted the attention of authors even before the arrival of the pandemic
and boosted the study in this field. One interesting aspect of this topic is that there
is no collective and community-accepted definition of economic insecurity. Authors
do agree that it is a phenomenon related to the forward-looking perception of future
outcomes, but dealing with individual perceptions can become a very difficult task
when proposing a community-accepted definition.
As a follow up there is even more ambiguity in assessing how it should be measured
(Rohde and Tang, 2018). Some approaches attempt to measure economic insecu-
rity from an aggregate level, such as the International Labour Organization’s (ILO)
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index or the Osberg and Sharpe (2014) approach. Other authors proposed to mea-
sure economic insecurity at an individual level. This comes with more limitations
and assumptions than in the aggregate case (Rohde and Tang, 2018) but offers un-
doubtedly many possibilities of analysis as economic insecurity may be indeed highly
related to several individual behaviors and conditions as, for example, political vote
(Bossert et al., 2019), mental health (Rohde et al., 2015), suicide rates, (Reeves et al.,
2014) and obesity (Smith et al., 2013). Individual approaches may be divided into
two general paths: objective indicators of economic insecurity and subjective ones.
The latter usually work with answers to individual subjective questions, asking if
respondents feel insecure. Several authors have studied the relationship between the
subjective feeling of insecurity and subjective well-being (De Witte, 1999), marriage
probability (Clark et al., 2021), fertility (Clark and Lepinteur, 2022) and others. On
the other side, objective measures of economic insecurity usually focus on backwards-
looking techniques to be able to predict a certain value of a forward-looking sense
of insecurity. There is a certain variety of approaches in this case. Some authors
try to measure insecurity by identifying dimensions of insecurity and then studying
the principal component from a multivariate Principal Component Analysis (Ro-
hde et al., 2015; Ranci et al., 2021), some others exploit certain characteristics of
individual income flows (Rohde et al., 2014), some use a multidimensional method-
ology (Hacker et al., 2014) and others suggest an axiomatic approach (Bossert and
D’Ambrosio, 2013; Bossert et al., 2019).
The purpose of this paper is twofold. First, embracing the approach proposed by
Bossert et al. (2019), we suggest a new version of their indicator. The indicator
suggested by Bossert et al. (2019) works with past resource flow fluctuations and
provides individual insecurity scores by considering absolute pair differences of past
resource levels. These absolute differences capture resource fluctuations, assigning
a higher level of insecurity to cases where a reduction in resources is not followed
by a recovery. We suggest a relative version of the indicator in order to capture di-
verse individual perceptions of economic insecurity: two individuals perceiving the
same loss in resources at the same point in time might have a different perception
of it if they start from different resource levels. Moreover, in line with the object of
considering relative changes, we adopt a logarithmic transformation that enables us
to fulfil most of the proprieties the original indicator had.
Second, we study the possible effect of economic insecurity, measured using our in-
dicator, on the probability of changing jobs. The literature on the determinants
of job turnover and job mobility it’s extremely vast and complex (for an extensive
and complete review see Hom et al. (2017). Applied contributions appear from the
beginning of the last century (Diemer, 1917; Douglas, 1918; Eberle, 1919), while
theoretical results arrived later. March and Simon (1958) proposed the Theory of
Organization Equilibrium (TOE) where they postulate that turnover is a decision
taken after weighing the perception of the importance of the role you have for the
organization and the perception of the contributions of the organization on your life.
Afterwards, Mobley (1977) elaborates a model to explain how dissatisfaction moves
to job turnover, assuming that dissatisfaction creates the thoughts of quitting a job,
then after an evaluation of the Subjective Expected Utility (SEU), and an evaluation
and a comparison with the alternatives, there may be a job quit. In the same year
Price (1977), proposed a study on the determinants of job turnover, including not
only causes derived from the workplace (pay, integration) and the Labour Market
in general (job opportunity) but also from the community (kinship responsibility)
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and occupational causes (Hom et al. , 2017).
Subsequent studies have suggested applications of the theoretical model proposed
earlier: Price and Mueller (1981) used a causal model testing determinants and
intervening factors, and Hom et al. (1992) provided a comprehensive test of Mob-
ley’s (1977) model. In more recent contributions Joseph et al. (2015) consider IT
professionals, studying gender differences among different types of job turnovers,
d’Ambrosio et al. (2018) study the impact of the gap between fair income and per-
ceived one on job quits, and Bajrami et al. (2021) analyze the impact of the recent
pandemic on turnover intentions among hospitality workers.
In this work, we investigate how economic insecurity may affect the decision of chang-
ing jobs. The relationship between job insecurity and job turnover has been already
investigated by Arnold and Feldman (1982), De Witte et al. (2015), Bajrami et al.,
(2021) and others, who focus on the feeling of insecurity produced by the possibility
of losing a job. We move away from the previous literature and use the indicator
proposed to study how the perception of economic insecurity, caused by resource
flows fluctuations, affects the decision of changing job. We think that by including
this aspect of well-being in the literature of the determinants of job turnover we can
add some useful insights on this phenomenon. Changing jobs, voluntarily or out of
necessity, is undoubtedly an extremely relevant event in the life of a large number
of people and brings with it significant aspects. Apart from the economic reason,
it seems that one of the main reasons that push people to change jobs concerns the
possibility of finding greater stability and a better balance between private and work
life (Origo and Pagani, 2009).
To our purposes we use data taken from the German Socio-Economic Panel (SOEP)
for the period 2006-2020. The use of a panel enables us to incorporate unobserved
individual effects that may influence the decision of chancing job, such as the desire
for new stimuli, the desire to acquire new skills and face new challenges, the prospect
of professional growth, and last and probably most important, the recognition of the
work done, and the skills acquired.
Results highlights that the individual perceived economic insecurity has a significant
impact on the probability of changing jobs and that the indicator proposed repre-
sents, better than alternative indicators, the aspect of economic insecurity more
relevant to this choice. Moreover, we find that the effect of economic insecurity
varies among age classes and gender, and that the beginning of the Covid-19 pan-
demic had a significant job-keeping effect in general and also across age and gender.
The remaining part of the paper is organized as follows. In the next section the
Relative Economic insecurity indicator proposed is described with its analytical pro-
prieties. Section 3 briefly describes the data and reports a comparison between the
indicator proposed and the indicator suggested by Bossert et al. (2019). In Section
4 the application to job changes is presented and in Section 5 conclusions can be
found together with some future research directions.

2 Relative Economic Insecurity Indicator
The indicator proposed by Bossert and D’Ambrosio (2013) is a landmark in the field
of the measurement of the economic insecurity because they derive a formula, in the
framework of an axiomatic approach, based on the weighted sum of two weighted
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summations, one for monetary losses and the other for monetary gains over time.
Considering R(T ) as the (T+1)-dimensional Euclidean space with component labeled
(−T, ..., 0), where 0 is the current period and −T is the furthest period in the past.
Acknowledging that x = (x−T , ..., x0) is an individual resource stream and that
the economic insecurity is evaluated only considering x, the indicator proposed by
Bossert et al. (2019) is composed in this way:

IT (x) = l0
∑

t∈{1,...,T}
x−t>x−(t−1)

δt−1(x−t − x−(t−1)) + g0
∑

t∈{1,...,T}
x−t<x−(t−1)

δt−1(x−t − x−(t−1)) (1)

where δ is the inter-temporal weight, l0 and g0 are weights assigned to losses and
gains and I(T ) is a function I(T ) : R(T ) → R for each t ∈ N, and IT (x) = ⟨I(T )⟩T∈N
is a measure of individual economic insecurity.
The indicator is hence given by the sum of temporally weighted pair differences
between the individual resources stock of each year. The reason why we suggest a
different version for this indicator is driven by conceptual motivations. The main
issue concerning this indicator is given by the pair differences evaluated in absolute
terms. The relative variation between resource stocks could be used to capture
the perceived individual insecurity instead of the absolute variation, because we
think that individuals are more likely to judge changes in their economic status
in relative terms (being also used to relative salary increases). By considering the
relative change it is possible to study the phenomena from a different perspective:
with this modification, the indicator can capture some individual differences in the
perception of economic insecurity that were not visible from the previous indicator.
In this way we can compare the loss (or the gain) in resources of each individual
at time t with his previous resource level, thus measuring differently the personal
evaluation of the loss or the gain that individuals are facing at time t. Moreover,
indices based on relative changes have the advantages of being independent of the
order of magnitude of the phenomenon considered and of the units of measurement,
thus favouring the comparison between individuals and countries adopting different
currencies or having a different purchasing power.
Moreover, in the Relative Economic Insecurity Indicator we propose, relative changes
are included in logarithmic terms, for the advantages offered by the logarithmic
transformation. Because of its properties, a derivative of a log variable with respect
to time will provide the percentage change of that variable, thus rendering the
logarithmic transformation very useful when dealing with variables which change
over time. Törnqvist et al. (1985) in their seminal work discuss several ways of
applying the relative change and highlight the properties of the natural logarithm
of the ratio of the two quantities. Therefore, we suggest the following indicator:

LRIT (x) = g0
∑

t∈{1,...,T}
x−(t−1)>x−t

δt−1 ln

(
x−t

x−(t−1)

)
+l0

∑
t∈{1,...,T}

x−(t−1)<x−t

δt−1 ln

(
x−t

x−(t−1)

)
(2)

where x−t, x−(t−1) ∈ R+, afterwards it will be called “Logarithmic relative indica-
tor”(LRI).
This form of the logarithmic change can be reformulated as absolute difference with
respect to a certain function of the two quantities:

ln

(
x−t

x−(t−1)

)
=

x−t − x−(t−1)

L(x−t, x−(t−1))
(3)
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this function L(x−t, x−(t−1)) is the logarithmic mean of x−t and x−(t−1) and it’s
defined as (Vartia, 1976):

L(x−t, x−(t−1)) =

{ x−(t−1)−x−t

ln(x−(t−1)/x−t)
for x−(t−1) ̸= x−t

x−t for x−(t−1) = x−t,
(4)

The domain of the LRI is smaller than the Bossert and D’Ambrosio’s one because
values of 0 are not included, but when considering household equivalized income,
rarely 0 are observed1.
This indicator satisfies the following properties: Gain-Loss Monotonicity, Proximity
Monotonicity, Quasilinearity, Stationarity, Scale Invariance and Simmetry2. The
first four proprieties are also satisfied by in the indicator suggested by Bossert et al.
(2019), while the last two proprieties are related to relative change.

Propriety (Gain-loss Monotonicity). For all t ∈ N, for all x ∈ R++, for all q ∈
R++, then:

LRIt(x+ q, x1t) > LRIt(x, x1t) > LRIt(x− q, x1t)

This propriety ensures that a stream of resources suffering a loss is more insecure
than the same stream which obtains a gain in the same period.
The second one is about the timing of fluctuations. The idea is that fluctuations
happened further in the past should affect less the insecurity scores than fluctuations
closer to the present time 0. For example if we have a "first up and then down"
fluctuation in the stream between time 3 and 4 its insecurity should be lower than
the same stream with the fluctuation happened between time 3 and 2.

Propriety (Proximity Monotonicity). For all t ∈ N, for all x ∈ R++, for all
q ∈ R++, then:

LRIt+2(x, x, x+ q, x1t) > LRIt+2(x, x+ q, x, x1t) > LRIt+2(x, x, x, x1t) >
LRIt+2(x, x− q, x, x1t) > LRIt+2(x, x, x− q, x1t)

The next two proprieties refers to the intertemporal nature of the indicator and
are necessary when we need to aggregate diverse fluctuations over time.

Propriety (Quasilinearity). For all T ∈ N−{1}, there exist a function FT : R2 →
R, such that for all x ∈ R++:

LRIT (x) = LRIT−1(x−(T−1), ..., x0) + FT (x−T , x−(T−1))

This propriety concern the possibility of decomposing the indicator, and state
that if the further change is separated from the rest of the individual resource flow,
the same result is obtained with respect to a certain function of the two quantities
FT (x−T , x−(T−1))

1In any case in the application, we adjusted the very few 0 values we found by substituting this values
with ones, obtaining the same result, because we are working in relative terms.

2Mathematical proofs can be found in the Appendix 1.
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Propriety (Stationarity). For all r ∈ N0, there exist an increasing function Gr :
R++ → R++ such that for all t ∈ N0 and for all x, x′, s ∈ R++:

LRI(t+2+r)(x, x′, s1t+1, s1r) = Gr(LRI(t+2)(x, x′, s1t+1))

This propriety is very important in the context where indicators use geometric
discounting to shape the passing of time. Basically we ensure that if we consider a
stream with t+2 years and we shift that stream by r years in the past it will always
exist a function that makes the t+ 2 years stream equal to the shifted stream. The
next two proprieties are not satisfied by the Bossert et al. (2019) indicator but are
particularly relevant for the study of the economic insecurity.

Propriety (Scale Invariance). For all T ∈ N, for all x ∈ R++, for all b ∈ R++,
then:

LRIT (bx) = LRIT (x)

This propriety ensures that if we consider a stream and all the resource levels are
multiplied by the same constant the score remains unchanged. This is a core propri-
ety that guaranties the possibility of capturing the resources fluctuations, without
being affected by any scalar transformation of the streams. As an example, when
considering individual income streams there is no need to use the equivalence scale
to compute the equivalent income because the individual score will not be affected
by the scalar transformation3.
The last propriety is phrased in the context of insecurity from Tornqvist (1985). To
fully explain this propriety, we introduce an additional formal background. Consid-
ering an indicator of relative difference C(x−t, x−(t−1)), as a function C : R2

+ → R
with the following proprieties (Vartia, 1976):

-C(x−t, x−(t−1)) = 0, iff x−t = x−(t−1)

-C(x−t, x−(t−1)) > 0, iff x−t < x−(t−1)

-C(x−t, x−(t−1)) < 0, iff x−t > x−(t−1)

- C is a continuous and increasing function of x−(t−1) when x−t is fixed.

-∀a > 0,→ C(ax−t, ax−(t−1)) = C(x−t, x−(t−1)).

It exists a function H : R+ → R such that C(x−t, x−(t−1)) = H(x−(t−1)/x−t) (Var-
tia, 1976). Now we define the H(x−(t−1)/x−t) that concerns our case Törnqvist
et al. (1985):

-H1(x−t/x−(t−1)) = ln (x−t/x−(t−1)) =
x−t−x−(t−1)

L(x−t,x−(t−1))

At this point we can finally reformulate the LRI (2.2) with this notions:

LRIT (x) = g0
∑

t∈{1,...,T}
x−(t−1)>x−t

δt−1H1(x−t/x−(t−1)) (5)

+l0
∑

t∈{1,...,T}
x−(t−1)<x−t

δt−1H1(x−t/x−(t−1))

3If the number of households component does not change over time.
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Using the formulation above of our relative indicator, it is possible to discuss the
last important propriety.

Propriety (Symmetry). For all x ∈ R++ a relative change indicator can be said
symmetric iff:

H(x−t/x−(t−1)) = −H(x−(t−1)/x−t)

Therefore, since the H1(x−(t−1)/x−t) can be said symmetric (Törnqvist et al.,
1985), the symmetry property is satisfied by the LRI. This assures that by inverting
the points in time in the evaluation of the change, the same result is obtained but
with the opposite sign. Therefore by switching the quantities position in the ratios
it is possible to obtain a security or insecurity indicator giving us a certain flexibility
in the application.

3 Data and comparison between indicators
We calculate and compare the LRI with the insecurity indicator proposed by Bossert
et al. (2019), considering data from the German Socio-Economic Panel (SOEP), a
well-known representative panel study that last from 1984 to 2020 with approxi-
mately 11,000 private households. Respondents are in range from 16 to 91 years old
and they are asked around 150 different questions on a variety of different topics
such as earnings, household composition, health, education and many more (Goebel
et al., 2018). We considered an unbalanced panel of 56,213 individuals interviewed
annually from 2006 to 2020. The score are calculated considering T=3, therefore we
obtain insecurity scores for the period 2009-2020.
The comparison between the two indicators is carried out by using the real house-

Figure 1: Scatterplot of individual economic insecurity scores in 2020 produced by
LRI and I. On the X axis values from the I are shown while on the Y axis values from
the LRI
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hold equivalent disposable income to compute individual economic insecurity scores.
The same score is assigned at all the members of the same household, the income is
equivalized using the usual OECD scale (Grabka, 2022). In Figure 1 a scatterplot
is reported where insecurity scores obtained for 2020 are reported as an example.
On the X-axis there are values from the absolute change indicator (I) while on
the Y-axis values from the relative change indicator (LRI). First of all, dots are
mostly allocated in the first and the third quadrants, thus highlighting the substan-
tial coherence between the two indicators. However, dots are quite spread in both
quadrants, and sometimes small scores (in absolute value) of the I are associated
with high scores (in absolute value) of the LRI and vice-versa. This highlights that
the two indicators measure economic insecurity in different ways, capturing different
aspects as they move from different perspectives. To understand if these differences
in the individual scores also lead to different interpretation of the phenomenon at an
aggregated level the median and mean values are calculated for each wave from 2009
to 2020 using survey weights (Figure 2). Trends of the two synthetic indicators are

Figure 2: Medians and means trends of aggregated individual insecurity score from

2009 to 2020. The dotted line stands for the I indicator, the continuous line stands

for the LRI.

substantially similar over time, especially in the case of the median. The synthesis
obtained with median and mean hides the heterogeneity of the scores highlighted in
Figure 1. However, some differences can be observed for the mean, when comparing
the trends from 2011 to 2012, where the ascending trend produced by I scores is
associated with a descending one of the mean of the LRI’s scores.
The two economic insecurity indicators basically provide the same trend on median
and on mean: among the overall decline in the economic insecurity after the global
crisis of 2007-2008, it’s possible to detect two picks where the insecurity slightly
grows, in 2014 and from 2018 onwards. The first one might be due to the beginning
of a program of structural reforms about taxation, research development, and the
support to entrepreneurship that started in Germany in 2013 (Berger et al., 2018).
The second one in 2018, might be related to the contraction of the real GDP growth
happened in Germany from 2018 (Statistisches Bundesamt, 2019).
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4 Economic insecurity and Job Change
To understand whether the Economic Insecurity represents a relevant determinant
for the choice of changing job, we carry out an empirical analysis on the SOEP panel
data. We restrict our analysis to working individuals from 2006 to 2020 (due to the
three years lag needed to compute the first year of the LRI, the time span considered
in the analysis is from 2009 to 2020) obtaining a panel of 20,191 individuals and
93,125 observations. We consider as outcome variable a dummy that stands 1 if
respondents have changed their job for a different employer in the past year and 0
if not. This variable is generated by a combination of questions:

Have you changed jobs or started a new one since December 31, (survey year)?
(Yes/No)

if Yes

What type of occupational change was that?

1. I started working for the first time in my life
2. I returned to a previous employer after a break in employment
3. I started a new job with a different employer (for temporary workers this in-

cludes working in a temporary job)
4. I was hired by the company (in which I previously worked as an apprentice /

in a job creation measure (ABM) / in an internship/ on a freelance basis
5. I changed positions within the same company
6. I became self-employed

We consider as job change when people intentionally decide to change their job. The
target variable is a dummy equal to 1 if the respondent answered Yes to the first
question and selected the third option in the second question, and equal to 0 if the
respondent as answered No or if it has been answered Yes to the first question and
then selected something else than the third option in the second question. It might
be argued that zero value corresponds to a highly heterogeneous group, but within
the zeros there is, for each different wave, at least 62% of individuals who declare
they started a new job with a different employer (with the exception of 2009 where
the individuals are still above average, 51%). Moreover, in the whole panel, 22%
of the individuals has done at least one job change in all the time span considered.
Another issue might be given by the people who change their job because they are
dismissed by their previous employer, thus their job change is not intentional, but
it is forced by the previous employer.
Considering the whole sample, among people who have changed job, 10% have been
dismissed earlier in the same year while, when considering all the waves this per-
centage does vary over years, peaking on 2010 (18%) and falling on 2017 (8%).
Acknowledging that we want to consider voluntary job changes, individuals who
change job after being dismissed during the same year are not considered in our
analysis.
To measure economic insecurity the LRI is used. The variable considered for the
computation of economic insecurity is the real "individual wage or salary from main
job of individuals”4. The economic insecurity is computed by considering a lag of 3

4This variable represents wages or salary from main job of individuals in the household 16 years of
age and older (Grabka, 2022)
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periods and the same values for the coefficients used by Bossert et al. (2019), there-
fore: g0 = 1, l0 = 15/16 and δ = 0.9. We decided to use these values because they
seem the most appropriate in our analysis: if we chose a lower value for delta, we
would not give enough relevance to past fluctuations, while by choosing a smaller
value for the losses coefficient (l0) than for the gain coefficient (g0) we assume that
losses had a higher impact than gains in the individual perception of economic in-
security, which is a reasonable assumption (D’Ambrosio and Rohde, 2014; Bossert
et al., 2019).
The individual controls included in the analysis are: the real equivalized household

Table 1: Descriptive statistics

Mean Min Max

Insecurity (LRI) -0.08 -5.17 7.18

Equivalent Disposable HH Income 27,324.29 1,323.541 1,050,209

Years of Education 12.62 7 18

Number of Children 0.78 0 11

Annual Working Hours 1,921.28 0 6,711

Self Rated Health Status 3.49 1 5

Age 46.42 20 76

% Min Max

Job Change 7% 0 1

Sex 50% 0 1

Married 66% 0 1

Age Categories:

From 21 to 29 7% 0 1
From 30 to 39 19% 0 1
From 40 to 49 32% 0 1
From 50 to 59 30% 0 1
From 60 to 76 12% 0 1

N 93,125
Individuals 20,191

10



disposable income considered at time t− 1, the age of the individual (considered as
5 age categories: from 21 to 29, 30-39, 40-49, 50-59 and 60-76), the gender, the mar-
ital status (dummy variable standing one if the respondent is married), self-rated
health status (ordinal increasing categorical variable meaning 1 as bad, 2 as poor, 3
as satisfactory, 4 as good and 5 as very good ), the years of education, the number
of children in the household and the number of annual working hours.
Table 1 show some descriptive statistics. We can notice that the sample is equally
divided by male and female, 67% of the individual are married and respondents
are spread among the 5 age categories considered with more than the 60% of the
respondents beeween 40 and 59 years old. The average self-rated health status is
3.5. The insecurity index takes values between -5.17 and 7.18.

4.1 The model
To study the possible effect of the economic insecurity on the probability of chang-
ing job, a linear probability model for panel data is considered. The linear model is
usually preferred in this field due to the possibility of using the fixed effect approach
for dealing with unobserved individual effects (as in d’Ambrosio et al., 2018). The
alternative would be to assume random specific effects, but this approach is usually
inadequate for this type of data, because the independence among the unobserved
effects and all the covariates of the model is difficult to be achieved. We check this
possibility using the Hausman test, that compare the fixed effects model and the
random effect model. The null hypothesis is rejected at 5% level, thus suggesting
the use the fixed effects approach. Moreover, we also check the possibility of using a
random effect model by using the Mundlak approach (Mundlak, 1978) as suggested
by Greene (2019, section 17.7). This approach consists in adding the vector contain-
ing all the inter-temporal means of all the time varying covariates in the model with
the individual random effects, and then performing a Wald test on the intertemporal
means coefficients. If the coefficients are significantly diverse from 0, than the fixed
effect model should be preferred to the random effects one. In our case also this
approach also suggests using the individual fixed effects model.
As widely discussed in the literature, probit and logit models for panel data may
bring to serious bias when dealing with fixed effects approach, due to the "incidental
parameter problem" (Neyman and Scott, 1948; Chamberlain, 1980). A solution to
this bias is proposed in Chamberlain (1980) where the conditional logit model is
suggested. By conditioning on the sum of the outcomes it is possible to tackle the
"incidental parameter problem" and to estimate coefficients. Nevertheless, marginal
effects cannot be computed with this approach, with consequent limits for the in-
terpretation of the coefficient (Greene, 2019).
Therefore, in addition to the linear model we estimate a conditional logit model with
fixed effects, as a robustness analysis, for checking the sign and the significance of
the coefficients. If results are coherent with the conditional logit model, we interpret
the magnitude of the coefficients produced by the linear probability model.
We consider the following a panel data regression model with two-way effects:

JobChangei,t = β0 + β1Insecurityi,t−1 + β2Log(HHincome)i,t−1 (6)
+ β3Xi,t−1 + ai + δt + γi,t + ϵi,t
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All the auxiliary variables are included with a lag of one year, assuming that indi-
viduals decide to change job at year t on the basis of what happened the previous
year.
The dependent variable is the dummy created as discussed above considered at time
t, β0 is the constant term, Insecurityi,t is the relative economic insecurity indica-
tor LRI and Log(HHincome)i,t is the logarithm of the real equivalent disposable
household income. The vector Xi,t contains all the others controls, ai represent the
individual unobserved effects, δt the years effect, γi the regional effect (the länder
of residence of the family) and ϵi,t the error terms.

4.2 Results
Partial results are available in Table 2, while full results are available in Table 6,
Table 7 and Table 8 in the Appendix. In the first column results from the linear
probability model with the individual controls, the regional effects, the years effect
and individual fixed effects are shown, while in the second column, results from
the conditional logit model are available. The economic insecurity has a positive
significant effect at 1% level in both models. Therefore, controlling for all the other
individual characteristics, more economically insecure respondents are more likely

Table 2: Job Change and E.I. table

(LPM) (Conditional Logit)
Insecurity 0.019∗∗∗ 0.162∗∗∗

(0.004) (0.040)

Log(HH income) -0.007 -0.127
(0.008) (0.108)

Year 2020 -0.029∗∗∗ -0.558∗∗∗

(0.006) (0.140)
N 70111 70111
Individuals 15095 15095
Controls Yes Yes
Individual Effects Yes Yes
Time Effects Yes Yes
Regional Effects Yes Yes
Standard errors in parentheses
Dependent variable: Probability of Job Quit (time t). All covariates considered at time t-1
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

to change their job: if LRI increases by 1, the probability of changing job increases
by almost 0.02. It’s interesting to notice how the logarithm of the real disposable
household income is not meaning full in both models. Regarding the fixed year
effects, only 2020 has a significant effect, with respect to the other years, and its
effect is negative, i.e. the probability of changing job in this year is almost 0.03 points
lower than in the other years. This is evidently a job-keeping effect of the pandemic
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for the employees considered. Moreover, the number of children in the household
and the annual working hours are significant determinants, while the education level
is not meaning full (Table 6).

4.2.1 Comparison with other indicators

With the objective of understanding better the potential offered by the measure
proposed for the economic insecurity as determinant in a model for the probability
of changing job, we estimate the same models considering alternative indicators sug-
gested in the literature. This comparison may allow us to understand how much the
indicator that we suggest is able to capture the economic uncertainty that contribute
to such a decision. The other indicators considered are the Economic Insecurity in-
dicator proposed by Bossert et al. (2019) and the Hacker et al. (2014) Index of
Economic Insecurity. Moreover, we also add the variance of the standardized real
equivalized household income, that represents a simple measure of the past income
fluctuations of individuals and, in this case, is used as a benchmark for the LRI.
The income variance is computed considering the same four points in time used for
LRI.
To remove any doubts about a possible relation between LRI and the mentioned

Table 3: Comparison among Economic Insecurity indicators (LPM)

(LRI) (I) (Hacker) (Variance)

LRI 0.019∗∗∗

(0.004)

I(std.) 0.006∗∗∗

(0.002)

Hacker index 0.030∗∗∗

(0.006)

Variance of HH income(std.)
0.002

(0.004)

Log(HH income) -0.007 -0.008 -0.028∗∗∗ -0.023∗∗∗

(0.008) (0.008) (0.008) (0.007)
N 70111 70111 70111 70111
Individuals 15095 15095 15095 15095
Controls Yes Yes Yes Yes
Individual Effects Yes Yes Yes Yes
Regional Effects Yes Yes Yes Yes
AIC -36748.932 -36700.718 -36720.074 -36447.797
Standard errors in parentheses. Dependent variable: Probability of changing Job (time t).
All covariates considered at time t-1 (Hacker index excluded).
Hacker index: dummy considered as 1 if there is an income drop of 25% in t-1
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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variance, we compute the Pearson correlation between the income variance and the
LRI for each different year in the time span and it results always below |0.0413|.
The index proposed in Hacker et al. (2014) is a dummy variable standing one if the
individual stream meets three conditions: a sharp drop over 25% of the disposable
household income in t − 1, the possibility of large medical-out-of-pocket (MOOP)
spending shocks, and the capacity of households to buffer these economic events by
spending down liquid financial wealth. In this application only the first condition
is used due to data availability. The Hacker indicator is included at time t in the
model due to its definition. Besides, I indicator and the variance are standardized
to reduce their variability. The same regression model (equation 6) is estimated
including only one of the four mentioned indicators.
Results are showed in Table 3. The models are compared in terms of goodness-of-fit
using the Akaike Information Criterion (last line of the table). The LRI, the I and
the Hacker indicator are significant at 1% significance level, while the standardized
variance of income is not significant. Therefore, the insecurity indicators considered
show a meaningful relationship with the probability of changing job.
In terms of goodness-of-fit (AIC) the model with the LRI is found to be preferred
among the four models. The same comparison carried out using the conditional
logit model with individual fixed effects can be found in the Appendix (Table 9).
The results are substantially very similar to the linear model’s ones in terms of sign
and significance of the coefficient, while in terms of AIC the Hacker indicator model
present a slightly lower value then the LRI.

4.3 Heterogeneity Analysis
In the previous Sections we find an interesting significant relationship between the
measure of economic insecurity proposed and the probability of changing job. In
order to further deepen our analysis we focus on specific sub-populations, to verify
if the observed relationship is also confirmed for such sub-populations or not. We
are specifically interested in detecting possible differences between genders and age
classes.
To study heterogeneity among ages, we split the sample in four age classes: from 18

to 29 where we presumably have young workers, from 30 to 39 where we presumably
find workers with some experience, from 40 to 49, that can be considered the class
of workers in mid-career professional age and, finally, from 50 to 69, the with most
experienced workers’ class. For each different sub-samples the same model (equation
4) is run. Results obtained from the model estimated by gender are reported in
Table 4, while those obtained from the model estimated by age classes are available
in Table 5.
Even if insecurity has a significant positive effect for both man and women, we can

notice that the magnitude differs. Indeed, the impact of insecurity on the probability
of changing job is doubled for males (0.028) than for females (0.014). Despite the
effects of economic insecurity on the probability of changing jobs being lower, there
is a job-keeping effect if females are married, highlighted by the negative coefficient
of the marital status. This dynamic is in line with the past literature about gender
inequalities in the labour market. Indeed, women tend to be more risk averse (Cortés
et al., 2021) and less willing to compete in the labour market (Buser et al., Buser
et al.), which can explain both the lower impact of the insecurity indicator and the
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Table 4: LPM Gender analysis

(Male) (Female)
Insecurity 0.028∗∗∗ 0.014∗∗∗

(0.007) (0.004)

Log(HH income) 0.003 -0.010
(0.012) (0.010)

Year 2018 -0.002 -0.015∗∗

(0.007) (0.008)

Year 2019 -0.009 -0.021∗∗

(0.008) (0.008)

Year 2020 -0.026∗∗∗ -0.033∗∗∗

(0.008) (0.009)

Age Categories:
Age Category (=2) -0.031 -0.063∗∗∗

(0.020) (0.019)
Age Category (=3) -0.031 -0.070∗∗∗

(0.022) (0.022)
Age Category (=4) -0.032 -0.054∗∗

(0.023) (0.024)
Age Category (=5) -0.037 -0.051∗∗

(0.025) (0.026)

Married -0.007 -0.024∗∗

(0.010) (0.010)
N 35071 35040
Individual controls Yes Yes
Other Years effects Yes Yes
Regional Effects Yes Yes
Fixed effects Yes Yes
Standard errors in parentheses
Dependent variable: Probability of changing Job (time t). All covariates considered at time t-1
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

negative coefficient of marital status. This dynamic does not shift to males, for
whom being married is not a significant determinant.
Age classes are also meaning full for females, with a negative effect with respect to
the excluded category, that is the first one (from 18 to 29 years old). Therefore, the
probability of changing job is always lower for the other age classes.
The time effect is significant for both groups in 2020 and only for women in 2018
and 2019, showing a lower probability of changing job for women in these periods
(compared to 2010).
Results obtained by estimating the model for age classes show that the insecurity
index is not significant for the youngest class, while for the older ones it is. Results
show that economic insecurity does matter more when individuals have matured
some working experience and it is more likely they have a family that might need
more financial stability. For the youngest class, neither economic insecurity nor past
income are significant determinants for the probability of changing job, while time
effects are significant from 2015 to 2020, where they have a strong negative impact
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Table 5: LPM Age Categories

(16-29) (30-39) (40-49) (50-69)
Insecurity 0.009 -0.001 0.035∗∗∗ 0.022∗∗∗

(0.014) (0.007) (0.007) (0.006)

Log(HH income) -0.033 -0.043∗ 0.006 0.006
(0.047) (0.023) (0.017) (0.009)

2015.syear -0.181∗∗∗ -0.023 0.004 -0.003
(0.051) (0.017) (0.009) (0.005)

2016.syear -0.163∗∗∗ -0.014 0.003 -0.009∗

(0.051) (0.019) (0.009) (0.005)

2017.syear -0.174∗∗∗ -0.031 0.005 -0.010∗

(0.056) (0.020) (0.010) (0.005)

2018.syear -0.211∗∗∗ -0.037∗ -0.006 -0.006
(0.060) (0.021) (0.010) (0.005)

2019.syear -0.210∗∗∗ -0.034 -0.003 -0.021∗∗∗

(0.066) (0.023) (0.011) (0.006)

2020.syear -0.201∗∗∗ -0.085∗∗∗ -0.023∗ -0.025∗∗∗

(0.069) (0.023) (0.012) (0.006)
N 2940 11366 21307 28872
Individuals 1368 3881 6276 6839
Controls Yes Yes Yes Yes
Individual Effects Yes Yes Yes Yes
Other Years Effects Yes Yes Yes Yes
Regional Effects Yes Yes Yes Yes
Standard errors in parentheses
Dependent variable: Probability of changing Job (time t).
All covariates considered at time t-1.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

compared to the base year 2010.
It is possible to identify different underlying mechanisms behind this result. Firstly,
it might be linked to the job market dynamics which, with respect to the 2010,
brought a decrease in the labor demand for young and untrained workers. This
translated into a lower probability for them to find a valid alternative to decide to
change job.
This strong year’s effect disappears in the other age categories, apart from year 2020
which is the only one that is significant among all the age classes with a negative
effect. Even this dynamic can be interpreted as due to the Covid-19 pandemic,
which blocked the economy and forced people to keep their job during 2020.
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5 Conclusions
Past literature has shown the importance of being able to correctly measure eco-
nomic phenomena and different aspects of well-being to help policymakers and drive
economic policies. The present work belongs to the specific strand of literature,
relevant to the empirical analysis of economic insecurity, which has focused on the
measure of economic insecurity at an individual level (Rohde and Tang, 2018). Em-
bracing the approach proposed by Bossert et al. (2019), we suggest a new version
of their indicator, based on the consideration of the logarithmic transformation of
relative changes in past resources levels.
The indicator proposed is proved to satisfy some important proprieties concerning
the ordering of individual streams (Gain-loss monotonicity, Proximity monotonic-
ity), the aggregation of fluctuations over time (Stationarity, Quasilinearity) and the
invariance to certain individual stream transformations (Scaling invariance, Sym-
metry). In the third section of this paper, the indicator is used to represent the
economic insecurity in a panel data model for job turnovers, by assuming that the
anxiety produced by past fluctuations in income may push individuals to change
jobs for a more stable condition. Our results highlight that the indicator proposed
can capture the economic uncertainty that contributes to such a decision better than
some alternative measures, and the relevance of such a determinant for the proba-
bility of changing jobs is also confirmed by a heterogeneity analysis carried out on
specific subpopulations, defined by gender and age classes.
The economic insecurity indicator presented in this paper represents a first proposal
that may be further improved in order to capture the feeling of economic insecurity
better. A simulation study to evaluate the indicator sensitivity to different values
of the coefficients involved and different lags to include in the formula should be
carried out. Moreover, this indicator may be useful to study the relationship be-
tween economic insecurity and other aspects of well-being, such as life satisfaction,
poverty, or economic inequalities.
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Appendix 1

Proofs
Propriety (Symmetry). For all x ∈ R+ a relative change indicator can be said
symmetric iff:

H(x−t/x−(t−1)) = −H(x−(t−1)/x−t)

Proof. See Törnqvist et al. (1985)

Therefore we can say that:
For all x ∈ R++ :

LRI(x−(t−1)/x−t) = −LRI(x−t/x−(t−1))

Proof. If we apply Propriety 4 (Symmetry) to the log( x−t

x−(t−1)
) in the LRI (1.2) we

obtain:

g0
∑

t∈{1,...,T}
x−(t−1)

x−t

<1

δt−1 log

(
x−(t−1)

x−t

)
+l0

∑
t∈{1,...,T}

x−(t−1)
x−t

>1

δt−1 log

(
x−(t−1)

x−t

)
=

g0
∑

t∈{1,...,T}
x−(t−1)

x−t

<1

δt−1 − log

(
x−(t)

x−(t−1)

)
+l0

∑
t∈{1,...,T}

x−(t−1)
x−t

>1

δt−1 − log

(
x−t

x−(t−1)

)
=

−
[
g0

∑
t∈{1,...,T}

x−(t−1)
x−t

<1

δt−1 log

(
x−(t)

x−(t−1)

)
+l0

∑
t∈{1,...,T}

x−(t−1)
x−t

>1

δt−1 log

(
x−t

x−(t−1)

)]

Propriety (Gain-loss Monotonicity). For all t ∈ N, for all x ∈ R++, for all q ∈
R++, then:

LRIt(x+ q, x1t) > LRIt(x, x1t) > LRIt(x− q, x1t)

Proof. consider the function log( x−t

x−(t−1)
) with x, q ∈ R++:

log

(
x−t

x−(t−1)

)
=

{ 0 < x−t

x−(t−1)
< 1 =⇒ log( x−t

x−(t−1)
) < 0

x−t

x−(t−1)
= 1 =⇒ log( x−t

x−(t−1)
) = 0

x−t

x−(t−1)
> 1 =⇒ log( x−t

x−(t−1)
) > 0

If l0, g0 ∈ R++ and δ ∈ (0,min{ l0
g0;

g0
l0
}) then l0δ

t−1 and g0δ
t−1 are positive

∀l0, g0 ∈ R++ and ∀δ ∈ (0,min{ l0
g0;

g0
l0
}).

Therefore the insecurity score will only depends on the sign of log(x−(t−1)

x−t
). That is

why this propriety it’s fulfilled.

21



Propriety (Proximity Monotonicity). For all t ∈ N, for all x ∈ R+, for all q ∈ R++,
then:

LRIt+2(x, x, x+ q, x1t) > LRIt+2(x, x+ q, x, x1t) > LRIt+2(x, x, x, x1t) >
LRIt+2(x, x− q, x, x1t) > LRIt+2(x, x, x− q, x1t)

Proof. if we substitute the LRI in the Propriety 2, we obtain:

l0δ
t−1 log(x+q

x ) + g0δ
t log( x

x+q ) > l0δ
t log(x+q

x ) + g0δ
t+1 log( x

x+q ) > 0 >

l0δt+1 log( x
x−q ) + g0δ

t log(x−q
x ) > l0δ

t log( x
x−q ) + g0δ

t−1 log(x−q
x )

we can now apply Propriety 4 (Symmetry) to the log( x−t

x−(t−1)
):

log( x
x−q ) = − log(x−q

x ) and log( x
x+q ) = − log(x+q

x )

then

log(x+q
x )[l0δ

t−1 − g0δ
t] > log(x+q

x )[l0δ
t − g0δ

t+1] > 0 >

log(x−q
x )[g0δ

t − l0δ
t+1] > log(x−q

x )[g0δ
t−1 − l0δ

t]

we can group by δt−1 and δt

log(x+q
x )δt−1[l0 − g0δ] > log(x+q

x )δt[l0 − g0δ] > 0 >

log(x−q
x )δt[g0 − l0δ] > log(x−q

x )δt−1[g0 − l0δ]

This succession of inequalities holds if l0, g0 ∈ R++, t ∈ N and δ ∈ (0,min{ l0
g0;

g0
l0
}).

This is because:
-[g0 − l0δ] it’s always positive for δ ∈ (0,min{ l0

g0;
g0
l0
})

-[l0 − g0δ] it’s always positive for δ ∈ (0,min{ l0
g0;

g0
l0
})

- log(x+q
x ) it’s always positive and log(x−q

x ) it’s always negative

- |δt−1| > |δt| if δ ∈ (0,min{ l0
g0;

g0
l0
})

Propriety (Quasilinearity). For all T ∈ N−1, there exist a function FT : R2 → R,
such that for all x ∈ R(T ):

LRIT (x) = LRIT−1(x−(T−1), ..., x0) + FT (x−T , x−(T−1))

Proof. Consider the function F : R2 → R:

F (x, y) =

{
l0δ

T−1 log(xy ) if x > y

g0δ
T−1 log(xy ) if x < y
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Propriety (Stationarity). For all r ∈ N0, there exist an increasing function Gr :
R++ → R++ such that for all t ∈ N0 and for all x, x′, s ∈ R++:

LRI(t+2+r)(x, x′, s1t+1, s1r) = Gr(LRI(t+2)(x, x′, s1t+1))

Proof. Let us consider the function Gr : R++ → R++, Gr(y) = δry. If we substitute
in Propriety 5 we get:

LRI(t+2+r)(x, x′, s1t+1, s1r) = δr(LRI(t+2)(x, x′, s1t+1))

If we consider that (s1r) does not vary (it is just a repetition of the same resource
level s), it does not contributes to LRIt+2+r(x) score, therefore the two streams
have the same level of insecurity.

Propriety (Scale Invariance). For all T ∈ N, for all x ∈ R+, for all c ∈ R+, then:

LRIT (x) = LRIT (bx)

Proof. Trivial because the relative change is not effected by the scalar product.
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Appendix 2

Table 6: Job Change and E.I. table

(LPM) (C. Logit)

Insecurity 0.019∗∗∗ 0.162∗∗∗

(0.004) (0.040)

Log(HH income) -0.007 -0.127
(0.008) (0.108)

Age Categories:
Age Categories (=2) -0.048∗∗∗ -0.411∗∗∗

(0.014) (0.149)
Age Categories (=3) -0.051∗∗∗ -0.448∗∗

(0.015) (0.194)
Age Categories (=4) -0.043∗∗∗ -0.313

(0.017) (0.240)
Age Categories (=5) -0.044∗∗ -0.474

(0.018) (0.318)

Married -0.016∗∗ -0.224∗

(0.007) (0.121)

Self Rated Health Status:
Self Rated Health Status (=2) 0.011 0.321

(0.008) (0.232)
Self Rated Health Status (=3) -0.001 0.063

(0.009) (0.232)
Self Rated Health Status (=4) -0.006 -0.044

(0.009) (0.233)
Self Rated Health Status (=5) 0.000 0.076

(0.010) (0.245)

Years of Education -0.013 -0.043
(0.010) (0.090)

Number of Children -0.004 -0.073
(0.003) (0.058)

Annual Working Hours -0.000∗∗∗ -0.000∗∗∗

(0.000) (0.000)
N 70111 70111
Individuals 15095 15095
Regional Effects Yes Yes
Time Effects Yes Yes
Individual Effects Yes Yes
Standard errors in parentheses
Dependent variable: Probability of changing Job (time t) .
All covariates considered at time t-1
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

24



Table 7: Job Change and E.I. table

(LPM) (C. Logit)

Insecurity 0.019∗∗∗ 0.162∗∗∗

(0.004) (0.040)

Log(HH income) -0.007 -0.127
(0.008) (0.108)

Years effect:
2011 0.004 0.091

(0.003) (0.108)
2012 0.004 0.103

(0.004) (0.112)
2013 0.006 0.177

(0.004) (0.114)
2014 -0.000 0.006

(0.004) (0.114)
2015 -0.004 -0.057

(0.005) (0.115)
2016 -0.004 -0.060

(0.005) (0.118)
2017 -0.006 -0.118

(0.005) (0.121)
2018 -0.008 -0.150

(0.005) (0.126)
2019 -0.014∗∗ -0.278∗∗

(0.006) (0.132)
2020 -0.029∗∗∗ -0.558∗∗∗

(0.006) (0.140)
N 70111 70111
Individuals 15095 15095
Individual Controls Yes Yes
Regional Effects Yes Yes
Individual Effects Yes Yes
Standard errors in parentheses
Dependent variable: Probability of changing Job (time t) .
All covariates considered at time t-1
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 8: Job Change and E.I. table

(LPM) (C. Logit)

Insecurity 0.019∗∗∗ 0.162∗∗∗

(0.004) (0.040)

Log(HH income) -0.007 -0.127
(0.008) (0.108)

Regional effects:
Hamburg 0.039 0.304

(0.082) (0.570)
Niedersachsen 0.007 -0.038

(0.090) (0.791)
Bremen 0.159 14.593

(0.170) (326.322)
Nordrhein-Westfalen -0.079 -0.610

(0.103) (0.743)
Hessen -0.096 -0.866

(0.106) (0.794)
Rheinland-Pfalz,Saarland -0.023 -0.186

(0.133) (0.930)
Baden-Wuerttemberg 0.020 0.058

(0.109) (0.783)
Bayern -0.047 -0.437

(0.101) (0.844)
Saarland 0.084 0.641

(0.364) (1.825)
Berlin -0.007 0.598

(0.110) (0.947)
Brandenburg -0.017 0.718

(0.107) (0.949)
Mecklenburg-Vorpommern 0.130 1.878∗

(0.130) (1.067)
Sachsen -0.096 -0.709

(0.117) (0.949)
Sachsen-Anhalt -0.194 -1.105

(0.178) (1.413)
Thueringen -0.186 -1.687

(0.132) (1.109)
N 70111 70111
Individuals 15095 15095
Individual Controls Yes Yes
Time Effects Yes Yes
Individual Effects Yes Yes
Standard errors in parentheses
Dependent variable: Probability of changing Job (time t) .
All covariates considered at time t-1
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 9: Comparison among Economic Insecurity indicators (C. logit)

(LRI) (I (std.)) (Hacker) (Inc. Variance)

LRI 0.162∗∗∗

(0.040)

I(std.) 0.084∗∗∗

(0.026)

Hacker index 0.453∗∗∗

(0.089)

Variance of HH income std. 0.075
(0.093)

Log(HH income) -0.127 -0.110 -0.425∗∗∗ -0.340∗∗∗

(0.108) (0.110) (0.114) (0.105)

Year 2020 -0.558∗∗∗ -0.550∗∗∗ -0.500∗∗∗ -0.473∗∗∗

(0.140) (0.139) (0.140) (0.139)
N 14507 14507 14507 14507
Individuals 15095 15095 15095 15095
Controls Yes Yes Yes Yes
Individual Effects Yes Yes Yes Yes
Regional Effects Yes Yes Yes Yes
AIC 10001.345 10006.455 9992.574 10114.196
Standard errors in parentheses. Dependent variable: Probability of changing Job (time t).
All covariates considered at time t-1 (Hacker index excluded).
Hacker index: dummy considered as 1 if there is an income drop of 25% in t-1
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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