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Abstract

This paper explores the multidimensional deprivation from labor market opportuni-
ties in Armenia by constructing a Quality of Employment measure. Using Labor
Force Survey datasets for the years 2018 and 2020, we conduct a comparative analy-
sis for a group of job-separated individuals. The identified dimensions of deprivation
from labor market opportunities prior to and after the onset of COVID-19 are rea-
sons for separating from a job, reasons for not looking for a job, and main obstacles
in finding a job. These dimensions enable to study employee-level (supply factors)
and job-related characteristics (demand factors). Our study shows that demand fac-
tors are the primary drivers of amplified deprivation in times of the pandemic. Also,
we observe that the gender gap in the labor market deprivation has been increased
during the pandemic, further amplified for married women. Interestingly, gender gap
in deprivation is invariant to the occupational composition.
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Introduction

Uncertainties and economic shocks, such as COVID-19, hit significantly labor mar-
kets. The International Labour Organization (ILO) reports about 25 million job
losses after the COVID-19 pandemic breakout (ILO 2020).Studies conducted imme-
diately after the onset of COVID-19 suggest that lockdown and social distancing
measures that many countries introduced to curb the spread of the pandemic had
a large impact on employment (Brodeur et al. 2020; Coibion et al. 2020). Quality
of working life is a multidimensional and can capture the development of a labor
market beyond the simple consideration of the quantity of jobs generated. Given
the multifaceted aspect of the job quality, a multidimensional measure of quality of
employment (QoE) is constructed for cross-country studies (Gonzalez et al. 2021;
Sehnbruch et al. 2020) and for single countries (Huneeus et al. 2015; Gémez-Sal-
cedo et al. 2017).

In this paper we explore labor market changes in Armenia during the COVID-19
shock. In particular, we analyze the deprivation from labor market outcomes' in pre-
and post-COVID-19 periods for individuals separated from a job. We examine a set
of labor market related dimensions, such as reasons for job separation and for not
looking for a job, obstacles in finding a job, and individual characteristics, such as
education, vocational education/ training and occupation match. Furthermore, we
capture the heterogeneity of deprivations by individuals’ gender, age, marital status,
rural-urban locations, as well as occupation types. We use the 2018 and 2020 Labor
Force Surveys (LFS) collected by the National Statistical Service of the Republic
of Armenia (NSSRA). To assess changes in labor market opportunities, we apply
Alkire-Foster dual cut-off methodology (Alkire and Foster 2011) commonly used in
multidimensional poverty studies (Alkire et al. 2021; Burchi et al. 2022; Pham et al.
2020).

The multidimensional measure of the QoE is relatively new in the literature, and
there are continuous efforts in identifying its necessary dimensions and minimum
standards (Sehnbruch et al. 2020). Recent studies exploring the multidimensional
deprivation from labor market consider dimensions of income, employment sta-
bility, security and conditions (Gonzalez et al. 2021; Sehnbruch et al. 2020). Our
paper therefore contributes to the existing knowledge by incorporating a set of job
search related dimensions as well as employee level characteristics (such as educa-
tion, occupation match) in the multidimensional measure of QoE. Many instances of
job separation follow paths that are not comprehensively described in existing mod-
els, and further research is needed to shed light on what drives deprivation of the
unemployed population (Lee and Mitchell 1994; Maertz and Campion 2004Steel,
2002). In this context, the factors that we include in our analysis on job-separated
individuals allow us to elaborate on occupational mobility, that is to say the job-to-
joblessness transition of individuals separated from jobs. We built on the academic
research that measures selected employment conditions that are conducive to QoE

! In our study, we use opportunities and outcomes interchangeably.
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(Gonzalez et al. 2021; Olsen and Kalleberg 2004; Sehnbruch et al. 2020). In par-
ticular, we adjust the framework of Gonzalez et al. (2021) and focus on deprivation
factors of individuals separated from jobs.

The Armenian labor market is an interesting case for this exploration as the
analysis of the LFS for the period 2014-2020 indicates we that although the job
separation rate was the highest in 2020, many of job-separated individuals were not
eager to look for new jobs. In Armenia, the NSSRA (2020) reports that in the first
nine months of 2020, approximately 47,000 people lost their employment and stable
income. The official statistics state that unemployment increased from 17.7 percent
to about 20 percent in this period. Among the laid-off employees only 17 percent
continued actively seeking a job; about 60 percent had given up on their job search.
These people or their families either had a high intention to emigrate or had already
become receivers of a social protection pension. In this light, it is important to con-
sider complementing the conventional employment measures with insights from the
multidimensional measure of employment deprivation in order to provide solid basis
for evidence-driven policymaking.”

Furthermore, we consider a period that enables us to assess changes in labor mar-
ket opportunities translated into deprivations in the year of the major external shock,
COVID-19. Understanding the predictors of job separation, as well as changes in
labor market conditions in times of unprecedented events can be an important input
for policy makers and organization managers. While there is voluminous literature
from high-income countries exploring labor market conditions during the COVID-
19 (Adams-Prassl et al 2020; Crossley et al 2021; Chetty et al. 2020), such evidence
from the developing world is scant, largely due to lack of data. Studies on develop-
ing countries mostly rely on survey evidence that is collected for the specific pur-
pose of studying the crisis and addresses specific questions (for instance, Bunder-
voet et al. 2022).

Job separation is one of the key determinants of unemployment (Barnichon
2012). Job separation probabilities refer to both voluntary turnover and involuntary
dismissals (Zavodny 2003). Over the last decade, the literature on job separation has
focused on the predictors and antecedents of turnover (Holtom et al. 2008; Griffeth
and Hom 2001). A large portion of this research examines the antecedents of quit-
ting, primarily focusing on process research that addresses how people quit (Kulik
et al. 2012), and on content research which explores motivations of quit (Griffeth
et al. 2000). Some of the recent studies take into consideration employees’ reported
reasons for leaving (Maertz et al. 2003; Westaby 2005). In this context, job separa-
tion and labor market studies are increasingly using a multidimensional measure of
QoE (Alaimo et al., 2020; Gonzalez et al. 2021; Sehnbruch et al. 2020). QoE posits
that simply having a job is not sufficient for ensuring the wellbeing of an employee
(or any dependents in the household). To achieve minimum levels of function-
ing in dimensions related to the wellbeing, job stability, security, wage and other

2 A multidimensional measure of the QoE is a complementary indicator to the traditional labor mar-
ket indicators (such as the employment rate) and contributes to the UN Sustainable Development Goals
(SDGs) in achieving ‘‘Decent Work for All” (UN 2015).
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dimensions should be taken into consideration. This argumentation builds on Sen
(2006) who considers that deprivation does not belong only to monetary (income)
but also to non-monetary (such as health, education, benefits) dimensions. This
means that unemployment (including job separation) is interpreted as a failure of
certain basic capabilities. This is an important aspect, since the COVID-19 pan-
demic had disparate effects on different groups of population, mostly explained by
the kind of job a person holds, household and family structure, geographic location,
and various measures of socio-economic status (Tverdostup 2022; Aum et al. 2021;
Montenovo, et al. 2020).

The key finding from the deprivation analysis is that there are significant changes
at the extensive margin in terms of the increased proportion of deprived individuals
in 2020 compared to 2018. In the meantime, we do not observe shifts at the inten-
sive margin in terms of the average deprivation intensity changes. Regression results
bring novel insights on labor market deprivation effects for women. In particular,
deprivation is higher for married women during the pandemic. This result does
not depend on the occupational composition among women. Our research shapes a
unique study for Armenia, as there is no prior academic study exploring the Arme-
nian labor market conditions during the COVID-19 pandemic. While there are sev-
eral descriptive reports on the Armenian labor market, such as the NSSRA annual
reports, the study by ILO on Armenia (ILO 2020), and the World Bank report on
Labor Market Dynamics (WB 2007), they remain at a descriptive level. Our study is
the first attempt to explore the deprivation from labor market opportunities in Arme-
nia based on country-level representative data. Our contribution is also to embed the
long-lasting structural problems in the labor market, such as gender-based wage gap,
informal employment, while examining the deprivation in times of the COVID-19.

The remainder of the article is organized as follows. Part two provides a literature
review. Part three describes the labor market trends in Armenia. Part four develops
the method and the data. Multidimensional deprivation analysis is presented in part
five. Regression analysis is developed in part six. Part seven concludes the study.

Literature Review

An increasing number of studies explore heterogeneous consequences of the
COVID-19 shock on individuals and labor markets (Kikuchi et al. 2021; Acemo-
glu et al. 2020; Alon et al. 2020a, just to name a few). Evidence from developed
countries underline the negative consequences of the COVID-19 on the labor market
(Huang et al. (2020) for the US; Kikuchi et al. (2021) for Japan). Predominantly, the
studies conducted after the COVID-19 outbreak corroborate the findings of the pre-
COVID economic literature on the labor market.

Existent evidence suggests that earning losses from job separation are highly per-
sistent (Stevens 1997) and much more severe when they occur in recessions (Davis
and von Wachter 2011). The job-to-joblessness transition of individuals separat-
ing from jobs can affect the wellbeing of individuals by entailing disproportionate
effects on certain groups of society and by making them deprived from a number
of opportunities (education, health, income and others). As a result, labor market
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participants and potential entrants into the job market might become deprived from
employment opportunities. The consequences of shocks are likely to carry on for a
while and engender a chain reaction. The existing literature underlines the absence
of a coherent theoretical framework for understanding and measuring QoE and
deploys the concepts related to job quality that have evolved over time (Burchell
et al. 2014; Sehnbruch et al. 2015; Piasna et al. 2019).

Next, we discuss in more details the key labor market aspects that can play a role
in deprivation for individuals separated from jobs.

Job separation triggers: Job quitting is conditioned by independent effects of
structural, procedural, and employee variables (Elvira and Zatzick 2002). In the
economic literature, evidence postulates that there are many different paths to job
separation, including more situational triggers (e. g., shocks) and different types of
leaving (Hom et al. 2012). There are many reasons for job separation and those can
be classified into “push” factors (such as industry needs), and “pull” factors (such as
job opportunities or unexpected offers) (Maertz and Campion 2004; Zavodny 2003;
Gunderson and Hotchkiss, 2007).

External factors condition job needs and may become push factors for job sepa-
ration. This may be triggered by job-related shocks, such as downsizing (Lee et al.
1999), technological development (Zavodny 2003), management problems (Bjorn
et al. 2016; Campion 1991) and others (Augner 2015). Another important external
factor that can play a role in the labor supply is related to the shutdown of child-care,
schooling, home, and family health care services (Dingel and Neiman 2020). Given
those constraints the workforce in question may reduce the labor supply.

Alongside with external factors it is important to consider personal motivations
in the light of dynamic aspects of job-separation decision complexity (Morrell and
Arnold 2007). Personal factors, considered as determinants of quitting, include per-
sonal health, work stress, and family demand (Augner 2015; Levy-Garboua et al.
2007; Maertz and Kmitta 2012). Empirical evidence on the determinants of job sep-
aration (or quit) behavior shows that a person’s current wage and alternative income
plan are important factors (Morrell and Arnold 2007; Sicherman 1996). Other pull
factors are related to job satisfaction, as well as to the fact of having dependents
(Locke et al. 1976; Price 1989). Employees who are dissatisfied with their excessive
load are most likely to quit. On the other hand, employees with dependents are less
likely to quit.

Job-search behavior: The next group of variables we explore relates to the rea-
sons of not searching for a job. Existing studies examine the predictors of job search
behavior in samples of unemployed people (Kulik 2000; Lay and Brokenshire 1997;
Wanberg 1997; Wanberg et al. 2002). Job-search behavior is complex and depends
on supply factors (related to the individual’s personal situation and abilities), as well
as on demand factors (resources and opportunities outside an individual’s personal
control). Job-search constraint predictors are situational factors that might limit or
restrict an individual’s job-search efforts.

Type of employment can condition the job-search motivation. Even though non-
standard work arrangements (including seasonal employment) provide more flex-
ibility, they are associated with an increased separation from a job (Grimshaw et al.
2001; Mourdoukoutas 1988). This can be due to the fact that such arrangements
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have worse job security, pay and fringe benefits as compared to those under regular
(full-time) employment (Kalleberg et al. 2000; Rogers 1995). Personal factors that
condition the job-search behavior include job-seeker human capital, reemployment
constraints (e.g., lacking transportation, child-care, family responsibilities or ill-
ness), job seekers’ economic need for work, and employer discrimination (Wanberg
et al. 2002; Brooks and Buckner 1996).

Obstacles in finding a job: Evidence shows that job search competencies (charac-
teristics that individuals need to perform well in a job setting) of unemployed indi-
viduals can play a role in the success of job-search process (Wanberg et al. 1999).
Discrimination and incivility in job search are considered to hinder the job-finding
process (Wanberg et al. 2020).

Education: Education level is an effective tool to reduce unemployment (Nunez
and Livanos 2010). Evidence from developing economies suggests that the COVID-
19 unequal impact on the labor market is due to workers’ education and skills (Tver-
dostup 2022; Dasgupta and Murali 2020; Montenovo et al. 2020).

Vocational education/ training: It is documented that the quality of employment
is associated with vocational training and skill development that help to improve
employment practices and policies (Korner et al. 2012; Sehnbruch et al. 2015). Sen-
iority and investment made in professional development (e.g., trainings) enhance
employment quality (Becker 2009; Parsons 1972). For instance, people without
qualifications are much more vulnerable to losing a job and are more prone to be
locked in an unemployment trap than those with higher qualification levels (Giddens
2001).

Occupation (mis)match: Deprivation from the labor market can become costlier
when coupled with increasing labor mismatch. Geographical space (urban versus
rural areas) can be decisive in terms of employment opportunities, because unem-
ployment is rooted in deeper structural factors, such as poor infrastructure, dysfunc-
tional industries of a region (on the demand side) as well as a surplus of non-quali-
fied or highly specialized labor (on the supply side).

Provided that job loss during a recession has durable and negative effects on
future earnings and job security (Davis and von Wachter 2011), consequences of a
crisis may persist and contribute to the deprivation of vulnerable groups for years to
come. Thus, exploring triggers of deprivation in the pre- and post-COVID-19 peri-
ods among job-separated individuals is of high importance.

Background Information

Armenia is a developing country with around three million population located in
Eastern Europe. After the collapse of the Soviet Union, Armenia declared its inde-
pendence in 1991 and had to face numerous adverse shocks resulting in rather low
resilience and absorption capability. The country experienced high rates of emigra-
tion and remittance inflows. Currently, the Armenian economy depends heavily
on remittances, and a significant part of its population is below the national pov-
erty line. According to the NSSRA (2021), the poverty rate estimate for 2020 is
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27 percent, which is 0.6 percentage point higher than that in 2019, calculated with
respect to the average poverty line.

In response to the COVID-19, businesses in Armenia have undergone major
changes. After the COVID-19 outbreak in Armenia in mid-March 2020, the Gov-
ernment has brought forward a need for amendments in the Labor Code to accom-
modate legally several restructuring processes. Some of those amendments create
enabling conditions for female workers (e.g., child-care needs).

In Figs. la—c. We report job market related statistics from the Armenian LES for
the period 2014-2020. In Fig. la, the proportion of job seekers separated from a
job throughout the last year in the labor force is compared to the proportion of job
seekers (in the labor force) separated from a job in the current year. In general, the
second proportion category has a decreasing tendency, but the drop in 2020 is sub-
stantially larger. The drop is also considerable for the proportion of job seekers in
2020 compared to that of 2019. From Fig. 1b, we observe that the two proportions
of job seekers among separated are the lowest in 2020.

Finally, from Fig. 1c we observe that the proportions of individuals separated
from a job during the last year and in the current year are the highest in 2020. Posi-
tive differences are even larger when we drop those individuals who separated from
their last job more than one year ago.

Summarizing these observations, we conclude that while the job separation rate
was the highest in 2020, many job-separated individuals were not eager to look for
a new job. In our study, we particularly focus on reasons triggering this behavior in
the first year of the pandemic compared to those in 2018. While the proportion of
job seekers was the lowest in 2020 (Fig. 1a), it does not provide the full picture on
the labor market and remains silent about difficulties that job-separated individuals
faced during the pandemic.

Method and Data

We develop measures for multidimensional deprivation from labor market outcomes
based on the Alkire-Foster methodology (Alkire and Foster 2011). This methodol-
ogy proposes multidimensional poverty measures using a dual cut-off approach.
The method is applied in several research areas, such as energy poverty (Ozugh-
alu and Ogwumike 2019) and child-care (Kim 2019). The method has also been
applied in labor market studies exploring the quality of employment (Gonzalez et al.
2021; Sehnbruch et al. 2020). Garcia-Perez et al. (2017) use the multidimensional
approach to measure precarious employment. Similar to Gonzalez et al. (2021), we
claim that the Alkire-Foster methodology is preferable over alternative methods
such as partially ordered set methodology (e.g., Annoni and Bruggemann 2009), as
it is widely used by policy makers and experts and can be easily associated with the
measurements of multidimensional poverty.

3 Average poverty line is AMD 44,482 (USD 91.0) per adult equivalent per month.
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In our study, the multidimensional deprivation indexes, namely, headcount ratio,
adjusted headcount ratio and average intensity of deprivation, are constructed for
the years 2018 and 2020, using Labor Force Survey datasets. As the method is quite
extensively used in the literature, for the sake of brevity we unfold it in Appendix A.

Our comparative analysis consists of two parts. We compare deprivation indexes
and contributions in the two datasets (2018 and 2020) and make judgements on
labor market conditions and changes during the COVID-19. We take 2018 as a
comparison base since economic growth expectations have become more rigorous
after the “Velvet Revolution” and the formation of a new government in the spring
of 2018 in Armenia. From the contribution analysis, we identify those indicators
which capture the deprivation from labor market opportunities the most. Mapping
from distinct indicators to the overall deprivation score in terms of absolute magni-
tudes and relative contributions is identified. We conduct this analysis for individu-
als who separated from a job (i) throughout the year prior to an interview week and
(i1) throughout the current year of an interview. In the second case, we particularly
observe individuals who separated from a job starting from January 2020, and there-
fore are more likely to be hit by the labor market effects of the pandemic.

We also conduct regression analysis to explore individual (age, gender, marital
status), occupational and regional net effects on the deprivation score. We use occu-
pation types based on International standard classification of occupations (ISCO)*
to capture occupational differences. Regional disproportionalities in labor market
performance are controlled for urban-rural areas. First, we estimate the regression
model for the same subsamples used in the deprivation analysis. Then, we pool
observations from 2018 and 2020 together and estimate specifications with interac-
tions by exploring changes in gender gap in labor market deprivation and the com-
positional effect of occupation on it.

Dimensions and Indicators

In Table 1 we list dimensions and indicators, which are used for constructing mul-
tidimensional measurements: reasons for separating from a job (1), reasons for
not looking for a job (2), main obstacles in finding a job (3), education level (4),
vocational education/ training (5) and occupation match (6). Those stand as distinct
dimensions, represented by one or more indicators. All individuals in the pool had
been separated from a job during the year prior to the interview week. Some of them
did not search for a job while others did. Respondents answering the questions cor-
responding to dimension 2 (reasons for not looking for a job) did not search for a
new job. Respondents answering the questions related to dimension 3 were in the
process of a job search.

4 ISCO is an international classification by the International Labour Organization (ILO) for organizing
jobs into a clearly defined set of groups according to the tasks and duties undertaken in the job. Accord-
ing to this classification, there are nine occupations: legislators / senior officials / managers (1), profes-
sionals (2); technician professionals (3); clerks (4); service & sales workers (5); agricultural workers (6),
craft workers (7); operators and assemblers (8); and elementary occupations (9).
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The three dimensions, namely, reasons for separating from a job, reasons for not
looking for a job and main obstacles in finding a job, constitute indicators grouped
in demand and supply factors. Staff reduction or dissolution of an organization can
be the basis for job separation, particularly relevant in times of the pandemic. It is
documented in the literature that management and operational issues of companies
can act as push factors for job separation (Bjorn et al. 2016; Augner 2015; Zavodny
2003). End of temporary/seasonal/one-time job are the second set of reasons for job
separation. Considered too young/too old to find a job are common demand factors
for dimensions 2 and 3. Discriminatory factors dominate in dimension 3. Supply
factors refer to sources of deprivation inherent to a person. Factors such as illness/
disability/care of sick family member and household chores are common determi-
nants of job separation (dimension 2) or the main obstacle to find a job (dimension
3). Knowledge-based supply factors dominate in dimension 3.

Immediate or short-term changes under uncertainty are likely to be captured by
the first three dimensions. Dimensions 4-6 need not be sensitive to the occurrence
of an unexpected shock, such as the COVID-19 pandemic. We include these dimen-
sions to capture even small differences in an education level, moderate or large dif-
ferences in vocational education/ training (likely to occur in the fast-changing labor
markets), and occupation match which can be directly linked to the needs of the
labor market in times of the pandemic.

The weights for the dimensions and indicators used in our model are selected by the
following multidimensional poverty normative weights (see Decancq and Lugo 2013).
Each dimension is given an equal weight (1/6), and within a dimension, indicators are
given equal weights. In Table 1, we also report weights for each dimension and indicator.

Regression Analysis

Following Alkire et al. (2015), we estimate a regression model to explain multidi-
mensional deprivation from labor market outcomes by individual and regional fac-
tors, as well as occupation types. The regression model enables us to identify par-
tial effects of the identified covariates on the constructed deprivation measure. A
binary deprivation score is considered as an outcome variable for each individual.
The probability that the individual i identified as multidimensionally deprived, con-
ditional on the information set embedded in the variable vector X, is represented as

Prob(X;) = G(X,B) 1

where the function G(.) is the probability distribution. In case G(.) is a normal prob-
ability distribution function, we estimate a probit model.’

Our primary interest is to evaluate marginal effects for covariates. For a continu-
ous covariate, the marginal effect is defined as

> Alternatively, G(.) can be a logistic function, in which case we estimate a logit model. We also estimate
the logit model, and the results are qualitatively very similar to those of the probit model (available upon
request).
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“ox. Bi(XP) 2)

)

evaluated at the mean values of variables in vector X. For a discrete x;, the partial
effect is the difference in probabilities evaluated at the adjacent values of x;.

We also estimate models by pooling observations from 2018 and 2020 together
and running interactions with a binary variable on a gender type. In the first model,
we interact gender with the year dummy to assess the change in the gender-gap in
labor market deprivations during the pandemic. In the second case, we interact gen-
der, marital status and the year, to capture the change in gender gap for married
women. The two specifications are estimated with and without control of occupa-
tions, to capture the compositional effect of occupations on the change in gender

gap.

Data

We use the Armenian Labor Force Survey (LFS) data from 2018 and 2020. We drop
from the data individuals who did not search for a job at the moment of an interview
and also are unlikely to rejoin the Armenian labor force later. That is, we aim to
consider individuals in the sample not in a job search as potential job seekers, who
are likely to join the Armenian labor market at a later stage. For this purpose, we
drop individuals aged 63 (retirement age) or older, who are not in a job search and
are considered as (i) too old, (ii) do not want to work or (iii) have some other reason
not to work. Also, we drop individuals who are not in a job search because of emi-
gration intentions. Initially, we observe 1376 and 1825 respondents from the years
2018 and 2020. After dropping such cases, we obtain 1,232 and 1,714 observations
for the corresponding years. In the 2020 data, there are 888 respondents (51.81 per-
cent) who separated from a job in 2019. The corresponding number of respondents
in 2018 is 595 (48.30 percent). In Table 2 we report summary statistics for variables
converted to deprivation measures. We report summary statistics for job-separated
individuals in the year of an interview in Appendix B (Table 9).

Education level and vocational education/training are the measurements for which
deprivation rates are quite high. Respectively, contributions to the deprivation meas-
ure (adjusted headcount ratio) of these dimensions are expected to be high. In 2020,
the proportion of job-separated respondents with lower than secondary education is
62.5 percent, while the corresponding proportion in 2018 is 61.6 percent. The differ-
ence, however, is not significant at any conventional level. Regarding the vocational
education/ training, the positive difference in deprivation is 2.2 percentage points,
and the difference is significant at the one-percent level. In 2020, deprivation from
occupation match is lower by 3.5 percentage points (with 10-percent significance),
suggesting that in times of the pandemic job-separated individuals are considered to
be deprived from an occupation less than in 2018. Qualitatively similar results are
obtained for samples of individuals who separated from a job in the current year.

We observe high deprivation from demand factors for separating from a job. The
first two indicators (staff reduction/dissolution of the organization/lack of client/
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customer/temporary lay-off and end of a temporary/seasonal/one-time job) are key
to capture the role of labor conditions on separating from a job. Substantial differ-
ences are also observed among supply factors of job separation with higher values
in 2020, indicating that changes in labor market outcomes from the job-separation
perspective cannot be merely explained by demand factors.

Regarding the measurements behind the dimension of not looking for a job,
demand factors dominate. High values and positive differences in 2020 are observed
for the measurements waiting for the work/work season to resume and lack of jobs in
the area. Measurements of supply factors, on the other hand, reveal higher depriva-
tion in 2018, suggesting that while household chores, illness or child-care are not
reasons for searching for a job, they are among the reasons behind job separation. In
times of the pandemic, family members who separated from a job seem to be eager
to compromise unpaid household work for a job.

Interestingly, we do not find considerable differences in measurements in 2018
and 2020 within demand and supply factors for not finding a job. Formal two-sam-
ple proportion tests do not reject equality for these indicators, as well as for most of
the measurements constituting indicators. This observation suggests that identified
demand and supply factors for not finding a job alone cannot explain deterioration of
labor market opportunities during the first year of the COVID-19.

Multidimensional Deprivation Analysis
Estimates of Multidimensional Deprivation

Table 3 shows the estimates of multidimensional deprivation including the head-
count ratio (H), the average intensity of deprivations (A) and the adjusted headcount
ratio (MO0), calculated from 2018 and 2020 datasets. We estimate multidimensional
deprivation measurements for cut-off values 0.1-0.9. For values above 0.6, H and
MO are zero. With the increase in the poverty cut-off value (k), the proportion of
population defined as deprived (H) decreases, as fewer individuals are deprived in

Table 3 Multidimensional deprivation indexes

k H (proportion of deprived) A (average intensity of depriva- MO (adjusted headcount
tion) ratio)

2018 2020 Diff. 2018 2020 Diff. 2018 2020 Diff.
0.1 098 0992  0.006™ 0491  0.498 0.007 0484 049  0.010
02 0965 0970  0.005 0498  0.506 0.008 0481 0491  0.010
03 0858 0893 0035 0529 0528 —0.001 0454 0471 0017
04 0679 0714  0.034™ 0580 0577 —0.004 039 0411  0.017™
05 0612 0658 0046 0598 0590 —0.008 0366 0388  0.022"
0.6 0308 0319 00107 0667  0.667 0.000 0206 0212  0.007"
07 0 0 0 0 0 0

wxp < 0.01, #p < 0.05, *p < 0.1
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Fig.2 Differences in multidimensional deprivation measurements between 2020 and 2018

more indicators. On the other hand, the average intensity of deprivation increases
because the remaining deprived individuals are deprived in more indicators. The
adjusted headcount ratio also decreases in k, as the adjustment is on the basis of per
capita which includes both deprived and non-deprived individuals.

In Table 3, the third column for each index is the difference between 2020 and
2018 measures, calculated for each cut-off. For a given cut-off, the proportion of
deprived (H) and adjusted headcount ratio (MO) are higher in 2020. That is, on aver-
age, individuals representing (job-separated) labor force in the country, were more
exposed to multidimensional deprivation from labor market outcomes in 2020, com-
pared to 2018. In both years, the proportion of deprived drastically decays at k = 0.6
and converges to zero at k = 0.7. The dramatic decay is reflected both in H and MO
indexes.

In Fig. 2 we plot the differences in deprivation measurements from 2020 and
2018 against cut-off values. For both headcount- and adjusted headcount ratios,
the difference is the largest at k = 0.5 and it decays afterwards. The second highest
picks are observed at k = 0.2. The difference in the average intensity of deprivation
is the largest at k = 0.2. Also, the figure indicates that when differences in H and
MO get closer, the difference in deprivation intensity among deprived (A) increases.
For job-separated individuals who are particularly vulnerable to labor market out-
comes (smaller cut-offs), the average intensity of deprivation is higher in 2020. This
implies that deprived individuals, initially vulnerable to labor market conditions,
have suffered more in times of the pandemic. The pattern is reversed for the cut-off
in the range (0.3-0.5) and the difference collapses to zero at k = 0.6.

Overall, we conclude that multidimensional deprivation from labor market out-
comes is systematically larger in 2020. The two measurements, H and M0, suggest
that labor market conditions deteriorated in 2020, making job-separated residents
in Armenia more exposed to deprivation from labor market outcomes in times of
the pandemic. Average intensity of deprivation did not change significantly, indicat-
ing that the deprivation intensity “rule” remained invariant. While there is a lot

e



K. Khachatryan, A. Grigoryan

of action occurring at the extensive margin (captured by headcount- and adjusted
headcount ratios), we do not observe substantial shifts at the intensive margin (cap-
tured by the average intensity of deprivation) in 2020, compared to 2018.

Contributions Analysis

We report contributions of dimensions and indicators to the adjusted headcount ratio
MO in Table 4, for the cut-off value 0.3. Equation (9) in Appendix A implies that if
the contribution is larger than the weight in one dimension (indicator), individuals
with a deprivation status are deprived more in that dimension (indicator). Dimen-
sions on education categories contribute to multidimensional deprivation from labor
market outcomes most. Vocational education/training contributes to the deprivation
index the highest in both years. Our finding is supported by earlier studies showing
that people without professional qualifications are much more vulnerable to losing
a job (Korner et al. 2012; Sehnbruch et al. 2015). The second highest contributor is
the education level. This is in line with the emerging literature arguing that negative
labor market outcomes are more prevalent among less educated workers (Adams-
Prassl et al. 2020; Aum et al., 2020; Cowan 2020; Montenovo et al. 2020). The third
highest contributor in both years is the occupation match. In 2018, occupation match
contributed to the adjusted headcount ratio by 20.1 percent (the corresponding value
for 2020 is 18.2 percent). As Dasgupta and Murali (2020) claim, the COVID-19
unequal impact on the labor market is due to the workers’ differentiated skills.
Contributions of dimensions 1-3 fall below their weights, suggesting that high
deprivation observed in both regular and crisis times cannot be merely explained
by the reasons of job separation, no job-search and/or failure to find a job. How-
ever, their variation form regular to the crisis periods can lead to significant changes
in deprivation measures as we observe from the previous sub-section. For dimen-
sions 1-2 (reasons for job separation and not looking for a job), we observe higher
contributions in 2020, mostly stemming from demand factors. That is, excessive
deprivation from these dimensions in times of the pandemic is largely attributed to
demand factors. The argument is confirmed by large differences in headcount and
adjusted-headcount ratios between 2020 and 2018, when the measurements utilize
only the dimensions that are more sensitive to unexpected macroeconomic events
in the labor market (dimensions 1-3). We report the multidimensional deprivation
measurements with these dimensions in Table 10, Appendix B. Indeed, large dif-
ferences in headcount and adjusted-headcount ratios between 2020 and 2018 con-
firm the relevance of these indicators (and most of dimensions 1 and 2) when com-
paring to the differences with the full set of dimensions (Table 3). We also report
contributions (Table 11) to underline the crucial role of these dimensions and indi-
cators in explaining deprivation changes in 2020. The dominance of demand fac-
tors in dimensions 1 and 2 corroborates our observations from data inspection that
deprivation from labor market opportunities in times of the pandemic are mostly
driven by industry needs rather than explained by individual capabilities failing to
meet labor market conditions. These results support the literature on the push factors
for job-separation and job-search behavior (Semmer et al. 2014; Lee and Mitchell
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1994; Maertz and Campion 2004). The literature suggests that employment type,
such as non-standard, seasonal, (Lee et al. 1999; Augner 2015) and organizational
factors, such as becoming more technology savvy, downsizing, management issues
(Zavodny 2003; Grimshaw et al. 2001; Mourdoukoutas 1988) are the driving factors
for job separation and further not looking for a job.

Analysis for Individuals Separated from a Job in the Current Year

Next, we estimate the multidimensional deprivation measures and conduct contri-
bution analysis for individuals separated from a job in the current year of an inter-
view. That is, we compare the measures for respondents who separated from a job
in 2020 with the corresponding measures for respondents with the same status in
2018. In the two surveys, respondents answer the question “How long have you
been out of work?”. Possible answers are “up to 3 months”, “3—-6 months”, “6-9”
months, “9-12 months”, “1-2 years”, “2-3 years” and “more than 3 years”. In the
baseline analysis, we selected individuals who have been out from the job market for
the period up to 1 year. The first lockdown in Armenia took place in March 2020,
but the awareness of COVID-19 in the country and the world, as well as pandemic-
related global developments could potentially have resulted in labor market adjust-
ments earlier than March. The limitation of this analysis is the reduced sample size.
From Table 9, Appendix B, we learn that there are 579 and 697 such respondents in
2018 and 2020, respectively.

In Table 5, we report the three multidimensional deprivation indexes. Overall, we
observe a pattern similar to the one identified from full samples. Deprivation from
labor market outcomes in times of COVID-19 is higher than that in 2018 for indi-
viduals who have been separated from a job in the current year. Qualitatively similar
results are also obtained for the average intensity of deprivation.

We report contributions for limited samples in Table 6. Similar to the baseline
model, vocational education/training is the major contributor to the adjusted-head-
count ratio in both years. Education level and occupation match are the second and
third contributing factors, respectively. The dimension reasons for separating from a

Table 5 Multidimensional deprivation indexes for individuals separated from a job in the current year

k H (proportion of deprived) A (average intensity of depriva- MO (adjusted headcount
tion) ratio)

2018 2020 Diff. 2018 2020 Diff. 2018 2020 Diff.
0.1 0984 0993  0.008™ 0495  0.499 0.003 0488 0495  0.008™
02 0965 0966  0.000 0.502  0.508 0.006  0.484 0491  0.006
03 0869 0894 0025 0530 0529 —0.001 0460 0473  0.012"
04 0696 0706  0.010 0.579  0.581 0.002  0.403 0410  0.007
05 0627 0657  0.030" 0596 0593  —0.003 0374 0390  0.016™
0.6 0306 0340  0.034™ 0667  0.667 0.000 0204 0227  0.023"
07 0 0 0 0 0 0

##8p<0.01, #¥p<0.05, *p<0.1
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Table7 Regression results

Model 1. Model 2.
Job separation within a year Job separation within a cur-
rent year
()] @) 3 “
Variables 2018 2020 2018 2020
Age —0.0008 —0.0015***  —0.0006 — 0.0019%**
(0.0006) (0.0004) (0.0009) (0.0007)
Female —0.0091 0.0205 0.0064 0.0439%%*
(0.0196) (0.0138) (0.0299) (0.0200)
Married 0.0289 0.0524%** 0.0365 0.0798***
(0.0192) (0.0130) (0.0273) (0.0204)
Rural 0.0734%** 0.0645%** 0.0258 0.0583%%*
(0.0257) (0.0190) (0.0394) (0.0265)
Non-capital urban 0.0302 0.0376** —0.0074 0.0428*
(0.0227) (0.0165) (0.0329) (0.0246)
Legislators, senior officials, managers — 0.4044 % — (0.1846%** — 0.4005%*:* — 0.1748%*:*
(0.0730) (0.0446) (0.1131) (0.0667)
Professionals —0.3222%%%  —(0.2141%%*%  —(0.3183%*k*  — (0.2469%**
(0.0354) (0.0228) (0.0514) (0.0382)
Technicians, professionals — (0.2355%%** — 0.2112%%** — 0.2495%%* — 0.2124%**
(0.0328) (0.0229) (0.0486) (0.0343)
Clerks —0.1976%**  —0.1743%**%  —0.2406%*%*  — (0.2280%**
(0.0458) (0.0343) (0.0615) (0.0477)
Service and sales workers —0.1648***%  —(0.1267***%  —(0.1553***%  —(.1208***
(0.0273) (0.0185) (0.0371) (0.0259)
Craft workers —0.0312 —0.0515%**  —0.0331 — 0.0817%%*
(0.0277) (0.0181) (0.0399) (0.0251)
Operators and assemblers —0.0419 —0.0354 —0.1047%* —0.0546
(0.0400) (0.0284) (0.0486) (0.0360)
Pseudo R-square 0.2435 0.2220 0.2426 0.2571
Observations 1,232 1,713 579 697

Standard errors in parentheses

**¥p < 0.01, **p < 0.05, *p < 0.1. Reference category is “Agricultural workers and elementary occupa-

tions”. Marginal effects are reported

job has a higher contribution stemming from demand factors for 2020, compared to
that in the baseline model. Contribution from dimension 2 (reasons for not looking
for a job) is also larger for the limited sample and with a higher value for 2020. As in
the case of dimension 2, the contribution largely stems from demand factors. These
observations suggest that the adverse effects from the industry side are even stronger
for individuals who separated from a job in the year of the pandemic.

e



Multidimensional Deprivation from Labor Market Opportunities. ..

We also report deprivation measurements based on dimensions 1-3 (Table 11,
Appendix B), as we did for the baseline case (Table 10, Appendix B). When com-
paring headcount ratios, we observe that the difference is smaller in the limited sam-
ple for the cut-off 0.1. This suggests that individuals particularly vulnerable to dep-
rivation from labor market outcomes did not bear extra pain if they were separated
from a job in times of the pandemic.

Regression Model

Overall, the emerging literature demonstrates that globally, negative labor market
outcomes are more prevalent among younger, less educated, lower-waged, and non-
standard workers (Aum et al. 2021; Cowan 2020; Montenovo, et al. 2020). This
motivates us to consider individual factors in our regression model.

In Table 7, we report probit regression results for 2018 and 2020 datasets. In
Model 1 (columns 1-2) we include individuals who separated from a job within
the year prior to an interview. In Model 2 (columns 3-4) we include individuals
separated from a job within the current year. In Appendix B (Table 12), we also
report regression results with the dependent variable constructed from dimensions
1-3. The covariates are age, female, rural and non-capital urban dummies, as well as
ISCO occupation types. We bring together agricultural workers (6) and elementary
occupations (9) categories and treat as a reference category.

Age enters with a negative coefficient in all models, but significant only for
2020.° A ten-year older individual observed in 2020 and separated from a job within
the last year (column 2, Model 1) is less likely to be deprived from labor market
outcomes by 1.5 percentage points. The corresponding magnitude for an individual
separated from a job in 2020 (column 4, Model 2) is 1.9 percentage points. When
restricting the dimensions included in the dependent variable, age is significant only
in the 2018 model (column 1 in Table 12, Appendix B) with a positive sign. Overall,
these results suggest that higher-age (job-separated) individuals are less likely to be
deprived from labor market outcomes in times of the pandemic.

Probability of being deprived from labor market outcomes is higher for female
respondents in 2020. Significance is, however, obtained only in Model 2. Depriva-
tion gap between women and men amounts to 4.39 percentage points, significant
at the five-percent level. In models with narrowed dimensions, deprivation gaps
between women and men are even larger, 6.39 and 9.01 percentage points for all
individuals and individuals separated from a job in a current year, respectively, both
significant at the five-percent level (Table 12). Our finding is in line with existing
evidence showing that during the pandemic women have experienced more difficul-
ties (such as unemployment) in labor markets than men (Alon et al. 2020a; Reichelt
et al. 2020; Ham 2021; Tverdostup 2022). To certain extent this might be explained
by the gender composition of different sectors of the economy. Also, the concerned
workforce might face employment challenges due to the shutdown of child-care,

® We do not observe a non-linear effect of age in either of our specifications.
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schooling, home and family health care services (Dingel and Neiman 2020). Car-
egiver roles are mostly assumed by women (Signorelli et al. 2012; Schoonbroodt
2018; Tverdostup 2022), the burden being more ponderous for married women. We
explore these potential channels in our interaction analysis section. Also, women’s
jobs tend to be given a lower priority in many countries since they are more likely to
have part-time, lower-income, and less secure jobs (Kim 2000; Boniol et al. 2019;
Johnson and Williams 2020).

Married individuals are systematically more deprived in labor markets in the year
of the pandemic. This result does not corroborate similar findings in the literature
which suggest that married workers have a lower chance of losing their jobs (Balde
et al. 2020; Guven et al. 2020). In our study we observe that, in 2020, deprivation
gap between married and non-married individuals is 5.24 percentage points (column
2, Model 1). The gap is even larger in Model 2, 7.98 percentage points. Interestingly,
the gap is observed in both 2018 and 2020 with higher magnitudes in models with
the dependent variable constructed from the three dimensions (Table 12). We con-
clude that deprivation gap between married and non-married individuals observed
in 2020 largely owes to dimensions among education, vocation education/training
and occupation match.

In 2018, the likelihood of deprivation in rural areas, as compared with the capital
city, is higher by 7.34 percentage points (column 1, Model 1). The corresponding
difference in 2020 is 6.45 (column 2). Interestingly, when narrowing the pool of
individuals, deprivation gap is observed only in 2020, with the magnitude of 5.83
percentage points and five-percent significance (column 4). That is, in 2020 the type
of settlement still matters in labor market deprivation for individuals, who have been
separated from a job in the current year. When restricting the number of dimensions,
the deprivation gap is not significant anymore (Table 12). Regarding the residents in
non-capital urban areas, excessive (10-percent significant) deprivation compared to
residents in the capital city is observed in 2020, with the magnitude of 4.28 percent-
age points (column 4, Table 7).

Finally, we study deprivation differences owing to occupation types. On one
hand, respondents belonging to the reference category (agricultural workers and ele-
mentary occupations) reveal the highest deprivation compared to any other occupa-
tion type. On the other hand, most occupations suffered from the pandemic more, as
the pandemic has hit individuals with diverse occupations even more severely than
individuals working in agriculture and/or holding elementary occupations. Excep-
tions are craft workers and operators/assemblers. For example, in 2018 individuals
previously working as service and sales workers are deprived by 16.48 percentage
points less than individuals previously working as an agriculture worker or hold-
ing an elementary occupation (column 1, Model 1 in Table 7). In times of the pan-
demic, the difference decreased to 12.67 percent (column 2, Model 1). In Model 2
(Table 7), the magnitudes and the difference do not differ much, but they do in mod-
els with limited dimensions (Table 12, Appendix B). We observe that in 2018 ser-
vice and sales workers are much less deprived (32.65 and 35.40 percentage points in
Models B1 and B2, respectively), while the gap has dramatically decreased to 25.00
and 23.17 percentage points. Further, when taking the dimensions responsible for
short-term variation of deprivation measurements into the binary deprivation score,
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Table 8 Regression results with interacted variables

Model 3. Interaction between ~ Model 4. Triple interaction:

gender and year gender, marital status, and
year
Variables (1) 2) (€)] 4)
Male x 2018 0.0111 0.0846%**
(0.0156) (0.0169)
Male x 2020 0.0203 0.0950%**
(0.0148) (0.0160)
Female x 2020 0.0444%** 0.0450%**
(0.0151) (0.0173)
Male x Not married x 2018 —0.0221 0.0551%%*
(0.0232) (0.0266)
Female X Not married X 2018 —0.0048 —0.0043
(0.0222) (0.0258)
Male x Married x 2018 0.0283 0.0986%**
(0.0190) (0.0208)
Male x Not married x 2020 —0.0017 0.0861%**
(0.0220) (0.0249)
Female X Not married X 2020 —0.0034 —0.0004
(0.0202) (0.0235)
Male x Married x 2020 0.0326* 0.1004%**
(0.0180) (0.0197)
Female X Married x 2020 0.0770%%** 0.0747%**
(0.0200) (0.0227)
Age — 0.0012%** —0.0000 — 0.0012%** 0.0000
(0.0004) (0.0004) (0.0004) (0.0004)
Married 0.0436%** 0.0348%**
(0.0110) (0.0127)
Rural 0.0675%** 0.1618%** 0.0668*** 0.1608***
(0.0146) (0.0162) (0.0145) (0.0162)
Non-capital urban 0.0358*** 0.0836%** 0.0363%** 0.0837%**
(0.0131) (0.0153) (0.0130) (0.0153)
Legislators, senior officials, managers — 0.2697%:** -0.2689%:*
(0.0386) (0.0384)
Professionals — 0.2562%*%* — 0.2547%%%*
(0.0196) (0.0196)
Technicians, professionals — 0.222]%%*:* — 0.2226%%**
(0.0186) (0.0185)
Clerks — 0.1843%** — 0.1853***
(0.0269) (0.0268)
Service and sales workers — 0.1423%*%* — 0.1440%%**
(0.0154) (0.0154)
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Table 8 (continued)

Model 3. Interaction between Model 4. Triple interaction:

gender and year gender, marital status, and
year

Variables )] 2 3) (G}
Craft workers — 0.0433%** — 0.0442%**

(0.0156) (0.0156)
Operators and assemblers —0.0382 —0.0391*

(0.0233) (0.0232)
Pseudo R-square 0.2296 0.0814 0.2326 0.0838
Observations 2945 2946 2945 2946

Standard errors in parentheses

#kp < 0.01, **p < 0.05, *p < 0.1. Reference category is “Agricultural workers and elementary occupa-
tions”. Marginal effects are reported. In Models (1) and (2), the base category for interacted variables
gender and year is Female X 2018. In Models (3) and (4), the base category for the interacted variables
gender, marital status, and year is Female X Married X 2018

operators and assemblers suffer more in times of the pandemic comparted to indi-
viduals in the reference category. Overall, we conclude that deprivation from labor
market outcomes has deepened during the COVID-19 for most of the occupations.

Interaction Analysis

In this section, we further explore women’s deprivation from labor market outcomes
in the multivariate regression framework. We address the question whether women
in the year of pandemic were more exposed to deprivation by pulling observations
from 2018 and 2020 in one model. To estimate the deprivation change, we interact
gender and year dummies, taking the base category as female X 2018. Also, we esti-
mate the model with and without occupation types, to assess the responsiveness of
gender-gap change to the composition of occupation types. Findings from earlier
studies on the COVID-19 show that the impact and magnitude of the crisis vary
with different dimensions, including the industry/occupation (Ham et al. 2021; Alon
et al. 2020; Tverdostup 2022). We report regression results from these specifications
in columns (1-2), Table 8. From the table, we observe that women in 2020 are
more likely to be deprived from labor market outcomes by 4.44 percentage points,
compared to 2018. When controlling for occupation types, the corresponding depri-
vation increases by 4.5 percentage points. A rather tiny difference in the two coeffi-
cients suggests that the increased deprivation is not contingent on occupation types.
It is documented that education and health care are much less affected in typical
recessions as compared to manufacturing and residential construction sectors in

7 Regression results from these specifications for respondents separated from a job in the current year is
reported in Table 13, Appendix.
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which males’ employment is more concentrated (Alon et al. 2020). Thus, women
are highly represented in sectors with relatively stable employment over the cycle.
Our results suggest that gender gap in labor market deprivation do not differ within
occupation and across occupations.

Next, we interact gender, marital status, and year categories to identify the change
in deprivation among married women in the year of pandemic. Evidence shows that
family-related elements, namely, marital status and the presence of children in the
household, can condition the job separation probability (Frederiksen 2008). Mar-
ried women are vulnerable towards deprivation from labor market outcomes due to
housework and child-care (Blundell and MaCurdy 1999). Our regression specifica-
tion allows us to assess the change (if any) in the gender gap in the year of pan-
demic. As in the previous case, we estimate the model with and without occupation
types to account for potential occupation-composition effects. In this case, the base
category is married female observed in 2018. We report the estimates of the specifi-
cations in the last two columns of Table 8. In the year of pandemic, married women
are more likely to be deprived from labor market outcomes by 7.7 percentage points,
compared to 2018. The deprivation increase across occupations is less, 7.47 percent-
age points, but the difference is not significant.

We report estimation results from Models 3 and 4 for respondents separated from
a job in the current year in Table 12, Appendix. Interestingly, an upward change
in gender gap for Model 3 is not significant. This suggests that women separated
from a job in the year of pandemic are not necessarily deprived more than women
separated from a job in 2018. However, when comparing deprivation for mar-
ried women, excessive deprivation is 5-percent significant (7.79 and 8.92 percent-
age points within occupation and across occupations, respectively). The difference
between the two coefficients is not significant, confirming the previous result that
deprivation changes are not conditioned by the composition of occupation types.

Conclusion

Long-term unemployment increases the risk of exposure to poverty and social exclu-
sion (Hagenaars et al. 1994; Atkinson 1998). On the top of economic deprivation,
unemployment can result in social deprivation that leads to a decline in self-respect
and an increase in social isolation. In this light, we aim to explore labor market
related deprivation factors for job-separated individuals in times of the COVID-19.
Our study contributes to the discourse of the Quality of Employment (Gonzalez
et al. 2021; Sehnbruch et al. 2020), whereby we retain the key exploration aspects,
such as motivation for job separation, job-search behavior, obstacles in finding a job,
education forms and occupation match.

Using Armenian Labor Force Survey 2018 and 2020 datasets, we select indi-
viduals who have been separated from a job during the year prior to an interview.
We also conduct the study for individuals who separated from a job in the current
year, which enables to identify individuals who separated from their jobs in the
early phase of the pandemic. Large deprivation differences in 2018 and 2020 are
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mostly driven by demand factors, stemming from the dimensions related to rea-
sons for separating from a job and reasons for not searching for a job.

Education related dimensions contribute to multidimensional deprivation from
labor market outcomes the most. Education with the threshold of secondary level
is a contributor to the adjusted headcount ratio both in 2018 and 2020. Despite
its poor/inadequate post-Soviet quality, education still plays a non negligible role
in shaping an individual’s status in the labor market. Investing in education is
critical to increase resilience of social wellbeing towards adverse shocks both at
global and local levels.

Similar to existing studies, we observe a systematic gender gap in depriva-
tion from labor market outcomes. Our findings indicate that women are sensi-
tive to changes in labor market conditions in crisis times. The gender gap is fur-
ther amplified for married women. This finding suggests that policies aimed at
decreasing gender gaps in labor market outcomes should focus on creating protec-
tion mechanisms, such as raising barriers for firing women, incentivizing employ-
ers to provide women more flexible working conditions and hours (for instance,
remote work and flexible working time schedule), and providing more attractive
employment packages covering insurance, child-care and maternity leave.

We also study deprivation differences driven by occupation types. Respondents
with a low skillset reveal the highest deprivation compared to any other occupa-
tion type. We find that most occupations suffered more in times of the pandemic.
Interestingly, gender gap in deprivation is not contingent on the composition
of occupations, suggesting that gender gap is rather uniform across and within
industries.

While our study does not shed light on habit and social-psychological char-
acteristics, it provides several important insights for understanding the specifics
of socio-economic developments through the lenses of labor market outcomes.
Rural-urban differences suggest that the Government strategies and derived
policies need to be settlement-type specific, with a strong focus on highlighted
dimensions from the labor market perspectives, which are education, unemploy-
ment and occupation match.

By unfolding the deprivation determinants, we provide insights for public and
private stakeholders in developing opportunities for accessible employment, skills
enhancement and minimizing the mismatch between the outputs of educational
systems and the labor market needs. Designing policies that are targeted at the
most vulnerable subgroups will contribute to soften devastating and long-term
consequences led by deprivations from labor market opportunities. This discourse
is important provided that unemployment breeds unemployment and has long-
lasting negative effects on income and subsequent employment chances, in par-
ticular, for new entrants in the job market (Schmillen and Umkehrer 2013; Moller
and Umkehrer 2015). While our data enables us to focus on the changes in labor
market conditions in times of the pandemic, there is uncertainty about whether
observed deprivation forms will be long-lived. From this perspective, our study
opens an avenue for further research which shall incorporate a longer period of
time enabling to assess long-term deprivation effects.
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Appendix A: Dual Cut-off Framework

The unit of our analysis is individuals in Armenia. Our outcome variable is based
on the deprivation (from labor market outcomes) score, and the methodology for
constructing the score is described below. Let X;; denote the achievement of indi-
vidual i in dimension j for all i=1,2,...,n, and j=1,2,...,d. We use a dual
cut-off framework by Alkire and Foster (2011), which identifies multidimensional
poor households. In our case, we identify individuals deprived from labor mar-
ket outcomes multidimensionally. The deprivation cut-off (denoted as Z; > 0) is
the deprivation line in dimension or indicator j. If the achievement of individual
i is higher than the cut-off, X; j 2 Zj, individual i is not deprived in dimension/
indicator j. Otherwise, the individual i is deprived in this dimension/indicator. If
individual i is deprived in dimension j, then we denote that the deprivation status
value is g; = 1, otherwise, g; = 0. The second cut-off is the overall deprivation
cut-off k (0 < k < 1), which is a pre-determined fraction of the total number of
dimensions or indicators. That is, if we define deprivation measure as the indi-
vidual being poor when it is deprived in 40 percent of total number of indicators
then we assign a value k = 0.4. In this process, there are two steps to identify a
deprived individual. First, by giving weight w; to each dimension or indicator j
such that Zj‘.izle =1, we obtain the weighted deprivation status value w;g; and
the deprivation score,

d
c; = ijgij. 3)
J=1

Second, we compare the deprivation score with deprivation cut-off for individ-
ual i and identify the (multidimensional) deprivation status. If ¢; > k, individual i is
considered to be deprived (and we will denote c;asc;(k)), otherwise (thatis, ifc; < k)
non-deprived (in this case ¢; = 0). The censored deprivation score (c;(k)) captures
the share of possible deprivations experienced by poor household i.

Three indicators are used to measure multidimensional deprivation: the head-
count ratio (H), the average deprivation gap (A) and the adjusted headcount ratio
(M,). Dividing the number of the deprived individuals by the total number of the
households, we can obtain the headcount ratio:

_4
H=-. @

where ¢ is the number of deprived individuals for whom ¢; > k. Average deprivation
score across the deprived is represented by average deprivation gap,

el
= zl—l—c 5)
q

This gap index, also called intensity of deprivation, provides relevant information
about multidimensional deprivation. Individuals experiencing simultaneous depri-
vations in a higher fraction of dimensions have a higher intensity score and are more

e



K. Khachatryan, A. Grigoryan

deprived than others with a lower intensity. Based on these two measurements, the
adjusted headcount ratio (M,)) can be obtained as:

g TLa® Tl T X gk
B - - .

q n n

My=HXA= (6)

Here, g;(k) is the weighed deprivation status specific to dimension j. The adjusted
headcount ratio is the share of weighted deprivations experienced by deprived indi-
viduals divided by the number of individuals. If deprived individuals are deprived
in all dimensions simultaneously, that is, intensity of poverty (A) is the highest, M,
approaches H.

The raw headcount ratio of a particular indicator/dimension is calculated as a per
cent of deprived individuals to total number of individuals. This concept is similar to
that in use in unidimensional poverty measures. While the censored headcount ratio of
dimension/indicator j, H]‘ is defined as the percentage of poor individuals who are

deprived in j after the introduction of the dual cut-off:

py = 280 @)
win
The adjusted headcount ratio M, satisfies the additive decomposability principle
(see Alkire and Foster 2011), so it can be decomposed by dimensions and subgroups.
Using equations (4) with (5), M|, can be written as the weighted sum of the censored
headcount ratios:

d
My =) wHE. 8)
J=1
The contribution of dimension j is
wiH, ¢
C = )
J MO

Appendix B: See Tables 9, 10, 11, 12, 13 and figures
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Table 10 Multidimensional deprivation indexes with three dimensions

k H (proportion of deprived) A (average intensity of dep- MO (adjusted headcount ratio)
rivation)
2018 2020 Diff. 2018 2020 Diff. 2018 2020 Diff.

0.1 0942 0970  0.028 0282 0297 0014 0266 0288  0.022
0.2 0.654 0756  0.101™" 0333 0333 0000 0218 0252  0.034™
0.3 0654 0756  0.101" 0333 0333  0.000 0218 0252  0.034™
0.4 0.000  0.000  0.000 0.000  0.000  0.000

#kp < 0,01, #*p < 0.05, *p < 0.1

Table 11 Multidimensional deprivation indexes with three dimensions based on observations from the
current year

k H (proportion of deprived) A (average intensity of dep- MO (adjusted headcount ratio)
rivation)
2018 2020 Diff. 2018 2020 Diff. 2018 2020 Diff.

0.1 0.946 0.961 0.015" 0.283 0.302 0.019 0.267 0.290 0.023"

02 0658 0779 0121 0333  0.333 0000 0219 0260  0.040™"
0.3 0.658 0.779  0.121°" 0.333 0.333 0.000 0219 0260  0.040"™
04  0.000  0.000  0.000 0.000  0.000  0.000

wxp < 0,01, ¥¥p < 0.05, *p < 0.1
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Table 12 Regression results with the dependent based on three dimensions

Model B1: Separated from a

job within a last year

Model B2: Separated from a
job within a current year

1 2) (3) “
Variables 2018 2020 2018 2020
Age 0.0023%%* — 0.0005 0.0023 —0.0011
(0.0011) (0.0008) (0.0016) (0.0012)
Female —0.0427 0.0639%* —0.0226 0.0901%*%*
(0.0336) (0.0250) (0.0514) (0.0376)
Married 0.1452%%* 0.1094 %% 0.143]#** 0.1686%**
(0.0326) (0.0239) (0.0482) (0.0359)
Rural 0.1263%** 0.1165%** 0.0893 0.0470
(0.0456) (0.0350) (0.0687) (0.0530)
Non-capital urban 0.0297 0.0387 —0.0519 0.0128
(0.0428) (0.0328) (0.0631) (0.0494)
Legislators, senior officials, managers ~ — 0.5589%**  —(.1262 —0.3209 —0.2595%
(0.1473) (0.1081) (0.2376) (0.1566)
Professionals —0.4033***  —0.2078***%  —0.4050%*%*  — 0.3678%**
(0.0628) (0.0446) (0.0950) (0.0722)
Technicians professionals —0.2835%** - 0.2857*%*%  —0.2004%*F*  — (0.2769%**
(0.0608) (0.0442) (0.0945) (0.0638)
Clerks —0.2630%**  —(0.2493%**  —(.3210%* — 0.3564%**
(0.0899) (0.0715) (0.1300) (0.0963)
Service & sales workers —0.3265%**%  —0.2500%**%  —0.3540%**%  —(0.2317%**
(0.0463) (0.0340) (0.0678) (0.0484)
Craft workers —0.1179%**%  —0.0921***  —0.1117** — 0.1744%%*%*
(0.0385) (0.0285) (0.0559) (0.0441)
Operators and assemblers —0.2460***  —0.0687 —0.3406%**  — (.1845%**
(0.0551) (0.0434) (0.0823) (0.0654)
Pseudo R-square 0.1289 0.0876 0.1424 0.1243
Observations 1,232 1,713 579 697

Standard errors in parentheses

*Ekp < 0.01, *¥p < 0.05, *p < 0.1. Reference category is “Agricultural workers and elementary occupa-

tions”. Marginal effects are reported
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Table 13 Regression results with interacted variables, based on observations from the current year

Model B3.

Interaction between gender

Model B4.

Triple interaction: gender,

and year marital status, and year
Variables (1) 2) (€)] 2)
Male x 2018 —0.0133 0.0653*#**
(0.0234) (0.0252)
Male x 2020 -0.0114 0.0642%**
(0.0226) (0.0246)
Female x 2020 0.0297 0.0383
(0.0231) (0.0268)
Male x Not married x 2018 —0.0533 0.0572
(0.0333) (0.0383)
Female X Not married X 2018 —0.0038 0.0044
(0.0325) (0.0388)
Male x Married x 2018 0.0106 0.0741%*
(0.0280) (0.0310)
Male x Not married x 2020 —0.0521%* 0.0444
(0.0314) (0.0358)
Female X Not married X 2020 —0.0291 —0.0189
(0.0295) (0.0349)
Male x Married x 2020 0.0131 0.0783***
(0.0274) (0.0303)
Female X Married x 2020 0.0779%%* 0.08927%%*
(0.0317) (0.0364)
Age — 0.0012%** —0.0000 — 0.0012%** 0.0000
(0.0004) (0.0004) (0.0004) (0.0004)
Married 0.0616%** 0.0402%%*
(0.0164) (0.0192)
Rural —0.0014%** 0.0003 —0.0014** 0.0005
(0.0006) (0.0006) (0.0006) (0.0007)
Non-capital urban 0.0457%* 0.1492%%** 0.0475%%* 0.1493***
(0.0224) (0.0249) (0.0220) (0.0249)
Legislators, senior officials, managers — 0.2733%:%* — 0.2656%**
(0.0621) (0.0616)
Professionals — 0.2807%** — 0.2776%%%*
(0.0317) (0.0316)
Technicians, professionals — 0.2329%%:* — 0.23]14%%*
(0.0276) (0.0274)
Clerks — 0.2357%** — 0.2368***
(0.0374) (0.0371)
Service and sales workers — 0.1358%** -0.1381%**
(0.0220) (0.0218)
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Table 13 (continued)

Model B3.
Interaction between gender
and year

Model B4.
Triple interaction: gender,
marital status, and year

Variables (1) ) 1 2
Craft workers — 0.0585%** -0.0593***

(0.0227) (0.0225)
Operators and assemblers — 0.0805%** -0.0809%**

(0.0308) (0.0304)
Pseudo R-square 0.2385 0.0733 0.2442 0.0787
Observations 1276 1276 1276 1276

Standard errors in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1. Reference category is “Agricultural
workers and elementary occupations”. Marginal effects are reported. In Models (1) and (2), the base cat-
egory for interacted variables gender and year is Female X 2018. In Models (3) and (4), the base cat-
egory for the interacted variables gender, marital status, and year is Female X Married X 2018
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