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The ongoing war in Ukraine has exacerbated the challenges within the healthcare
system, prominently highlichted by the persistence and evolution of informal
payments made by patients to healthcare providers. Effective policy measures,
aimed at reducing underfunding and reshaping public attitudes towards informal
payments, are crucial to ensure equitable access to healthcare services and to
mitigate the financial burden on patients, particularly in times of crisis. This work
investigates the dynamics of these payments in a war-affected setting, analyzing
how the armed conflict has influenced both the prevalence and magnitude of these
payments. The study reveals that the war has significantly impacted the likelthood
and amounts of informal payments, particularly in regions directly affected by
hostilities, and underscores their decrease in 2023 compared to the pre-war period,

likely due to economic hardships and disrupted healthcare services.
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Chapter 1

INTRODUCTION

In recent years, informal payments (henceforth IPs) for healthcare services have
emerged as a significant concern across various nations, with Ukraine being no
exception. These payments, often made under-the-table, adversely impact
healthcare utilization and contribute to the exacerbation of poverty and inequality.

IPs, fundamentally, represent an unregulated financial burden on patients,

especially those with limited income, compelling them to forgo necessary medical
assistance due to financial constraints (Habibov and Cheung 2017). The ongoing
war in Ukraine, which started on February 24, 2022, has further complicated this
scenario, severely disrupting multiple sectors of the country's economy, including
its healthcare system. This study, therefore, aims to delve into the dynamics of IPs

for health care services in Ukraine, focusing on the influence of war along with

other relevant factors on their prevalence and magnitude.

The pertinence of this study lies in its focus on the unique conditions of a country
at war. While previous research has explored IPs in peaceful, non-warring contexts,
there is a dearth of literature examining their dynamics in conflict-ridden settings.
This investigation is not only important for academic purposes but also for policy
formulation, as it seeks to provide insights into how conflict shapes healthcare
financing and access, thereby informing strategies to mitigate the adverse effects of

IPs on vulnerable populations.

This thesis contributes to the existing literature by providing a quantitatively robust
analysis of the effects of war on IPs. The study examines how the ongoing war in
Ukraine influences the likelihood and amounts of IPs, taking into consideration

demographic, geographic, socio-economic, and attitudinal factors.



The main hypothesis for the study is that the war in Ukraine has a statistically
significant negative effect on the amounts and likelihood of IPs for healthcare
services in those regions directly affected by ground-level attack after February 24,
2022, while demographic, socio-economic and other relevant factors moderate the
relationship between the war and informal payments, influencing the extent of this

impact.

The other hypothesis being tested in the study posits that in regions of Ukraine
that experienced significant internal migration, particularly those situated
predominantly in the western part of the country and deemed safer due to their
distance from the war zone, IPs are expected to be both quantitatively and
probabilistically higher. The increased flow of people to these regions may
contribute to a greater prevalence of IPs within various sectors including health

care compared to regions that are closer to the conflict areas.

The analysis confirms that the year 2023 sees a discernible decrease in both the
likelihood and the magnitude of informal payments, suggesting that the
socioeconomic disruptions brought about by the war may have constrained the
usual practices of informal transactions in healthcare. Intriguingly, in regions
directly affected by the conflict, this decrease is less pronounced, indicating a

complex relationship between conflict impact and healthcare payment behaviors.

The remainder of the thesis is structured as follows: Chapter 2 presents a
comprehensive literature review, laying the groundwork for understanding IPs in
vatious contexts. Chapter 3 details the econometric model and hypotheses
underpinning this study. Chapter 4 describes the sample composition and data
utilized for analysis. Chapter 5 discusses the model estimation and interprets the
results. Finally, Chapter 6 concludes the paper by summarizing the main findings
and offering policy recommendations based on the insights gained from this

research.



Chapter 2

LITERATURE REVIEW

Although the various definitions of informal payments are still disputed, in general
IPs for health care can be described as unofficial payments, in kind or in cash, made
by patients or their families to healthcare providers. This includes “envelope”
payments to physicians and “contributions” to hospitals as well as the value of
medical supplies purchased by patients and drugs obtained from private
pharmacies but intended to be part of government-financed health care services
(Lewis 2007). At the same time, Gaal et al. (2000) in their conceptual framework
differentiate between two types of IPs: 1) donation payments, made voluntarily by
patients as a form of gratitude, reflecting socio-cultural norms; and 2) fee-for-
service payments, made due to an explicit or implicit understanding that payment

is necessary for service provision, often involving some element of coercion.

IPs, distinct from formal fees, often exist in a gray area of healthcare financing.
They differ from out-of-pocket payments, which are legal, regulated, and officially
sanctioned contributions towards healthcare costs. Also, unlike illegal payments,
which are outright violations of laws and ethical standards, IPs occupy an
ambiguous space — they are not officially sanctioned but often arise due to systemic
gaps in healthcare funding and delivery (Lewis 2007). Understanding the nature of
IPs, particularly in the backdrop of a national crisis such as war, is crucial for

comprehending their impact on healthcare access and equity.

Numerous studies have focused on IPs in healthcare in developing and transitional
economies, where the economic and socio-cultural environment often fosters such
forms of exchange. In these countries, the substantial presence of IPs contributes
to a dual-tier healthcare system: lower-income individuals often resort to less

specialized institutions with lower levels of IPs, while wealthier families have access



to advanced facilities with superior technologies and laboratories (Balabanova and
McKee 2002; Habibov and Cheung, 2017). This disparity is influenced by the

varying financial capacities to afford such informal costs.

Another important point is that these payments are also seen as means to support
underfunded healthcare systems (Gaal et al. 2006; Stepurko et al. 2015; Habibov
and Cheung 2017). It reflects a complex interplay between inadequate systemic
funding and the personal or institutional practices within healthcare delivery. In
many healthcare systems, particularly in developing or transitional counttries, public
healthcare funding may not be sufficient to cover all operational costs, including
salaries for healthcare workers, medical supplies, and infrastructure maintenance.
IPs can become a supplementary income source that helps healthcare providers

maintain service delivery in the face of inadequate government funding.

One of the seminal works in this field is by Ensor and Savelyeva (1998), which
explores the nature and impact of IPs in Kazakhstan. Their study is pivotal in
understanding the dynamics of these payments in the context of the Former Soviet
Union. The authors found that socio-economic factors influencing IPs include
income levels, education, urban versus rural settings, and the general economic
stability of a country. Research has shown that lower-income and less-educated
individuals are often more susceptible to the burden of IPs, exacerbating existing

inequalities in healthcare access (Ensor and Savelyeva 1998).

Further research has compared the situation in different post-Soviet states,
highlighting both the commonalities and differences in the nature of IPs across
these regions. Stepurko et al.'s 2015 investigation into IPs for healthcare services
in Lithuania, Poland, and Ukraine offers detailed insights into this pervasive issue.
Specifically, the research found notable differences in the frequency and size of
these payments, reflecting the varied economic and healthcare landscapes of each

country. For instance, Lithuania and Ukraine showed higher instances of IPs



compared to Poland (Stepurko et al. 2015). The study also highlighted that these
payments, ranging from cash to gifts, often represented a significant portion of the
household expenditure on healthcare, indicating a substantial economic impact on

patients.

Another important study conducted by Stepurko et al. in 2017, examines the
patterns of informal patient payments in Bulgaria, Hungary, and Ukraine, revealing
significant variations across these countries. The authors found that the prevalence
of IPs was notably higher in Ukraine and Hungary compared to Bulgaria. As in
their 2015 study concerning Lithuania, Poland, and Ukraine, the size of these
payments is influenced by factors such as the type of healthcare service, patients’
awareness of fees, and household income (Stepurko et al. 2017). Also, there is a
significant impact of socio-economic status on the likelihood and magnitude of
IPs, underscoring the inequities in healthcare access and affordability in post-

communist countties.

Considerable attention has been paid to the study of factors that influence people's
motivation to make IPs. The quality of medical services, salaries of health care
personnel, health status of patients, household wealth, etc. are usually considered
to be the most important factors explaining the prevalence of IPs (Stepurko et al.
2015). Another pivotal element contributing to the prevalence of IPs is the chronic
underfunding in healthcare. This phenomenon is particulatly pronounced in
Ukraine, where many public sector workers, including those in healthcare,
education, and road policing, receive rather low wages. Despite their continued
service, these workers often anticipate receiving informal payments from their
counterparts as a supplement to their inadequate incomes (Oharkov 2019). This
dynamic highlights the direct impact of financial constraints on the emergence and

maintenance of IPs in public services.



The study by Aboutorabi et al. (20106) investigates the factors influencing IPs in
public and teaching hospitals. The research, conducted in hospitals affiliated with
the Tehran University of Medical Sciences, involved 300 discharged patients
selected through multi-stage random sampling. The findings indicate that 21% of
participants made IPs, primarily to housekeeping staff, for enhanced services. Also,
the study explores that there are various strategies, including patient and staff
education, increasing employee income, and improving health service quality, that
can help control and reduce IPs (Aboutorabi et al. 2016). This study contributes to
understanding informal payments in Iran's health sector, emphasizing the need for

further research and policy development.

A comprehensive analysis of informal payments within the Greek healthcare
system is presented by Giannouchos et al. (2020). Surveying 4218 households, the
authors explore the prevalence and determinants of such payments. Key findings
reveal that 63% of healthcare incidents involve informal payments, with the median
payment being €150. Crucial factors contributing to these payments include trust
in providers, emergency services usage, provider reputation, and the nature of

healthcare services, particularly in public sectors (Giannouchos et al. 2020).

Moreover, in their 2021 follow-up study, Giannouchos et al. investigate the
relationship between informal healthcare payments, individuals' willingness to pay
(WTP) for healthcare services, and attitudes toward the legalization of such
payments. The study, involving 2841 participants, reveals that about 80% were
willing to pay, on average, €95 per month for full healthcare coverage. Informal
payments were prevalent, with 65% of respondents engaged in such payments,
averaging €247. The study indicates that higher informal payments and supportive
opinions toward legalizing these payments increase WIP (Giannouchos et al.

2021).



As for the impact of war on a country’s overall healthcare system, Kevlihan, in his
2013 study, explores the formidable challenges of delivering healthcare services
during the civil war in South Sudan, offering a comprehensive view of the interplay
between healthcare and conflict. The research focuses on how social and political
dynamics, such as power struggles and resource allocation, significantly impact
health services in conflict zones. This includes the examination of the experiences
and challenges faced by healthcare workers, who grapple with issues like resource

scarcity, safety concerns, and ethical dilemmas in a war-torn environment

(Kevlihan 2013).

In turn, Habibov and Cheung (2017) reveal that countries recently experiencing a
military conflict are less likely to have IPs in the health care system compared to
other peaceful countries (Habibov and Cheung 2017). This mainly can be explained
by a decline in households’ wealth during times of war due to loss of income
sources, property damage, or increased expenses related to the conflict. Also, in
times of war, economic conditions are generally challenging for everyone, and
healthcare providers may become more empathetic to the financial strain on

patients and be less inclined to request additional payments.

In conclusion, given the multifaceted nature of IPs in health care, and their
substantial impact on health equity and access, especially in transitional economies
like Ukraine, it is crucial to deepen our understanding of how these dynamics are
influenced by significant societal stressors such as war. War not only affects
economic stability and public resource allocation but also shifts societal norms and
priorities, potentially changing the patterns of informal payments. Investigating the
impact of war on IPs will not only provide insights into the adaptive mechanisms
of healthcare financing during crises but also inform strategies to mitigate inequities

in healthcare access.



Chapter 3

METHODOLOGY

While other studies mainly concentrate on the nature of IPs for health care and
factors driving them in peaceful, non-warring countries, this study seeks to
quantitatively estimate exactly the impact of the war on these IPs. To examine this

effect, a difference-in-differences (DID) regression analysis was conducted.

Assuming that the IP variable is semi-continuous (ie., it has a bunching of
observations at zero and then continuous positive values), we decided to choose
the two-part model, where the first part models the probability of having a non-
zero outcome, and the second part models the outcome given that it is positive.
The dependent variables for the two models are 1) the indicator variable for making
an IP by a patient during his/her treatment period and 2) the amount of IP made

by a patient during his/her treatment period'.

For the first model, to estimate the likelihood of making an IP, we could use the
probit model. Instead, however, we decided to utilize the linear probability model
(LPM) since we use a DID methodology, which was developed for the case of
linear models and is less suited to use in non-linear ones like probit. The reason for
this is that in non-linear models, the interpretation of interaction terms is
controversial and that non-linear models violate the common trend assumption of
the difference-in-difference model (Coupe and Obrizan 2016). Therefore, LPM
with robust standard errors (to capture heteroscedasticity) is more suitable in our

casce.

1 The length of treatment can depend on a number of different factors, especially the service provided to the
patient, and can range from a one-time visit to a provider to long-term treatment lasting several weeks.
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The second model is a linear model (LM), used to estimate the amount of IP made
during the treatment period, presented in logarithmic terms. Logarithmic
transformation helps in normalizing the left-skewed data on patients’ payments,
leading to residuals that are more likely to meet the assumption of normality, which

is important for OLS regression.

The models will be presented iteratively by adding different variable groups at each
step/specification, i.e., the following model is an extended version of a previous
one. In total, there will be 4 specifications of each model. Thus, this chapter is
structured as follows: in the first step, we estimate the impact of the year 2023 along
with geographical variables on our dependent variables; in the second step we
modify our models by adding demographic variables; in the third step we also
include socio-economic variables; in the fourth final step, we add attitudinal

vatiables.

In the first specification, we define the first and second DID models. There we
take into consideration the effects of the year 2023, locating in a war-affected
region, the joint effect of locating in a war-affected region in 2023, and, in addition,
the effect of locating in a certain macroregion as a control variable on the likelihood

of IP in the first model and on the amount of IP in the second model.

is_ip = o9 + 4 y2023 + apwarreg + a3y2023 x warreg + o;X; + ¢, (1)

log(ip) = B, + B,y2023 + B,warreg + B,y2023 x warreg + B,X; + &, (2)

where:

[s_ip — dummy for IP taking 1 if there was an IP made during the treatment period

and 0 otherwise;



log(ip) — continuous variable for the logatithm of the amount of IP a patient

made during the treatment period,;
¥2023 — year dummy taking 1 if a year is 2023 and 0 otherwise;

warreg — dummy for war-affected regions taking 1 if a region was under the

ground-level attack after February 24, 2022, and 0 otherwise;
Vector of other geographic controls X includes:

is_center — dummy for macroregion of residence of a respondent taking 1 if a
respondent resides in the Center macroregion and 0 otherwise (base category, not

included into a regression);

is_north — dummy for macroregion of residence of a respondent taking 1 if a

respondent resides in the North macroregion and 0 otherwise;

s_south — dummy for macroregion of residence of a respondent taking 1 if a

respondent resides in the South macroregion and 0 otherwise;

is_west — dummy for macroregion of residence of a respondent taking 1 if a

respondent resides in the West macroregion and 0 otherwise;

is_east — dummy for macroregion of residence of a respondent taking 1 if a

respondent resides in the East macroregion and 0 otherwise.

It is crucial to note that the dummy variable for war-affected regions denotes the
presence of settlements within Kyiv, Sumy, Chernihiv, Donetsk, Luhansk,
Kharkiv, Zaporizhzhia, Kherson, and Mykolaiv regions that experienced ground-
level attacks. These settlements, identified by respondents as their places of
residence, are situated in close proximity (up to 10 kilometers) to the hostilities, or

directly at the epicenter. This classification is based on the DeepStateMap2 and

2 An interactive, open-source online map detailing the hostilities in Ukraine from February 24, 2022. Is
accessible at the following URL: https://deepstatemap.live/en#7/50.159/30.146.
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includes locations such as Kharkiv, Vovchansk, Chuguyiv, Mariupol, Bakhmut,
Tokmak, Kamyyanka-Dniprovska, Sumy, Trostianets, Chernihiv, Novotroitske,
Mykolaiv, Kherson, Oleshki, Beryslav, Kakhovka, Irpin, Borodianka, Bilopilla,
Severodonetsk, Bilozerka, Lysychansk, Rubizhne, and Bilovodsk.

In the second specification, we define extended versions of the first and second

DID models. There we also include demographic variables as additional controls.

is_ip = (as in First specification) + «;Y; , 3)

log(ip) = (as in First specification) + S,Y;, 4)

where the vector of demographic controls Y includes:
age — continuous variable for the age of a respondent;

is_male — dummy for the gender of a tespondent taking 1 if a respondent is male

and 0 otherwise;

is_higher_educ — dummy for a level of education of a respondent taking 1 if a
respondent has a degree of higher education (bachelor, master and other types of

degree) and 0 otherwise;

[s_city — dummy for settlement type of a respondent taking 1 if a respondent
resides in an urban area (urban-type settlement or cities with more than 3,500

residents) and 0 otherwise;

is_employed — dummy for employment status of a respondent taking 1 if a
respondent is employed (partial, full, entrepreneurship, and other types of

employment) and 0 otherwise.

11



In the third specification, we enrich our models by adding socio-economic controls

such as different income and vulnerable groups.

is_ip = (as in Second specification) + o4K; , (5)

log(ip) = (as in Second specification) + S K; , (0)

where the vector of socio-economic controls K includes:

is_inc_group_1 — dummy for the income level of a respondent’s houschold
taking 1 if an average monthly income for one member of a household is less than

4,500 UAH and 0 otherwise (base category, not included into a regression);

is_inc_group_2 — dummy for the income level of a respondent’s household

taking 1 if an average monthly income for one member of a household is between

4,501 and 9,000 UAH and 0 otherwise;

is_inc_group_3 — dummy for the income level of a respondent’s household

taking 1 if an average monthly income for one member of a household is between

9,001 and 15,000 UAH and 0 otherwise;

is_inc_group_4 — dummy for the income level of a respondent’s household

taking 1 if an average monthly income for one member of a household is more

than 15,000 UAH and 0 otherwise;

is_not_vuln — dummy for a respondent being in a particular vulnerable group
taking 1 if a respondent does not belong to any of the vulnerable groups and 0

otherwise (base category, not included into regression);

is_vuln_social — dummy for a respondent being in a particular vulnerable group

taking 1 if a respondent belongs to the socially vulnerable group and 0 otherwise;

12



is_vuln_health — dummy for a respondent being in a particular vulnerable group
taking 1 if a respondent belongs to the vulnerable group in terms of health and 0

otherwise;

is_vuln_social_health — dummy for a respondent being in a particular
vulnerable group taking 1 if a respondent belongs to both socially and health-

vulnerable groups and 0 otherwise.

In the fourth specification, we finally add to our models the last group of variables
— attitudinal variables, which include dummies for attitudes towards IPs and the

variable indicating whether an IP was made by hint, request, or coercion.

is_ip = (as in Third specification) + o;F; , @)

log(ip) = (as in Third specification) + BF;, (8)

where the vector of attitudinal controls F includes:

is_neutral_att — dummy for an attitude of a respondent to informal payments
taking 1 if a respondent has a neutral attitude to IPs and O otherwise (base category,

not included into regression);

is_negative_att — dummy for an attitude of a respondent to informal payments

taking 1 if a respondent has a negative attitude to IPs and 0 otherwise;

Is_positive_att — dummy for an attitude of a respondent to informal payments

taking 1 if a respondent has a positive attitude to IPs and 0 otherwise;

is_required — dummy for reasons of making an IP taking 1 if an IP was made by

hint, request, or coercion and 0 otherwise.

13



The key variables identified are expected to have significant impacts, nuanced by
the complex realities of war and regional disparities. The variable representing the
year 2023 serves as a temporal marker to gauge changes due to escalating conflict
and policy adaptations over time. We hypothesize a negative impact from this
variable, suggesting that as the conflict intensifies, there may be a decrease in both
the likelthood and the amount of informal payments compared to previous periods.
This expectation stems from potential economic difficulties and disruptions in
healthcare services which could decrease people’s ability to engage in informal

payments.

Considering the regions affected by the war, we posit that the influence on informal
payment practices might be dual-faceted. On one hand, increased needs and limited
healthcare resources might compel higher informal payments, but on the other, the
overall economic degradation and infrastructural damages might reduce people’s

ability to pay, leading to a hypothesized negative sign for this variable.

The interaction of the year 2023 with war-affected regions is particularly significant.
Itis expected to show that while the general trend indicates a reduction in informal
payments, in regions continuously affected by conflict, this reduction might be less
marked, but still negative. The sustained conflict likely results in continued
disruption of healthcare infrastructure and services in war-affected regions. This
disruption can limit the availability of healthcare providers and services, reducing
the opportunities for informal payments to occur. Even if patients are willing to
pay, the sheer reduction in service availability could lead to a decrease in actual

payments.

The influence of tregional variables like is_north, is_south, is_west, and
s_east are expected to vary, potentially showing negative coefficients as they
compare to a center reference region, reflecting regional economic and cultural

differences that might affect informal payment practices.

14



Moreover, demographic factors such as age and gender are explored, with an
expectation that older individuals might pay more due to increased healthcare
needs, suggesting a positive relationship with age. Socio-economic factors,
including income and employment status, are also considered. Higher income and
being employed are hypothesized to increase the likelihood and amount of
informal payments, as these factors generally enhance an individual’s capacity to

make such payments.

Attitudinal perspectives towards informal payments are also critically important.
Positive attitudes towards making these payments are expected to correlate with an
increased likelihood and amount of informal payments, illustrating how personal

beliefs and cultural norms can significantly shape healthcare payment behaviors.
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Chapter 4

DATA DESCRIPTION

The primary data collection method for such studies is face-to-face interviews with
patients (Stepurko et al. 2010). The main source of repeated cross-sectional data
for this study are two anonymous patient surveys conducted within medical
institutions across Ukraine in the years 2019-2020 and 2022-2023. These surveys
were the parts of 2020 (baseline) and 2023 (follow-up) studies named «The volume
of informal payments at the level of specialized health care institutions for four
priority services of the medical guarantee program» conducted jointly by KSE

Institute and USAID?.

The baseline study covers the period from July 1, 2019, to March 31, 2020, while
the follow-up encompasses data from the period of June 1, 2022, to May 31, 2023.
The four priority services analyzed in the study are 1) medical care during
childbirth; 2) medical care for newborns in complex neonatal cases; 3) medical care

for acute myocardial infarction; and 4) medical care for acute cerebral stroke.

The first part of this chapter focuses on the composition of the sample, while the

second provides descriptive statistics for the variables.

4.1. Sample composition

The target group consists of patients (and/or their close relatives) who, in a certain
period, received medical care in municipal healthcare institutions and reside in
urban areas (regional centers, other cities, urban-type settlements) and rural areas

(villages). Respondents were recruited through Primary Healthcare Centers (PHCs)

3 The data for research was kindly provided by KSE Institute with an approval of USAID’s Health Reform
Support team.
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by disseminating information about the study among patients who signed a

declaration with PHC doctors.

The questionnaire consisted of approximately 100 questions including all necessary
patients’ demographics, their attitude to informal payments, along with amounts of

patients’ IPs, if any.

Patient responses within PHCs were collected across the five macroregions of
Ukraine: North (Poltava, Sumy, Kharkiv, Chernihiv regions); South (Mykolaiv,
Odesa, Kherson regions and Autonomous Republic of Crimea); West (Volyn,
Ivano-Frankivsk, Zakarpattia, Lviv, Rivne, Ternopil, Khmelnytskyi, Chernivtsi
regions); East (Dnipropetrovsk, Donetsk, Zaporizhzhia, Kirovohrad, Luhansk
regions); and Center (Kyiv city, Kyiv, Vinnytsia, Zhytomyr, Cherkasy regions). The

distribution of regions of Ukraine into macroregions is shown in Figure 1.

Macroregions:

North
B South
B West

Figure 1. Geography of the study

17



Initially, the dataset obtained from two surveys totaled 4,079 observations. After
we left only those respondents, who replied about the level of their education, we
had 4,059 observations. Additionally, not all patients indicated the type of their
settlement. After excluding them, we left with 4,048 observations. Then, we
excluded 225 respondents, who refused to indicate their income level. Continuing
with employment status and region of residence responses we are left with the final

sample size of 3,795 respondents.

This sample is used to estimate the first model (likelihood of IP). However, for the
second model (amount of IP) we need to filter out those respondents who have an
informal payment amount of zero, that is, they did not make any IPs. The whole
process of filtering by the absence of answers to certain questions and other

conditions is summarized in Table 1.

Table 1. Summary of sample composition

_ Sample

Step description siz};
Initially for 2 years 4,079
Respondent replied about the level of education 4,