
u n i ve r s i t y  o f  co pe n h ag e n  

The gender wage gap in Myanmar

Adding insult to injury?

Hansen, Henrik; Rand, John; Win, Ngu Wah

Published in:
Journal of Asian Economics

DOI:
10.1016/j.asieco.2022.101511

Publication date:
2022

Document version
Publisher's PDF, also known as Version of record

Document license:
CC BY

Citation for published version (APA):
Hansen, H., Rand, J., & Win, N. W. (2022). The gender wage gap in Myanmar: Adding insult to injury? Journal of
Asian Economics, 81, [101511]. https://doi.org/10.1016/j.asieco.2022.101511

Download date: 23. maj. 2023

https://doi.org/10.1016/j.asieco.2022.101511
https://curis.ku.dk/portal/da/persons/henrik-hansen(5d6ac3a2-d5f6-48ff-a9eb-a659ca16e895).html
https://curis.ku.dk/portal/da/persons/john-rand(2e5b4022-01a7-4512-bf00-f56dbf07e1da).html
https://curis.ku.dk/portal/da/publications/the-gender-wage-gap-in-myanmar(028a992c-b567-4636-9f19-93bd861b085e).html
https://doi.org/10.1016/j.asieco.2022.101511


Journal of Asian Economics 81 (2022) 101511

A
1
(

F

T
H
a

b

A

K
D
G
L
M
M
W

1

A

h
R

Contents lists available at ScienceDirect

Journal of Asian Economics

journal homepage: www.elsevier.com/locate/asieco

ull length article

he gender wage gap in Myanmar: Adding insult to injury?
enrik Hansen a,∗, John Rand a, Ngu Wah Win b

University of Copenhagen, Copenhagen, Denmark
Centre for Economic and Social Development, Yangon, Myanmar

R T I C L E I N F O

eywords:
iscrimination
ender difference
abor market
incer earnings function
yanmar
age

A B S T R A C T

Using two surveys from 2017, we analyze the gender wage gap for urban workers in Myanmar.
We start from a standard wage equation and condition on education, experience, health and
a small set of household demographic attributes. Subsequently we control for differences in
occupational choice and sector of employment. We estimate the models with sample selection
correction and this leads to estimated average wage offers that are lower than the observed
average wages for women. Selection into wage work results in a workforce where female wage-
workers have higher levels of education compared to their male counterparts. However, average
wages for female workers continue to be 29% lower than male average wages. Differences in
observable attributes do not account for this gap. Instead, it is associated with a lower base wage
and lower remuneration of women’s experience. Going beyond the traditional decomposition
methods, we utilize our matched employer–employee survey to generate exact comparisons of
female and male production workers with equal levels of education and experience, employed
in the same enterprises. Even in this setting, we find a gender wage gap of 13%. Our analysis
thus indicates discrimination against women in Myanmar’s labor markets.

Women shall be entitled to the same rights and salaries
as that received by men in respect of similar work.

Article 350, Constitution of Myanmar, 2008

Related to income, men get 3000 Kyat, women get 2500
Kyat. It does not depend on status. It depends on
strength. It is not discrimination.

[Focus group discussion with Kayan Takhundaing, men
aged 26–40, Demoso Township] GEN (2015, p. 76)

. Introduction

Article 350 of Myanmar’s constitution guarantees gender equality, and progress has been made in many areas in recent years.
mong the improvements are gender parity in enrollment of girls and boys in primary and secondary school and increased
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participation of women in the labor force and in wage employment. The improvements have given rise to a view that gender
equality is not a matter of concern in Myanmar. This view is contradicted in several reports by a range of different institutions (ADB
et al., 2016; GEN, 2015; JICA, 2013; Minoletti, 2016) and by recent large scale surveys of workers, households and enterprises in
Myanmar, which all find gender inequalities and substantial differences in average wages for female and male workers (Berkel et al.,
2018; CSO et al., 2020; ILO, 2016).

In this paper, we use two recent surveys to analyze the gender wage gap in Myanmar. One of the surveys, the 2016/2017
yanmar Living Conditions Survey (MLCS, by CSO et al., 2020), has broad coverage in the sense of being nationally representative

f all households in Myanmar. We use data from this survey to break down the gender wage gap for workers in urban areas using
tandard Oaxaca–Blinder decompositions of Mincer-type wage regressions in which we condition on the workers’ human capital,
ccupational choice and sector of employment. Moreover, we control for selection into wage work to show that this may cause
ignificant bias in wage regressions for both women and men in Myanmar. Specifically, we estimate wage regressions that allow
or choosing wage work relative to two other activities. One alternative is ‘not working’. This is the standard alternative in the
iterature analyzing advanced country data. We add ‘self-employment’ as a second alternative because this is the most common
ctivity for urban males in Myanmar, and the second most common activity—after not working—for urban women. That both men
nd women have more than one alternative to (formal) wage work in developing countries has been acknowledged for a long time in
he literature (see Günther & Launov, 2012, for a brief discussion), but very few studies incorporate the multiple selection options
nto wage regressions (see Ben Yahmed, 2018, for an example, though). We therefore estimate wage regressions for female and
ale wage workers, respectively, in which we account for selection into wage work, self-employment and not working, using a
ultinomial probit model for the selection jointly with the Mincerian wage offer regression.1

Our second data source, the 2017 Myanmar Enterprise Monitoring System (MEMS, see Berkel et al., 2018), is a matched
employer–employee survey covering workers in micro, small and medium size manufacturing enterprises in urban areas. Although
the coverage is restricted to the manufacturing sector, this survey allows us to compare wages for female and male production
workers within firms with similar attributes in terms of human capital and occupation. Thus, we can test if the women actually
receive the same salaries as that received by men for similar work, as stipulated in Article 350 of the Constitution. To our knowledge,
we are the first to use such within-firm matching in a developing country context to identify pure gender wage gaps. We estimate
the wage gap in the manufacturing sector using both standard Oaxaca–Blinder decompositions and the nearest neighbor matching
estimator by Abadie and Imbens (2006).

The analysis shows that the gender wage gap in Myanmar is substantial. Using the household survey (MLCS) we find that the
average wage for female workers is only 71 percent of the average wage for male workers. Adjusting for the bias in the estimated
average wages arising from the selection into wage work, the average female wage offer is only 67 percent of the average male
wage offer. The larger gap is explained by a larger increase in the estimated average wage offer for men compared to the average
wage offer for women. Thus, female and male individuals who are not wage workers have above average productive attributes. This
is in contrast to findings from analyses of wage gaps in more advanced economies, but it supports the notion that self-employment
activities in the informal sector provide better opportunities than formal wage work (Günther & Launov, 2012).

The Oaxaca–Blinder decompositions of the wage regressions with and without sample selection correction find very similar results
and show that the wage gap can be fully attributed to the wage structure (the unexplained part in the decomposition). Even so, there
are some countervailing forces in the composition of Myanmar’s labor market. Occupation and sector segregation have small and
contrasting influences in the sense that women should be expected to receive higher wages than men given their occupations while
the sector composition points to lower wages for women. However, the main driver is a substantially lower return to experience
for women compared to men. Conditional on occupation and sector, a female and a male worker with the same level of education
and age can expect to see a considerably widening wage gap as they get older. When we decompose the wage gap along the female
and male wage distributions a pattern of very large gaps in the low end of the distributions emerge, confirming the sticky floor
result observed in other East Asian countries (Chi & Li, 2008; Fang & Sakellariou, 2015; World Bank, 2011). However, in Myanmar
the pattern is closely associated with the wage structure while it is not associated with the labor market composition, in terms of
education, occupation and sector of employment.

Our more detailed analysis of wage workers in the manufacturing sector using the MEMS data shows that larger firms pay higher
wages and female workers are working in large firms more frequently than men. But, conditional on firm size, firms with high shares
of female workers pay lower wages. The net result is a gender wage gap in the manufacturing sector of about 11 percent, which
is fully accounted for by the wage structure. Focusing next on firms for which we have respondents of both sexes, such that we
know for certain that the firms employ both female and male production workers, a regression analysis using this restricted sample
will show if female and male production workers within firms are paid the same, conditional on education. We find that they are
not—as the gap only decreases slightly (to 8 percent), and this is a within firm wage difference, which is not related to firm size or
the share of female workers in the firms.

Finally, we utilize the link between the Oaxaca–Blinder decomposition and estimates of average treatment effects, stressed
by Fortin et al. (2011) and Kline (2011), and estimate the size of the pure wage gap by nearest neighbor matching. To the best of our
knowledge, this approach has not previous been used to estimate the pure gender wage gap. Starting from a fairly broad matching
estimator, we sequentially tighten the twinning restrictions such that we end up by exactly matching female and male workers

1 Other studies that incorporate polychotomous choices have estimated the selection correction by two-step procedures such as Lee’s transformation
2

pproach (Lee, 1983) or Durbin and McFaddens logit-OLS estimator (Dubin & McFadden, 1984).
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within each firm, based on educational level, experience, tenure and the way they are paid. Such a strict requirement leaves us with
a sample of only 128 female workers. The gain is that we know that each of the 128 women has a male counterpart, with the exact
same observable attributes, working in the same firm. The estimated average gender wage gap for the matched female workers is
13 percent. A brief analysis of the individual wage gaps reveals that these are slightly increasing in wage work experience, thus
supporting the regression based results using the MLCS survey.

This paper contributes to the large strand of literature studying segmentation in the labor market. In particular, there is increasing
ecognition of the importance of informal jobs and self-employment (Ben Yahmed, 2018; Günther & Launov, 2012). We show how the
election between formal wage work and self-employment differ for women and men and further how this increases the gender wage
ap in some cases. The paper is also related to the literature that analyzes sorting and firm-specific wage differentials using matched
mployer–employee data (Abowd & Kramarz, 1999; Abowd et al., 1999; Groshen, 1991; Petersen & Morgan, 1995). Such data are still
are in developing countries and we believe our analysis is the first to include firm fixed effects in wage regressions studying gender
age gaps. In addition, the paper is related to the vast literature analyzing gender wage differences in Asian countries (see, inter
lia, Ahmed & McGillivray, 2015; Appleton et al., 2014; Chi & Li, 2008; Deininger et al., 2013; Deshpande et al., 2018; Duraisamy
Duraisamy, 2016, 2016; Fang & Sakellariou, 2015; Iwasaki & Ma, 2020; Ma, 2022; Mahajan & Ramaswami, 2017; Pham & Reilly,

007; Sakellariou, 2004; Yamamoto et al., 2019). Finally, the paper adds to the literature on discrimination in Myanmar by adding
gendered dimension to the discussion on labor market privilege (Campbell & Prasse-Freeman, 2021; Walton, 2013).

The paper is organized as follows. Section 2 explains our empirical framework while Section 3 presents the data, giving both
uccinct summaries of the background characteristics and detailed statistics of the wage distributions. The regression results are
resented in Section 4. We start with Oaxaca–Blinder decompositions at the mean based on the household survey and a brief
llustration of the wage gaps along the wage distributions. Subsequently, we move to the matched employer–employee data, which
e analyze using both standard Oaxaca–Blinder decompositions and nearest neighbor matching. Section 5 provides our concluding

emarks.

. Empirical framework

The most common method of analyzing wage differentials between groups of individuals, such as female and male workers,
s the Oaxaca–Blinder decomposition (Blinder, 1973; Oaxaca, 1973) whereby the mean wage differential is split into a part that
s attributed to differences in observed characteristics and a part that cannot be attributed to such differences, often denoted
iscrimination. The two parts are estimated from wage regressions, as presented in the following.

.1. The wage equations

We start by formulating a simple Mincer-type wage equation for female and male workers, focusing on returns to human capital
n the form of education, potential experience, and health status.2

ln𝑤 = 𝛼𝐻 + 𝑅′𝜆𝐻 +𝐻 ′𝛿𝐻 +𝑍′𝜔𝐻 + 𝑢𝐻 . (1)

In this ‘‘Human Capital" wage regression 𝑤 is the nominal wage rate, 𝑅 is a vector of region specific indicator variables that capture
both the regional variation in price levels and other regional differences such as local labor market tightness. The corresponding
coefficients, 𝜆𝐻 , are thus composite fixed factors with no structural interpretation. The variables of interest, education, experience
and health, are gathered in the vector 𝐻 and the coefficients 𝛿𝐻 measure the average prices on schooling, potential experience and
being healthy. We measure education using indicators of completed education levels (primary-, middle-, high school and higher
education). Experience is computed as the workers potential experience, which is the workers age less the expected age at which
the worker has completed the reported level of education. This measure is standard in the literature. Following recent studies, we
also include a measure of the worker’s health status. Asadullah and Xiao (2020) include three measures of health: height, body
mass index and self-reported health while (Ma, 2022) only include the self-reported health indicator. This kind of information is
not given in our surveys. Instead, we include a variable indicating if the worker has suffered from any injuries or health complaints
during the past 30 days prior to the interview.

In addition to the human capital components, we also include a set of personal and household characteristics that may affect
individual wages. Specifically, we add (i) marital status (married/unmarried), (ii) the family relation in the household (head, spouse,
child, parent, sibling, other family, not family related), (iii) the individual’s religion (Buddhist, Christian, Muslim or other), (iv)
household size, and the share of children in the household (0–4 and 5–18 years old). Marriage and children has been found to induce
gender wage differences in several studies, including the recent study of Chinese wages by Ma (2022). The religious information is
less common. We include it to capture potential religious discrimination in the labor market. Finally, 𝑢𝐻 is the regression disturbance
term.

2 We have superscripts on the parameters in the wage equations in the following to highlight that the parameters are different when we vary the controls
cross specifications. To reduce additional notation clutter, we suppress the female/male group indicator in the regression formulations until it is needed in the
3

ecomposition given below.
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We expand the human capital specification by adding indicators for industrial sectors, occupations, and the type of wage period

ontract. We refer to the expanded wage regression as the ‘‘Segregation model’’. It is given as follows, where the vector 𝑆 contains
the indicator variables for industrial sectors, occupations, and wage period contracts.

ln𝑤 = 𝛼𝑆 + 𝑅′𝜆𝑆 +𝐻 ′𝛿𝑆 +𝑍′𝜔𝑆 + 𝑆′𝛾 + 𝑢𝑆 . (2)

This specification is used to assess the extent to which the gender wage gap is attributable to sector and occupational segrega-
tion. Petersen and Morgan (1995) denote segregation of male and female workers in high and low wage sectors as ‘‘allocative
discrimination’’ while they refer to segregation into high and low wage occupations as ‘‘valuative discrimination’’. In contrast, Blau
and Kahn (2017) note that sector and occupation controls have an ambiguous interpretation as they may represent specific labor
market skills in addition to the possible employer discrimination. We do not take a stand on this discussion between sociologists
and economists, but simply look at the share of the gender wage gap that is accounted for by sector and occupation segregation.
Earlier studies of gender wage gaps modeled the selection into sectors and occupations as it is a decision made by the worker (see
e.g., Appleton et al., 1999). Most studies today, however, simply estimate models with and without sector and occupation indicators
using ordinary least squares, and noting that not only sector and occupation but also education level and marital status are choice
variables. Expanding this argument to its logical extreme, all right-hand-side variables in the Mincer-wage regression are endogenous
choice variables.

2.2. Selection into wage work

An important choice is whether to be a wage worker or not. Thus, gender specific wage regressions are often estimated using
Heckman-type sample selection corrections because the decision to engage in wage work is non-random and likely based (in part) on
information that is not available to researchers (Heckman, 1979). When analyzing the gender wage gap in developing economies
there is an increasing understanding that both the female and male wage regressions should be adjusted for selection into wage
work because labor markets are not fully integrated. In particular, the choice between working in formal and informal sectors and
firms have been investigated (see e.g., Ben Yahmed, 2018; Deininger et al., 2013; Günther & Launov, 2012).

In this paper, we estimate models with three choices for both female and male workers. An individual may choose (i) wage work,
(ii) self-employment (own account work or helping without pay in a family business) or (iii) to be outside the labor force (home
duties, studies or does not need/want to work). Thus, in addition to a wage regression (Eq. (1) or (2)) we consider three selection
equations in which 𝑤∗

𝑗 is the shadow earnings (or utility) of option 𝑗:

ln𝑤∗
𝑗 = 𝛼𝑗 + 𝑅′𝜆𝑗 +𝐻 ′𝛿𝑗 +𝑍′𝜔𝑗 +𝑊 ′𝜃𝑗 + 𝜂𝑗 , 𝑗 = 1, 2, 3. (3)

Here, 𝑅, 𝐻 , and 𝑍 are the vectors of regional indicators, human capital, and household demographics as in the wage regressions
while 𝑊 is a vector of additional person and household specific variables. We include information about the individual’s age as well
as the household’s ‘other income’. Other income covers the value, in cash or in kind, received from different sources the past year
prior to the interview. The income sources are (i) government assistance (support to students or elderly), (ii) NGO’s, (iii) assistance
from private donors of friends, (iv) pension payments, (v) interest from wealth, or (vi) other sources of income, excluding salaries
and remittances. Our identifying assumption is that income from these sources affects the individual’s shadow earnings rates, while
it does not influence the offered wage in the labor market.

We only have wage information for employed workers. Hence, we only observe a wage if ln𝑤∗
1 = max(ln𝑤∗

𝑗 ), 𝑗 = 1, 2, 3. But we
can estimate the parameters of the shadow wage equations using indicator variables for the choices. Bourguignon et al. (2007) and
Dubin and McFadden (1984), Lee (1983) have developed three estimators, using the two-step approach, that is often used to estimate
selection models when facing more than two selection choices. Even so, we estimate the selection model assuming a multivariate
normal distribution of the errors in the selection equations and the wage offer equation. Thus, we estimate the wage equations with
selection by Maximum Likelihood, using the linear equation for the observed wages jointly with a multivariate probit model for
the selection into wage work, self employment, or no participation. The wage regressions in this setting estimates the offered wage
rates, which may differ from the observed wage rates if there is self selection into wage work based on unobserved factors.

2.3. Including firm information in the wage equation

Since the seminal work by Abowd et al. (1999) there has been an improved understanding of potential biases in wage regressions
that do not include complete information about workers and firms. The important insight from this work is that estimated inter-
sector and inter-occupation differences in wages are typically confounded by omitted person and firm effects whereby detailed
decompositions of wage differences become difficult to interpret. We seek to address these problems by using the data from the
MEMS survey of matched employers and employees in the manufacturing sector. This data allows us to augment the wage equation
by adding enterprise level information, referred to in the following as the ‘‘Enterprise model". Thus, for the matched employer–
employee data we formulate a wage regression where a vector 𝐸 contains firm information, specifically, firm size (number of
employees), the share of female workers and, in a second round, firm indicators.

ln𝑤 = 𝛼𝐸 +𝐻 ′𝛿𝐸 + 𝐸′𝜑 + 𝑢𝐸 , (4)

In this regression we can analyze the extent to which the gender wage gap in the manufacturing sector is attributable to within sector
4

sorting, by which female workers are more likely to be working in lower-wage firms, or attributable to wage bargaining, or norms,
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that arise if female workers get a lower wage when performing the same work as male workers in the same firm. The limitations
in this approach are that we only cover the manufacturing sector and, moreover, that we do not have detailed information about
the workers health and household demographics. Thus, there is a risk that we may be trading one source of bias for another.

2.4. The Oaxaca–Blinder decomposition

The three wage regression formulations (1), (2) and (4) can all be given for female and male workers as follows

ln𝑤𝑓 = 𝑋′
𝑓 𝛽𝑓 + 𝑢𝑓 (5a)

ln𝑤𝑚 = 𝑋′
𝑚𝛽𝑚 + 𝑢𝑚 (5b)

where subscript 𝑓 denotes regressions including only female workers while 𝑚 denotes regressions including only male workers and
the vectors 𝑋𝑓 and 𝑋𝑚 contain the subsets of the vectors 𝑅,𝐻,𝑍, 𝑆 and 𝐸 while 𝛽𝑓 and 𝛽𝑚 contain the corresponding subsets of
the parameter vectors, depending on the specific wage regression formulation.

When the gender specific regressions are used to split the wage differential into factors due to differences in observable
characteristics and discrimination there are several identifying assumptions that must be addressed (see Fortin et al., 2011). First of
all, there has been much research on the index value problem in the Oaxaca–Blinder decomposition. Many solutions have been put
forward in the literature (see Oaxaca & Ransom, 1994, for a discussion) and empirical studies often include decompositions using
several different reference returns. We follow (Fortin et al., 2011) who link the decomposition to estimation of treatment effects.
In this vein, using the parameters from the male worker equation corresponds to an experiment in which a female worker’s actual
wage is compared to her predicted wage in case we made a small intervention that transformed her to a male worker, keeping all
other attributes fixed. In that sense, by using the parameters from the male regression, we are estimating the average treatment
effect of the treated (transforming a female worker to a male worker) while we are not taking a stand on the non-discriminatory
wage rate in a labor market equilibrium.

With this choice we use the estimated parameters, 𝛽𝑓 , 𝛽𝑚, and the means of the variables (indicated by a bar) from Eq. (5) to
form the Oaxaca–Blinder decomposition

�̄�′
𝑓 𝛽𝑓 − �̄�′

𝑚𝛽𝑚 = �̄�′
𝑓 𝛽𝑓 − �̄�′

𝑚𝛽𝑚 + �̄�′
𝑓 𝛽𝑚 − �̄�′

𝑓 𝛽𝑚 =
(

�̄�𝑓 − �̄�𝑚
)′ 𝛽𝑚

⏟⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏟
Composition

+ �̄�′
𝑓
(

𝛽𝑓 − 𝛽𝑚
)

⏟⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏟
Wage structure

(6)

Following Blau and Kahn (2017) and (Fortin et al., 2011) and many others, we denote the two terms ‘composition’ and ‘wage
structure’. The composition effect is the part of the wage gap that can be attributed to differences in observed characteristics between
female and male workers while the wage structure effect is the part of the gap that can be attributed to differences in the returns
to the attributes and choices of female and male workers. In a direct comparison with the treatment effect literature, the wage
structure is the estimated ‘average treatment effect’ of being a female worker compared to a male worker.

When the decomposition is based on regressions that correct for self selection into wage work, we have a second identifying
assumption. Following Heckman (1979) the self selection is often presented as a sample selection bias and the solution is the selection
correction term (the inverse Mills ratio) that enables estimation of the correlation coefficient between the error term in the wage
offer equation and the shadow wage equation. Neuman and Oaxaca (2004) discuss several ways of including the correction term
and the estimated correlation coefficient into the Oaxaca–Blinder decomposition. However, the inclusion of the correction term is
simply a technical interim solution to obtain unbiased parameter estimates in regressions of the wage equation in settings with
unobserved self-selection into wage work. Therefore, we do not split the correction term, but present decompositions of the wage
offers as they are estimated by the sample selection model. This implies that the means of the predicted values (�̄�′

𝑓 𝛽𝑓 , �̄�
′
𝑚𝛽𝑚) are

ifferent from the observed means of the wages (ln𝑤𝑓 , ln𝑤𝑚).
Finally, when presenting and discussing detailed decompositions a third identifying assumption is needed. When the regressions

include categorical data, the choice of reference category affects the results of the detailed decomposition (see Oaxaca & Ransom,
1999). In some cases there are natural choices of references categories, for example for education where less than primary schooling
is the conventional choice. However, in other cases, there are no obvious candidates. Specifically, for the two categorical variables:
regions (𝑅) and sectors (𝑆) there are no natural choices. For these variables we follow the suggestion by Yun (2005) and present
the average over all possible choices of reference category. For example, for regions we include 14 indicator variables (fixed effects)
to capture the variation in wages across the 15 states and regions in Myanmar. Without loss of generality, we can present the
computation of the average effect using the 15th region (the Union Territory, Nay Pyi Taw) as reference. The human capital
regression (1) with average regional effects can then be specified as follows

ln𝑤 = 𝛼𝐻 + �̄�𝐻 +
15
∑

𝑘=1
𝐷𝑘(𝜆𝐻𝑘 − �̄�𝐻 ) +𝐻 ′𝛿𝐻 +𝑍′𝜔𝐻 + 𝑢𝐻 .

In this regression, 𝐷𝑘, (𝑘 = 1,… , 15) are indicator variables taking the value 1 if the worker is in region 𝑘 and 0 otherwise. The
average coefficient is �̄�𝐻 = 1

15
∑15

𝑘=1 𝜆
𝐻
𝑘 with 𝜆𝐻15 ≡ 0. The decomposition of the regional fixed effects becomes

�̄�′
𝑓 �̂�

𝐻
𝑓 − �̄�′

𝑚�̂�
𝐻
𝑚 =

{ 15
∑

𝑘=1
(�̄�𝑘𝑓 − �̄�𝑘𝑚)(�̂�𝐻𝑘𝑚 − ̂̄𝜆𝐻𝑚 )

}

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟

+

{

̂̄𝜆𝐻𝑓 − ̂̄𝜆𝐻𝑚 +
15
∑

𝑘=1
�̄�𝑘𝑓

(

(�̂�𝐻𝑘𝑓 − ̂̄𝜆𝐻𝑓 ) − (�̂�𝐻𝑘𝑚 − ̂̄𝜆𝐻𝑚 )
)

}

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟

. (7)
5

Regional composition Regional wage structure
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Thus, the regional composition effect is the weighted sum of the different conditional male wage levels across the regions (�̂�𝐻𝑘𝑚−
̂̄𝜆𝐻𝑚 )

where the weights are the differences in the shares of female and male workers living in the different regions, respectively
(�̄�𝑘𝑓 − �̄�𝑘𝑚). The regional wage structure effect is the sum of the conditional regional wage differences (�̂�𝐻𝑘𝑓 − �̂�𝐻𝑘𝑚) weighted by the
share of female workers living in each of the regions �̄�𝑘𝑓 = 𝑁𝑘𝑓∕𝑁𝑓 where 𝑁𝑘𝑓 is the survey estimate of the number of female
wage workers living in region 𝑘 and 𝑁𝑓 is the survey estimate of the total number of female wage workers in the urban areas. This
averaging over categories is a simple solution to the identification problem.

2.5. The wage composition effect estimated by nearest neighbor matching

As a final analysis of the gender wage gap we use the analogy between the Oaxaca–Blinder decomposition and treatment effect
estimation and estimate the wage structure effect by nearest neighbor matching. Specifically, we formulate three estimators of the
average treatment effect of the treated (ATET) by applying sequentially more stringent requirements for the matches of female
and male workers. First, we estimate an analog to the human capital regression (Eq. (1)) by exact matches on region, educational
level, potential experience, sector, wage period contract and firm size category (micro, small or medium). In addition to the exact
matches on the categorical variables we also select on the Mahalanobis distance to the nearest neighbor for the number of full time
employees in the firm. Next, we make exact matches on firms and the wage contract period while we match wage work experience
(in years), and tenure (years working in the firm of current employment) using 3-year bins for both. Finally, we strengthen the
match of experience and tenure to be exact matches. Our most strict matching approach estimates the average difference in wages
for pairs of female and male workers who work in the same manufacturing enterprise with equivalent wage contracts. Further, they
have the same educational background, the same experience as wage workers, and they have worked the same number of years in
the enterprise.

3. Data and descriptive statistics

The sampling designs for the 2016/2017 Myanmar Living Conditions Survey (MLCS) and the 2017 Myanmar Enterprise
Monitoring System (MEMS) are aimed at creating nationally representative samples of households (MLCS) and micro, small and
medium size manufacturing firms (MEMS). Both surveys use stratified, two-stage area sampling designs with the 7 States, 7 regions
and the Union Territory (Nay Pyi Taw) as strata. The primary sampling units are administrative areas within townships while
the secondary sampling units are the households or firms, respectively. In the MLCS, all members of a sampled household are
interviewed.3 In the MEMS, 1–5 workers in each firm were selected at random for interviews. In larger firms, five production
workers were selected at random. In firms with up to five production workers, all who were present at the day of the interview
were included. More detailed information about the two surveys can be found in Berkel et al. (2018) and CSO et al. (2020).

Following a large part of the literature (e.g., Appleton et al., 1999, 2014; Ben Yahmed, 2018; Nordman et al., 2011), we focus on
the urban population to avoid confounding arising from differences in production and wage structures across the rural and urban
areas. This also curb the possible omitted variable bias from our limited information about the workers long run health status. The
DHS survey from Myanmar conducted in 2016 shows that stunting and low BMI is much more prevalent in the rural areas compared
to the urban areas.

3.1. Gender differences in labor market status

The household survey has information about 15,707 working-age individuals (15–64) living in 5,188 households in urban areas.
Of these, we exclude 36 men in the armed forces, 1,345 individuals working in agriculture and mining and 330 wage workers
that do not give information about the industry in which they work. Furthermore, we exclude 27 individuals for which we have
no information about their level of schooling and 894 who are ill, disabled, retired or monks/nuns. After this data cleaning we
have 13,075 working-age individuals, 7,384 women and 5,691 men, living in 4,527 households, who are either wage workers, self-
employed (as own account worker or contributing family worker), or not working. Table 1 shows the distributions of educational
attainment, demographics and household characteristics of the women and men in the three groups.

The first two columns in Table 1 give the estimated distributions and average attributes for the women and men in the urban
population. As seen, the women in the urban population are more diverse in their educational attainment compared to the men. A
substantially larger fraction of the women have a higher education (20% vs. 14%) but at the other end there is also a larger fraction
of women with at most primary school compared to the men (27% vs. 19%). The demographics show that women are slightly
older than men (on average) and a slightly larger fraction of the women are unmarried. There is also a larger fraction of women
who report that they have been ill or injured during the past 30 days prior to the interview. Unsurprisingly, we find only minor
differences in the religious beliefs and household composition in terms of average household size and the share of young children
in the households.

The allocation into wage work, own account work, or not working is clearly associated with the observed attributes. Starting
with individuals who are not working, we find the most marked gender differences in attributes—illustrating the well-known fact

3 Household members are all the people who usually sleep in the household’s dwelling, eat most of their meals there, and share expenses together.
6
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Table 1
Summary statistics for individual and household attributes by labor market status.
Source: Authors’ calculations based on MLCS.

Population segment All Wage worker Self-employed Not working

Gender Female Male Female Male Female Male Female Male

Education (%)
Less than primary 8.7 5.0 6.9 5.5 8.6 5.4 9.8 2.1
Primary school 18.4 14.0 14.8 18.2 20.9 13.4 18.4 3.4
Middle school 24.2 31.6 18.0 32.3 26.9 33.3 25.6 23.7
High school 28.5 35.4 22.4 28.3 23.2 31.5 36.1 68.4
Higher education 20.3 14.1 37.9 15.8 20.4 16.3 10.1 2.3

Age (years) 36.4 34.4 32.5 34.4 39.5 38.5 36.1 21.3
Experience (years) 20.3 18.4 15.8 18.4 23.5 22.4 20.4 5.5
Ill/Injured (%) 28.2 21.6 26.1 24.0 30.4 22.0 27.7 13.1
Unmarried (%) 45.1 41.6 58.8 36.4 43.2 30.8 38.6 92.0
Attending school 12.1 12.9 5.3 2.8 2.7 2.4 23.8 75.4
Relation to HH head (%)
Head 8.7 44.7 8.2 48.9 13.6 53.5 5.1 4.5
Spouse 39.0 0.5 26.0 0.3 39.6 0.7 45.9 0.1
Child 39.1 43.2 49.6 40.3 35.7 36.7 35.8 72.7
Parent 0.7 0.1 0.1 0.1 0.5 0.2 1.1 0.1
Sibling 4.2 2.8 5.8 1.9 4.7 3.3 2.9 3.6
Other relative 7.3 7.2 7.9 6.9 5.2 3.8 8.6 19.0
Other unrelated 1.0 1.5 2.4 1.6 0.6 1.9 0.5 0.1
Religion (%)
Buddhist 89.7 90.4 92.3 91.3 90.4 91.2 87.7 85.1
Christian 5.3 4.6 4.9 4.7 4.1 3.2 6.5 9.2
Muslim 4.1 4.2 2.2 3.5 4.4 4.9 5.0 4.0
Other 0.9 0.8 0.7 0.5 1.1 0.7 0.8 1.7

Household size 5.0 5.1 4.8 5.0 5.0 5.1 5.2 5.5
Children 0-4 (%) 5.6 5.9 4.6 6.6 5.0 6.3 6.7 2.8
Children 5-17 (%) 20.3 20.8 17.2 19.2 20.1 19.7 22.2 29.0

Has other income (%) 32.6 30.1 33.4 31.5 30.5 27.9 33.9 33.1
Other income (mill. Kyat) 25.9 7.3 0.6 8.9 10.0 0.4 53.1 24.7

Percent of group 100.0 100.0 24.2 40.8 33.5 45.2 42.2 14.0
Observations 7,384 5,691 1,619 2,252 2,490 2,539 2,539 900

Note: Weighted means using survey weights. Middle school includes vocational training, high school includes undergraduate
diploma, higher education is bachelor’s degree and above.

hat men are not engaged in house-work. Men who are not working constitute only 14% of the urban male population. They are
oung, with an average age of 21 years, unmarried (92%) and few have been ill/injured (13%). Just under 73% are children of the
ousehold head or spouse, and another 19% are otherwise related to the household head or spouse. Thus, as a group, men who are
ot working appear to be well described as young men who have chosen to continue their education instead of working. In contrast,
omen who are not working make up 42% of the urban female population. They are on average much older than men (36 years)
nd half of them (51%) are household heads or spouses. Judged by the family status it appears reasonable to estimate that most
f the remaining females in the group (about 45%; 36% children plus 9% other relatives) are young women who have chosen to
ontinue their education.

Turning to wage workers and self-employed, the main observation is that the differences in average characteristics are quite small
or men but more pronounced for women. For men there is an almost equal split between self-employed (45%) and wage workers
41%). For women about a third are self-employed (33.5%) and only one quarter (24%) are wage workers. Self-employed men are
lightly older than male wage workers (by about 4 years) and a slightly larger fraction are married (69% vs. 64%). For educational
ttainment we also find quite small differences between the two groups with a small, but statistically significant, over-representation
f more educated men among the self-employed. For women the differences in age and marital status are larger and in contrast to
he male distribution there is a markedly larger share of women with higher education among the wage workers compared to the
elf-employed. Moreover, fewer female wage workers are ill/injured compared to the female self-employed.

There are also marked differences in the average size of funds from other income sources, both across sex, and for each sex across
abor market status, and this is so even though the share of household having other income is just below 1/3 for all groupings. The
roup with largest average funds from other sources are the women who are not working. This should be contrasted with female
age workers who have almost no income from other sources (recall that the income is measured at the household level). Finally, the
verage size of the other income is ‘reversed’ for men and women when comparing wage workers and self-employed. Self-employed
en, like wage-working women, have virtually no income from these other sources.
7
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Table 2
The distribution of female and male wage workers by sector, occupation and the
legal structure of the firms.
Source: Authors’ calculations based on MLCS and MEMS.

Female Male

Sector (%)
Industry 32.5 45.0

Manufacturing 28.2 17.9
Public Utilities 0.2 1.0
Construction 4.1 26.1

Services 67.5 55.0
Transport and communication 24.2 29.9
Financial and business-oriented services 5.1 4.8
Public administration 6.2 5.8
Education, health, social work 16.7 3.0
Other services 15.3 11.4

Occupation (%)
Manager 2.5 4.3
Professional 16.6 4.2
Technician 4.3 5.4
Clerical support worker 18.1 6.6
Service and sales worker 14.9 10.1
Craft and related trades worker 18.5 16.9
Plant+machine operators and assemblers 0.9 14.6
Elementary occupations 24.0 37.9
Legal structure (%)
Private company 24.1 19.7
Household/family business 51.1 65.2
Government/SOE 23.1 13.7
Other 1.7 1.4
Index of Dissimilarity (%)
Sector 28.5
Occupation 30.4

Observations 1,619 2,252

Note: Weighted means using survey weights. Middle school includes vocational
training, high school includes undergraduate diploma, higher education is
bachelor’s degree and above.

3.2. Wage workers’ sector of employment and occupation

Table 2 presents summary statistics for the wage workers in terms of sector of employment, occupation and the legal status of
the firm in which they work. Female and male workers are employed in different sectors in much the same way as observed in
other countries. Two-thirds of the female workers are in services, and many of them are in communication or education, health and
social work. Among the 33% of the female workers employed in the industry, the bulk are in manufacturing. For male workers the
split between industry and services is closer to fifty-fifty. Transportation and communication is also the largest individual sector
for male workers in services, while construction and manufacturing are the large sectors in industry. The bottom part of Table 2
reports the Duncan index of dissimilarity for female and male sectors (Duncan & Duncan, 1955).4 The index indicates that 28.5%
of the women or men would have to change sector (without replacement) to obtain equal gender distributions across sectors. This
is very close to the average for 69 developing countries as reported in Borrowman and Klasen (2020).5

Almost a quarter of the female workers are employed in elementary occupations, but this is a substantially lower fraction
than the 38% of the male workers. The counterpart is a much larger fraction of female professionals (16.6%) compared to male
professionals (4.2%). This reflects the larger fraction of female wage workers with higher education compared to the male wage
workers. The occupational dissimilarity index is above the country average reported in Borrowman and Klasen (2020), but it is
within a one-standard deviation from the average.

The sector distribution is also reflected in the type of enterprises in which female and male wage workers are employed. Almost
a quarter of the female workers are in government institutions or state owned enterprises (SOEs) while this is the case for only 14%
of the male workers. In contrast, about two-thirds of the male workers are employed in household or family businesses while this
is so for ‘only’ half of the female workers. In combination with the large share of the male population that are self-employed this
paints a picture of male activity predominantly in traditional sectors and firms.

4 The index is computed as 𝐷 = 100 × 1
2

∑

𝑖
|

|

|

𝑀𝑖

𝑀
− 𝐹𝑖

𝐹
|

|

|

, where 𝑀𝑖 and 𝐹𝑖 are the numbers of men and women working in sector 𝑖, respectively and the
denominators are the total male and female wage earners.

5 Based on harmonized household survey data from 69 developing countries Borrowman and Klasen find an average index of dissimilarity for sectors of 27%
with a standard deviation of 11% and range 7%–50%. For the occupation dissimilarity index the authors report a mean of 24% with a standard deviation of
8

12% and a range of 8%–50%.
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Table 3
Female and male workers’ education and experience, and characteristics of the
firms in the manufacturing sector.
Source: Authors’ calculations based on MEMS.

Female Male

Education (%)
Less than primary 3.8 7.8
Primary school 17.1 21.5
Middle school 18.8 24.2
High school 34.9 30.1
Higher education 25.4 16.4

Potential experience (years) 12.1 16.7
(9.6) (11.0)

Experience (years) 7.7 9.9
(6.2) (8.1)

Tenure (years) 5.3 6.1
(4.9) (5.0)

Wage contract (daily wage, %) 17.3 27.4
Firm size (number of workers) 149.7 86.4

(145.9) (115.4)
Share of female workers in firm (%) 60.9 27.7
Manufacturing sectors (%)
Rice mill 7.9 23.2
Food, beverages and tobacco 44.6 39.3
Textiles, apparel and leather 31.1 7.1
Wood, paper and printing 1.5 6.7
Coke, chemicals, rubber and minerals 9.4 8.0
Metal 0.9 5.0
Machinery and motor vehicles 2.1 6.2
Furniture and o. manufacturing 2.5 4.4

Observations 1,686 3,362

Note: Weighted means using survey weights. Standard deviations in parentheses.
Middle school includes vocational training, high school includes undergraduate
diploma, higher education is bachelor’s degree and above.

3.3. Workers in the manufacturing sector

For a detailed analysis of the gender wage gap in the manufacturing sector, we turn to the MEMS survey. This survey has
information about 3,403 male and 1,712 female working-age wage workers, employed in 1,794 registered enterprises.6 We omit

single worker employed in a firm in Chin State because this is the only worker interviewed in that state. Further, we exclude
6 workers for which we lack information about their education. Our regression sample is thus composed of 1,686 women and
,362 men employed in 1,783 firms. Summary statistics for these workers (weighted using adjusted sampling weights) are given in
able 3.

As seen, female workers in the manufacturing sector are more educated than their male counterparts, just as for the wage workers
n general as estimated by the MLCS. We also find that male workers have higher potential experience than female workers although
oth are on average less experienced compared to the broader labor market. The MEMS survey has information about the actual
xperience—measured as the number of years working as a wage worker—and tenure—the number of years working in the firm
f current employment. The actual experience is less than the potential experience for both groups and we find a smaller gender
ifference in actual experience (2.2 years) compared to the difference in potential experience (4.6 years).

The firm information shows that female workers are employed in much larger firms, as the average firm size is 150 employees
ompared to the average of 86 employees for male workers. Moreover, the share of female workers in the firms is also much larger
or female workers compared to the male workers. This points to a gender segregation into different firms within the manufacturing
ector. An indication, which is partly supported by the share of female and male workers employed in the different manufacturing
ectors. The largest shares for both groups are in the food sector, with 62.5% of the male workers and 52.5% of the female workers,
hen considering both rice mills and other firms in the food, beverages and tobacco sector. Thus, including firm information in the
ender specific wage regressions will add additional insight to the gender wage gap.

.4. Wages

Table 4 presents summary statistics for the daily wage rates for both surveys while Fig. 1 shows the cumulative distributions
f the wages. For workers reporting hourly, weekly, monthly or yearly wage periods we compute daily wage equivalents based on

6 Micro firms have up to 9 employees, small firms have 10–49 employees while medium (and large) firms have 50 or more employees. In our MEMS data,
9

0% of the full time workers are employed in micro firms, 30% are in small firms and only 10% are employed in medium and large firms.
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Table 4
Daily wage rates (Kyat).
Source: Authors’ calculations based on MLCS and MEMS.

Obs. Geometric Percentile

mean 10 25 50 75 90

MLCS
Female 1,619 5,230 2,143 3,600 5,357 6,857 10,714
Male 2,252 7,425 4,000 5,357 7,000 10,000 14,786
Gap (%) 70.4 53.6 67.2 76.5 68.6 72.5

MEMS
Female 1,686 5,588 3,600 4,500 5,814 6,977 9,302
Male 3,362 6,223 4,000 5,000 6,000 7,752 9,302
Gap(%) 89.8 90.0 90.0 96.9 90.0 100.0

Note: Weighted estimates using survey weights.

Fig. 1. Empirical cumulative density functions of wages for female and male workers. Note: Weighted estimates using sampling weights.
Source: Authors’ calculations based on MLCS and MEMS.

information about the total wage and the number of hours or days worked. The second column in Table 4 gives the geometric means
of the daily wage rates, while the following columns give selected percentiles of the wage distributions. In addition, we report the
female to male wage ratios (the Gap (%)) computed at the mean and the selected percentiles.

The average daily female wage rate is 5,230 Kyats based on the MLCS survey, while it is slightly higher (5,588 Kyat) in the
MEMS survey. The average male wage rate is substantially higher in the MLCS survey (7,425 Kyat). This is driven by high wages
in the upper end of the distribution. The averages should be evaluated in a context where the statutory daily minimum wage level
is 3,600 Kyat.7 The raw gender wage gap is substantial, as the average female wage rate is estimated to be only 71 percent of the
average male rate using the MLCS survey. This is higher than the wage gaps reported for China and Bangladesh but lower than in
Pakistan and India (see Ahmed & Hyder, 2008; Ahmed & McGillivray, 2015; Duraisamy & Duraisamy, 2016; Iwasaki & Ma, 2020;
Ma, 2022). The lower wage gap estimated from the MEMS survey is to be expected as it is for production workers in manufacturing
enterprises. Thus, a female-to-male wage ratio of 90 percent in this sub-population is also noticeable.

The percentiles of the wage distributions show a tendency of smaller gender wage gaps at the high end of the wage distribution
compared to the low end. Thus, for the workers included in these surveys, we do not find a (strong) glass ceiling effect but a very
sticky female wage floor. This is in accordance with the findings for other Asian countries (see Fang & Sakellariou, 2015). However,
detailed comparisons of the wage distributions are complex because of substantial heaping of wage rates for both men and women.
Wage heaping, in the sense of daily wage rates that are integer multiples of 500 or 1,000 Kyat, is practically the norm for workers
with a daily wage period. The heaping is clearly visible in Fig. 1, which shows the empirical cumulative density functions of the

7 The PPP conversion factor for private consumption (Kyat per international US dollar) was 367.5 in 2016, hence, using the MLCS data the average daily
10

age rate for female wage earners is about PPP$ 14 while the average for male wage earners is about PPP$ 20.
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Table 5
Labor market status, estimated marginal effects for men and women.
Source: Authors’ calculations based on MLCS.

Female Male

(1) (2) (3) (4) (5) (6)
Wage-worker Self-empl. Not working Wage-worker Self-empl. Not working

Primary school −0.027 0.045* −0.018 0.081** −0.055 −0.026
(0.027) (0.026) (0.031) (0.040) (0.038) (0.023)

Middle school −0.087*** 0.080*** 0.007 −0.022 0.036 −0.013
(0.030) (0.026) (0.031) (0.041) (0.039) (0.027)

High school −0.106*** 0.021 0.086*** −0.103*** 0.025 0.077***
(0.031) (0.025) (0.031) (0.039) (0.039) (0.028)

Higher education 0.139*** 0.031 −0.170*** −0.003 0.060 −0.058*
(0.032) (0.030) (0.033) (0.044) (0.044) (0.030)

Experience (years) −0.003*** 0.007*** −0.003*** −0.000 0.010*** −0.010***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Ill/Injured 0.019 −0.012 −0.006 0.036 −0.032 −0.004
(0.014) (0.017) (0.016) (0.022) (0.023) (0.012)

Unmarried (%) 0.088*** 0.012 −0.100*** −0.035 −0.042* 0.077***
(0.017) (0.023) (0.021) (0.026) (0.024) (0.013)

Migrant 0.047** −0.007 −0.040** 0.035 −0.017 −0.018
(0.019) (0.022) (0.020) (0.026) (0.025) (0.016)

Spouse −0.030 −0.165*** 0.195*** −0.178* 0.126 0.052
(0.028) (0.031) (0.030) (0.093) (0.103) (0.050)

Child −0.001 −0.098** 0.099*** −0.054* 0.003 0.050**
(0.029) (0.038) (0.033) (0.032) (0.033) (0.020)

Parent −0.096 −0.152 0.249** 0.016 −0.017 0.001
(0.079) (0.095) (0.097) (0.201) (0.203) (0.067)

Sibling 0.062* −0.126*** 0.064 −0.130*** 0.045 0.085***
(0.035) (0.042) (0.044) (0.049) (0.052) (0.028)

Other relative −0.028 −0.117** 0.145*** 0.016 −0.092* 0.076***
(0.036) (0.047) (0.041) (0.057) (0.056) (0.028)

Other unrelated 0.242*** −0.154* −0.088* −0.080 0.159 −0.079***
(0.074) (0.082) (0.050) (0.104) (0.104) (0.018)

Household size (ln) −0.048*** −0.009 0.056*** −0.024 0.032 −0.008
(0.018) (0.021) (0.022) (0.024) (0.024) (0.015)

Share of children 0-4 (%) −0.227*** −0.113 0.341*** −0.059 0.104 −0.045
(0.080) (0.088) (0.073) (0.094) (0.101) (0.070)

Share of children 5-17 (%) −0.110** −0.005 0.116** −0.100* 0.000 0.100***
(0.044) (0.045) (0.048) (0.054) (0.053) (0.031)

Has other income 0.044** −0.047** 0.003 0.097*** −0.072*** −0.024
(0.019) (0.024) (0.020) (0.026) (0.025) (0.015)

Other income (arcsinh) −0.079*** 0.012 0.066*** −0.109*** 0.052* 0.057***
(0.019) (0.025) (0.021) (0.031) (0.030) (0.018)

Note: Weighted estimates using survey weights. The table show the estimated average marginal effects based on multinomial probit
regressions. Region/State indicators are included in the regressions. The reference individual is a married head of household with less
than primary education and no ‘other income’. S/he is an average across States/Regions. The number of observations for each group is
given in Table 1. ***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1.

wages for female and male workers in the two surveys. As seen, the wages, and thus the gender wage gap, makes considerable
discrete jumps at almost all round wage rates.

4. Results

4.1. Selection into wage work, self-employment or not working

We start by examining the selection into wage work, self-employment and not working, using the household information from
the MLCS. Table 5 gives estimated average marginal effects on the selection into labor market status of changes in observed
characteristics for women (columns 1–3) and men (columns 4–6).

The selection model shows how several of the observed characteristics are associated with women’s choices. Specifically, older
women with primary or middle school education have a higher probability of being self-employed whereas younger women with
higher education have a higher probability of being wage workers—while they have a markedly lower probability of being out
of the labor force. Further, unmarried women are more likely to be wage workers and less likely to be self-employed. For the
household demographics we find that spouses have a higher probability of being out of the labor force, which is countered by a
lower probability of being self-employed. Moreover, non-family members living in the household have a much higher probability
of being wage workers. This is in accord with the use of accommodation as a fringe benefit for wage workers in Myanmar (Hansen
11
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et al., 2021). Finally, larger household size and share of small children shifts the probability away from wage work and towards
being out of the labor force.

The model is not as good in terms of identifying factors that predict the men’s choices. In particular, only few characteristics
dentify the selection into wage work from self-employment. Men with low education (primary school) have a higher probability
f being wage workers, but we cannot say if this is from self-employment or being out of the labor force. A significant conditional
redictor of self-employment is age (given as potential experience; age less years of education), which decreases the probability of
ot working, the latter in accordance with the observation that men who are not working are young students. This is also seen from
he result that unmarried men have lower probabilities of being in the labor force.

Having other income is a significant predictor of selection into wage work for both men and women. We have included both
he indicator for households having other income and the amount received, and its square. The amount received is included
sing the inverse hyperbolic sine transformation, which approximates the log-transformation while it allows for zero-valued
bservations (Bellemare & Wichman, 2020). The estimates show that small amounts of other income is associated with a higher
robability of being a wage worker for both men and women. As the amount increases, the probability of being wage worker
ecreases while the probability of not working increases at almost the same rate for women. For men there appears to be an equal
plit of the increased probability between self-employment and not working.

Despite the few characteristics that identify self-employment among men, the model has statistically significant explanatory
ower for both men and women and we use this model to estimate wage offer regressions with selection on unobservables in the
ollowing.

.2. Blinder-Oaxca decomposition of the gender wage gap based on the household survey

Table A.1 in the Appendix gives the regression results for the Human Capital model (Eq. (1)) and the Segregation model (Eq. (2))
ith and without correction for selection into wage work, respectively. The main result is that the parameter estimates are in good
greement with expectations. Specifically, in the Human Capital models we find that increases in educational attainment is associated
ith higher wages for both female and male workers. Moreover, the return to potential experience is about 2 percent for each year

n the beginning and with slowly decreasing marginal returns as the potential experience increases. Occurrence of illness and injuries
s insignificant in all models for both male and female workers. This may be because our measure of health capital is inadequate,
ut it may also be because health conditions in the urban areas are not giving rise to substantial differences in productivity and
age dispersion. Another observations is that unmarried men are penalized compared to married men. Unmarried women appear

o be paid the same as married women. However, there is a significant and large cost for female spouses, so the result is actually
howing that unmarried women earn more than comparable married women. Finally, we find a significant child penalty for female
orkers in the selection adjusted regressions.

Adding sector and occupation information to the wage regression (columns 5–8 in Table A.1) we find that the estimated return
o education decreases, as expected, while the return to potential experience is unchanged. The segregation models also show a
ubstantial premium of almost 20% to workers in private companies compared to workers in household and family firms. In contrast,
en get markedly lower wages in the government sector and SOEs compared to household and family firms while female workers
ave equal wage levels in the two types of enterprises. Finally, we find that men get higher wages if they are on a daily wage
ontract.

We show the Oaxaca–Blinder decompositions of the wage regressions in Table 6. The difference between the female and male
og-wages of −0.352, given in column 1, corresponds to the wage gap of 70.4% reported in Table 4. The difference is split into
n insignificant, positive, composition effect (0.002 log-points) and a statistically significant negative wage structure effect (−0.354

log-points). The detailed decomposition effects in the human capital regression shows that the higher educational level of the female
workers would be associated with higher wages to women than men if the return to education was equal. Although our measure of
education is standard in the literature there are discussions about the adequacy of using completed education as a measure of human
capital (Angrist et al., 2019; Asadullah & Chaudhury, 2015). The problem is that the quality of schooling is not measured, whereby
the estimated return to education may in fact not be related to productive human capital. However, in 2018 the World Bank launched
a new project aiming at obtaining comparable measures of human capital across the low- and middle-income countries (Avitabile
et al., 2020). As part of this project the World Bank has compiled a human capital index for Myanmar and this index includes
harmonized test scores for students, allowing the Bank to calculate learning adjusted years of schooling. The harmonized test scores
show that female students in Myanmar score higher than their male counterparts.8 Hence, we have confidence in assuming that
the higher education level for female workers is reflecting a higher level of human capital. Moreover, we also consider the higher
return to education for female workers to reflect a relatively higher increase in the quality of their human capital.

Adjusting for selection in the human capital regression drastically increases the wage gap because the average wage offer to
women is lower than the observed average while the average offer to men is close to the observed average. This change has,
however, very limited effects on the estimated parameters, apart from the base wage. Thus, the large wage gap is fully attributed
to the wage structure in the human capital regressions.

8 Details can be found at www.worldbank.org/en/publication/human-capital.
12
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Table 6
Decomposition of the gender wage gap at the mean (MLCS).
Source: Authors’ calculations based on MLCS.

Human Capital HC w. selection Segregation Seg. w. selection

log points % of gap log points % of gap log points % of gap log points % of gap

Female wage 8.678 7.989 8.678 8.028
Male wage 9.030 9.044 9.030 9.037
Difference −0.352 −1.055 −0.352 −1.009

(0.030) (0.102) (0.031) (0.080)
Composition 0.002 −0.4 0.012 −1.1 −0.108 30.6 −0.112 11.1

(0.066) (0.067) (0.076) (0.073)
Structure −0.354*** 100.4 −1.067*** 101.1 −0.244*** 69.4 −0.897*** 88.9

(0.071) (0.125) (0.079) (0.109)
Composition effects
State/Region −0.003 0.7 −0.003 0.3 −0.003 1.0 −0.003* 0.3

(0.005) (0.005) (0.004) (0.002)
Education 0.076*** −21.6 0.074*** −7.0 0.056*** −15.8 0.057*** −5.6

(0.015) (0.015) (0.015) (0.014)
Experience −0.030*** 8.4 −0.025*** 2.4 −0.029*** 8.1 −0.031*** 3.1

(0.008) (0.008) (0.008) (0.006)
Health −0.000 0.1 −0.000 0.0 −0.000 0.0 −0.000 0.0

(0.001) (0.001) (0.001) (0.001)
Unmarried −0.024** 6.7 −0.018* 1.7 −0.019* 5.4 −0.022** 2.1

(0.010) (0.011) (0.010) (0.010)
Migrant −0.000 0.0 −0.000 0.0 −0.000 0.0 −0.000 0.0

(0.002) (0.002) (0.002) (0.000)
Demographics −0.018 5.2 −0.015 1.4 −0.031 8.8 −0.031 3.1

(0.066) (0.067) (0.072) (0.070)
Religion 0.000 −0.1 0.000 −0.0 0.000 −0.1 0.000 −0.0

(0.002) (0.002) (0.002) (0.001)
Occupation 0.026 −7.3 0.025 −2.5

(0.022) (0.020)
Sector −0.044* 12.6 −0.044* 4.3

(0.024) (0.023)
Firm type −0.029*** 8.3 −0.029*** 2.9

(0.011) (0.007)
W. contract −0.033*** 9.5 −0.034*** 3.3

(0.012) (0.011)
Wage structure effects
State/Region 0.024 −6.8 0.055* −5.2 0.008 −2.3 0.047 −4.7

(0.029) (0.031) (0.027) (0.030)
Education 0.188** −53.5 0.148 −14.0 0.086 −24.4 0.016 −1.6

(0.086) (0.092) (0.106) (0.103)
Experience −0.109 30.9 −0.168** 15.9 −0.087 24.6 −0.230*** 22.8

(0.068) (0.082) (0.069) (0.077)
Health −0.014 4.1 −0.005 0.5 −0.011 3.0 −0.002 0.2

(0.016) (0.017) (0.016) (0.017)
Unmarried 0.026 −7.4 0.087* −8.3 0.032 −9.0 0.109** −10.8

(0.041) (0.045) (0.040) (0.043)
Migrant 0.032* −9.0 0.056*** −5.3 0.030* −8.6 0.051*** −5.1

(0.018) (0.018) (0.017) (0.018)
Demographics 0.035 −9.8 −0.152 14.4 0.058 −16.4 −0.095 9.5

(0.129) (0.142) (0.127) (0.136)
Religion 0.019* −5.4 0.011 −1.0 0.017* −4.9 0.012 −1.2

(0.012) (0.012) (0.010) (0.010)
Occupation 0.055 −15.7 0.062 −6.1

(0.080) (0.076)
Sector −0.006 1.6 −0.007 0.7

(0.040) (0.039)
Firm type 0.106*** −30.2 0.128*** −12.7

(0.037) (0.035)
W. contract −0.063*** 17.9 −0.066*** 6.5

(0.023) (0.020)
Constant −0.554*** 157.4 −1.098*** 104.1 −0.471** 133.8 −0.922*** 91.4

(0.177) (0.204) (0.204) (0.220)

N Female 1,619 7,384 1,619 7,384
N Male 2,252 5,691 2,252 5,691

Note: The reference individual i married and has less than primary education and no experience. S/he is an average across States/Regions. In the segregation
models s/he works in elementary occupations while averaging over sectors. Weighted estimates using survey weights. ***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1.
13
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Fig. 2. Decomposition of the gender wage gap along the wage distributions. Note: Weighted estimates using sampling weights.
Source: Authors calculations based on MLCS.

Moving to the segregation model, we find a negative composition effect, making up for about 31% of the wage gap. The detailed
decompositions reveal that segregation in occupation has virtually no influence on the wage gap. In contrast, the composition effect
of sector segregation is in line with findings in other countries in that women are working in low wage sectors more often than men,
but the relative importance of sector segregation is much lower than found elsewhere (Oostendorp, 2009). Adjusting for selection
leads to the same increase in the estimated wage gap as found for the human capital model and the increase is fully attributed
to the wage structure. Overall, all four decompositions illustrate how female workers has lower wages than male workers because
their base wage is much lower: about 40% lower (100 ∗ 𝑒−0.5) in the unadjusted regressions and as much as 63% in the selection
adjusted regressions (100 ∗ 𝑒−1).

The large gap in the base wage is confirmed in Fig. 2, in which we plot the wage gap alongside the composition and wage
tructure effects for every 5th percentile in the range 5–95 percent of the distributions, based on the model specifications without
election.9 The figure shows that the composition effect is small and generally unrelated to the gap until the top 20 percent of the

wage distributions for which it shows that women have better skills than men, and thereby would have higher wages if they were
paid equally for the observed attributes. In that sense the female wage distribution in Myanmar has both a sticky floor and a glass
ceiling as depicted by the wage structure curves.

4.3. The gender wage gap in manufacturing firms

Table 7 presents Oaxaca–Blinder decompositions of the wages in the MEMS data, and the underlying regressions are given in
able A.2. The first decomposition is for the human capital specification which is comparable to the corresponding specifications

n Table 6, although we do not have health information and demographic background data. The difference in average log-wages is
0.107 log-points, corresponding to the 89.8 percent gap given in Table 2. The regression results are in accordance with the human
apital regressions in Table 6 apart from the significant effects of location. The location effects are caused by the sampling design
s large firms are located in the main cities, Yangon and Mandalay, and large firms have different female–male wage gap ratios
ompared to smaller firms.

In the second regression (the firm model, Eq. (4)) we add sector indicators to test if segregation within manufacturing has a
ignificant influence on the average wage gap. As seen, this does not appear to be the case. However, the regression confirms the
esult found in other studies that larger firms pay higher wages, and this leads to a large positive composition effect because female
orkers are on average employed in larger firms. A strong countervailing force is that firms with large shares of female workers
ay relatively low wages compared to firms—of the same size—with smaller shares of female workers. We also find that firms with
elatively higher shares of female workers pay lower wages to female workers relative to male workers. In the firm model we have

9 We estimate the percentile decompositions using recentered influence function (RIF) regressions as suggested by Firpo et al. (2009, 2018). Specifically we
14
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Table 7
Decomposition of the gender wage gap at the mean in the manufacturing sector (MEMS).
Source: Authors’ calculations based on MEMS.

Human Capital Firm Firm dummies
Model Model w. mixed workers

log points % of gap log points % of gap log points % of gap

Female wage 8.629 8.629 8.655
Male-wage 8.736 8.736 8.739
Difference −0.107*** 100.0 −0.107*** 100.0 −0.084** 100.0

(0.033) (0.033) (0.034)
Composition 0.029 −27.5 0.013 −12.3 0.017 −19.9

(0.018) (0.025) (0.029)
Structure −0.136*** 127.5 −0.120*** 112.3 −0.101*** 119.9

(0.030) (0.034) (0.028)
Composition Effects
State/Region 0.040*** −37.6 0.026* −24.1

(0.013) (0.013)
Education 0.021** −20.0 0.007 −6.7 −0.002 2.4

(0.010) (0.006) (0.005)
P. experience −0.032*** 30.1

(0.010)
Experience −0.009 8.8 0.000 −0.5

(0.009) (0.019)
Sector 0.036 −33.5

(0.022)
W. contract 0.000 −0.2 −0.001 0.7

(0.003) (0.005)
Firm size, ln 0.061*** −56.9

(0.015)
Female share −0.107*** 100.4

(0.023)
Firm fixed effect 0.019 −22.5

(0.038)
Wage Structure Effects

(0.031) (0.039)
Education 0.018 −16.7 −0.024 22.6 −0.013 15.7

(0.084) (0.079) (0.070)
P. experience −0.046 43.5

(0.040)
Experience −0.008 7.2 0.013 −15.6

(0.044) (0.081)
Sector −0.056* 52.2

(0.030)
W. contract −0.018** 17.1 −0.006 6.9

(0.009) (0.092)
Firm-size, ln 0.004 −3.4

(0.103)
Female share 0.111* −103.9

(0.057)
Firm fixed effect 0.052 −61.3

(0.133)
Constant −0.183* 171.2 −0.140 131.2 −0.147 174.2

(0.100) (0.125) (0.249)

N Female 1686 1686 788
N Male 3362 3362 727

Note: The reference worker has no education and no experience. S/he works as an average across States/Regions and is paid by a daily
wage rate. In the regressions with firm fixed effects both the female and male worker are in an enterprise with 100 workers and 50
percent of each gender. Weighted estimates using survey weights. ***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1.

lso added improved information about the workers as we use the actual experience and tenure—jointly given as ‘Experience’. In
ontrast to the potential experience we find no significant effects of the actual experience in the model. Thus, the main result of the
irst two regressions in Table 7 is that the composition effect is insignificant, such that the gap of about 10% is fully explained by
he wage structure. This is in complete accord with the results obtained using the household survey.

In the third specification in Table 7 we include firm fixed effects to account for the possibility that the wage gap is primarily
aused by segregation into high and low wage firms (Bayard et al., 2003; Blau, 1977; Groshen, 1991; Petersen & Morgan, 1995).
axaca–Blinder decomposition of models with firm specific effects only make sense when firms have both female and male workers.
herefore, we have limited the sample to such firms. The gain is that the wage difference of −0.084 log-points (a female–male
age ratio of 92 percent) is the average wage gap in enterprises where we know both women and men are employed. The small
15
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Table 8
Nearest neighbor matching results for the gender wage gap.
Source: Authors’ calculations based on MEMS.

Broad match Firm Firm
Broad experience and tenure Exact experience and tenure

mean sd/se mean sd/se mean sd/se

Female wage 8.442 0.356 8.380 0.322 8.355 0.331
Predicted wage 8.610 0.224 8.510 0.282 8.486 0.276
NN Difference (ATET) −0.186 0.026 −0.130 0.020 −0.131 0.024
IPW Difference (ATET) −0.178 0.025 −0.135 0.029 −0.160 0.037
Covariate balance (𝑝-value) 0.704

Distribution of the individual differences
Share of negative differences 0.648 0.505 0.508
Share of equal wages 0.010 0.365 0.367
Share of positive difference 0.341 0.130 0.125

N Female 293 200 128
N Male 310 184 118

Note: The broad match has three male neighbor matches per female wage observations with exact match on Region/State, wage period,
education, age (5 year bins) and firm size category. Selection on nearest neighbors within the categories is based on the squared distance
between firm sizes (number of full time employees). The broad within firm match has one male match per female wage observation
and exact match on firm, wage period and education while experience and tenure are matched in bins of 3 years. The tight within firm
match adds exact match on experience and tenure to the broad match criteria. The IPW estimates are based on a logit model predicting
if the worker is a woman based on the attributes used to create the nearest matches. Subsequently the inverse of the probability of
being female is used to compute the weighted averages of the wages.

and statistically insignificant composition effect of the firm fixed effects shows that sorting into high and low wage firms is not a
substantial explanation for this gap.

4.4. Matching female and male workers

We corroborate the results in Table 7 by estimating the wage structure effect using nearest neighbor and inverse probability
eight matching. Thus, we match the female and male workers on the observable attributes and estimate the average wage gap
sing only these matched workers. This estimator is based on the same assumptions as the Oaxaca–Blinder decomposition, but it
oes not require linearity and we can impose a common support such that the thought experiment of what the wage rate would be
f the woman was a man is meaningful in the sense that a man with identical observable attributes actually exists.

Table 8 reports results of the three matching estimators described in Section 2.5. In the first column, denoted broad match, we
ave matched female and male workers based on the Region/State, wage period, education, age (in bins of 5 years), manufacturing
ector and firm size category (micro, small, medium). Thus, all matches of female and male workers are equal in these dimensions.
he balance test given in the Table lends strong support to the assumption of covariate balance and this is also confirmed visually

n Panel A of Fig. 3. To find nearest neighbors within the given strata we minimize the squared difference in the firm size in which
he workers are employed (the Mahalanobis distance). This estimator has slightly more restrictive requirements than the firm model
pecification in Table 7 but it should be a close equivalent. As seen, the estimated gap is −0.186 log-points, which is statistically

significant and somewhat larger than the regression result (−0.101 log-points). The difference is mainly due to the use of sampling
weights in the regressions, whereas the matching estimator does not use weights. The IPW estimate given in Table 8 is only slightly
lower than the nearest neighbor estimate and the standard error is also very close. Hence, the larger estimate is not an artifact of
the specific choice of matching estimator.

To estimate the matching analog of the within-firm conditional wage gap given in the final regression in Table 7 we find exact
matches on wage period, education, experience and tenure within a given firm. We first allow experience and tenure to be in 3-year
bins. This matching reduces the sample of female workers to 200 and we estimate the wage gap using at a single male match based
on 184 male workers (the matching is with replacement). The matched difference is −0.130 log-points and the IPW estimate is close
at −0.135 log-points, with a larger standard error, but still highly significant.

Lastly, we restrict the matching to be exact (same number of years) for experience and tenure. This further reduces the sample
of female workers to 128 and we estimate the wage gap using a single male match based on 118 male workers. Using this matched
sample leads to an estimated wage difference of −0.131 log-points (−0.160 log-points for the IPW estimate). Thus, our strictest
estimate of the effect of being a woman compared to being a man endowed with the same wage contract in terms of wage period,
the same level of education, the same years as wage worker and the same number of years in the same firm is a 13 percent lower
wage. The estimated pure firm effect of −0.101 log-points in Table 7 is close to the matching estimate. Panels B and C in Fig. 3
illustrates how well the strict sample restrictions are doing in terms of balancing the data.
16
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Fig. 3. Kernel density plots of the probabilities of being a female worker based on the characteristics and samples given in Table 8. Note: The densities are
estimated using the triangle kernel function.
Source: Authors’ calculations based on MEMS.

. Conclusion

We use two nationally representative surveys to examine the gender wage gap in urban areas of Myanmar. Our household survey
MCLS) covers workers from all sectors and occupations while our firm survey (MEMS) is a matched employer–employee data set
ith detailed information about production wage workers in micro, small and medium size enterprises in the manufacturing sector.
e use these two surveys to estimate the relative contributions to the overall gender wage gap of (i) differences in educational

evels and the return to education for female and male workers, (ii) gender segregation versus wage structure differences within
ccupations and sectors and (iii) gender segregation versus wage differences within firms in the manufacturing sector.

Even considering the decades of research using labor market data covering almost all countries in Asia our results for Myanmar
tand out as remarkable. In Myanmar, selection into wage work leads to an urban workforce in which the female wage workers
ave higher levels of education than their male counterparts. Thus, according to the Mincerian human capital approach to wage
ormation, female workers should, on average, have higher wages than male workers, unless female workers have lower returns
o education. However, women appear to have higher returns to education, whereby both the composition effect and the wage
tructure effect suggest that female workers should have higher wages than male workers. The two results are noticeable compared
o the labor markets in many other Asian countries.

In Myanmar female wage workers receive substantially lower wages than male workers all along the wage distribution. Two
xplanations with empirical support in many other countries are segregation into different occupations and sectors. In Myanmar,
ccupation segregation is statistically insignificant and if anything it points to higher female wages compared to male wages. The
egregation into different sectors is statistically significant but it explains at most about 13% of the gender wage gap. The sum of the
wo segregation effects is close to zero. As such balance of effects must be accidental, we should expect to see changes in the gender
age gap in coming years. Unfortunately, if the occupation segregation in Myanmar converges towards the structure in many other
ast Asian countries, an increasing wage gap is likely to be observed in Myanmar in the future.

Two effects dominate the wage structure. Female workers have a lower base wage and they get a lower return on experience
ompared to male workers. Overall, the decompositions thus points to discrimination as a core explanation of the wage gap. The
igns of discrimination are reinforced by an analysis of the matched employer–employee data. When we apply the Oaxaca–Blinder
ecomposition on a restricted sample of firms for which we have responses from workers of both sexes and subsequently when
e estimate the pure gender wage gap by nearest neighbor and IPW matching with strict requirements of the matches being for
17
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Table A.1
Wage regressions for female and male workers (MLCS).
Source: Authors’ calculations based on MLCS.

Human Capital HC w. selection Segregation Seg. w. selection

(1) (2) (3) (4) (5) (6) (7) (8)
Female Male Female Male Female Male Female Male

Primary school 0.097 0.137** 0.012 0.135** 0.067 0.123* −0.011 0.123*
(0.083) (0.066) (0.088) (0.066) (0.085) (0.065) (0.089) (0.064)

Middle school 0.234*** 0.095 0.046 0.096 0.123 0.099 −0.066 0.101
(0.079) (0.066) (0.087) (0.066) (0.087) (0.065) (0.092) (0.065)

High school 0.326*** 0.142** 0.115 0.162** 0.216** 0.148** −0.005 0.141**
(0.075) (0.069) (0.086) (0.071) (0.094) (0.069) (0.096) (0.068)

Higher education 0.800*** 0.462*** 0.946*** 0.457*** 0.570*** 0.373*** 0.638*** 0.378***
(0.070) (0.084) (0.083) (0.084) (0.127) (0.089) (0.116) (0.088)

Experience 0.017*** 0.026*** 0.017** 0.020*** 0.019*** 0.027*** 0.017** 0.030***
(0.006) (0.006) (0.007) (0.007) (0.006) (0.006) (0.007) (0.006)

Experience, sq. −0.000** −0.000*** −0.001*** −0.000** −0.000** −0.000*** −0.001*** −0.000***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Ill/Injured −0.077 −0.022 −0.042 −0.022 −0.047 −0.007 −0.016 −0.008
(0.047) (0.040) (0.053) (0.041) (0.047) (0.038) (0.051) (0.038)

Unmarried −0.061 −0.105** 0.066 −0.082* −0.031 −0.085** 0.089 −0.096**
(0.053) (0.045) (0.060) (0.047) (0.052) (0.043) (0.060) (0.043)

Migrant 0.073 −0.057 0.172*** −0.060 0.062 −0.062 0.150** −0.061
(0.058) (0.042) (0.060) (0.042) (0.058) (0.040) (0.060) (0.040)

Spouse −0.192* −0.075 −0.240** −0.062 −0.167* −0.130 −0.196** −0.131
(0.099) (0.253) (0.109) (0.255) (0.089) (0.276) (0.099) (0.271)

Child −0.011 0.073 0.005 0.078 −0.044 0.047 −0.028 0.045
(0.101) (0.059) (0.109) (0.059) (0.093) (0.055) (0.101) (0.054)

Parent 0.168 −0.043 0.002 −0.038 0.102 0.123 −0.033 0.122
(0.153) (0.082) (0.280) (0.083) (0.184) (0.094) (0.293) (0.092)

Sibling 0.031 −0.171* 0.103 −0.152* −0.004 −0.168** 0.063 −0.173**
(0.124) (0.088) (0.130) (0.090) (0.113) (0.082) (0.120) (0.082)

Other relative −0.064 0.042 −0.122 0.058 −0.088 0.074 −0.136 0.065
(0.118) (0.094) (0.128) (0.095) (0.110) (0.091) (0.119) (0.089)

Other unrelated 0.064 0.058 0.380** 0.016 0.068 0.233 0.368** 0.257
(0.177) (0.150) (0.192) (0.157) (0.174) (0.167) (0.187) (0.165)

Christian 0.319** 0.005 0.293* 0.019 0.242* −0.018 0.235* −0.028
(0.146) (0.100) (0.151) (0.099) (0.127) (0.080) (0.137) (0.078)

Muslim −0.097 −0.039 −0.337 −0.041 −0.014 −0.047 −0.221 −0.043
(0.232) (0.103) (0.231) (0.103) (0.203) (0.093) (0.191) (0.092)

Other 0.606* −0.149 0.471 −0.112 0.401 −0.191 0.319 −0.206
(0.350) (0.186) (0.470) (0.190) (0.374) (0.202) (0.476) (0.199)

Household size (ln) 0.014 −0.082 −0.071 −0.082 0.013 −0.069 −0.068 −0.068
(0.061) (0.054) (0.070) (0.054) (0.056) (0.051) (0.063) (0.050)

Children 0–4 −0.334 0.180 −0.758*** 0.187 −0.157 0.126 −0.557** 0.126
(0.226) (0.196) (0.258) (0.195) (0.233) (0.191) (0.258) (0.188)

Children 5–17 −0.109 −0.026 −0.287** 0.016 −0.024 −0.098 −0.183 −0.116
(0.119) (0.097) (0.142) (0.102) (0.112) (0.094) (0.132) (0.093)

Private company 0.206*** 0.178*** 0.221*** 0.179***
(0.070) (0.050) (0.062) (0.049)

Government/SOE 0.029 −0.392*** 0.108 −0.393***
(0.075) (0.066) (0.075) (0.065)

Other 0.125 −0.024 0.092 −0.023
(0.161) (0.171) (0.163) (0.168)

W. contract −0.136 0.151*** −0.149* 0.153***
(0.089) (0.052) (0.076) (0.052)

Constant 8.146*** 8.700*** 7.646*** 8.745*** 8.141*** 8.612*** 7.676*** 8.598***
(0.142) (0.106) (0.168) (0.116) (0.163) (0.122) (0.184) (0.120)

State/Region Yes Yes Yes Yes Yes Yes Yes Yes
Sector No No No No Yes Yes Yes Yes
Occupation No No No No Yes Yes Yes Yes

(continued on next page)

production workers in the same firms, having the same level of education, the same years of experience and the same tenure within
the firm, we obtain estimates indicating that the average pure wage gap is about 13 percent in the manufacturing sector.

The future development in Myanmar is highly uncertain. Previous governments have since 2010 introduced a large number
of new labor laws and regulations including an introduction of a minimum wage for certain employees in 2015 and a Payment
of Wages Act in 2016. It is unclear how such changes in the labor market regulation will affect the future gender wage gap in
18
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*

Table A.1 (continued).
Human Capital HC w. selection Segregation Seg. w. selection

(1) (2) (3) (4) (5) (6) (7) (8)
Female Male Female Male Female Male Female Male

Self-employed �̃�12 −0.935*** −0.022 −1.006*** 0.044
(0.126) (0.164) (0.110) (0.115)

Not working�̃�13 −0.911*** 0.238 −0.855*** −0.109
(0.117) (0.151) (0.117) (.)

Joint test of correlation
𝑝-value 0.000 0.195 0.000 0.703

Observations 1,619 2,252 7,384 5,691 1,619 2,252 7,384 5,691

Note: Weighted estimates using survey weights. The reference individual has less than primary education and no experience. S/he is working in a household/family
firm. �̃� = 1

2
ln ((1 + 𝜌)∕(1 − 𝜌)) where 𝜌 is the correlation between the errors in the wage equation and the errors in the labor status equations. ***𝑝 < 0.01, **𝑝 < 0.05,

𝑝 < 0.1.

Table A.2
Wage regressions for female and male workers (MEMS).
Source: Authors’ calculations based on MLCS.

Human Capital Firm Model Firms w. mixed workers

(1) (2) (3) (4) (5) (6)
Female Male Female Male Female Male

Primary school −0.055 0.023 −0.033 0.030 −0.160*** −0.026
(0.064) (0.033) (0.061) (0.035) (0.045) (0.070)

Middle school 0.018 0.087** −0.013 0.049 0.005 0.026
(0.069) (0.037) (0.065) (0.036) (0.057) (0.068)

High school 0.098 0.133*** −0.016 0.037 −0.067** −0.024
(0.069) (0.043) (0.065) (0.041) (0.034) (0.070)

Higher education 0.224*** 0.305*** 0.086 0.143** −0.057 0.080
(0.083) (0.067) (0.075) (0.063) (0.054) (0.097)

Potential experience 0.022*** 0.032***
(0.004) (0.003)

Pot. experience, sq −0.000*** −0.001***
(0.000) (0.000)

Experience 0.003 0.013** 0.005 −0.013
(0.006) (0.006) (0.010) (0.015)

Experience, sq 0.000 −0.000 −0.000 0.001
(0.000) (0.000) (0.000) (0.000)

Tenure 0.024*** 0.019*** 0.020 0.042**
(0.009) (0.007) (0.015) (0.021)

Tenure, sq −0.001** −0.001** −0.000 −0.001
(0.000) (0.000) (0.001) (0.001)

W. contract −0.057 0.014 −0.139 0.401
(0.044) (0.026) (0.147) (0.364)

Firm size, ln 0.071*** 0.079***
(0.020) (0.012)

Female share −0.158** −0.298***
(0.067) (0.055)

Constant 8.187*** 8.290*** 8.284*** 8.347*** 8.403*** 8.241***
(0.069) (0.046) (0.104) (0.050) (0.113) (0.186)

State/Region Yes Yes Yes Yes No No
Sector No No Yes Yes No No
Firm No No No No Yes Yes

Observations 1,686 3,362 1,686 3,362 788 727

Note: Weighted estimates using survey weights. The reference individual has less than primary education and no experience. ***𝑝 < 0.01,
**𝑝 < 0.05, *𝑝 < 0.1.

Myanmar. Moreover, the political situation is unsettled. Thus, the results presented in this study only provide a snapshot, and more
analyses of the labor market conditions in Myanmar will be needed in the future.
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