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Abstract

We analyze a sample of nearly 40,000 gender-targeted online job vacancies in
Vietnam from February 2019 to July 2020 to estimate wage offer premia for physi-
cal attractiveness and how they vary between genders. Specifically, we compare the
monthly wages offered in matched vacancies with and without attractiveness re-
quirements for job advertisements targeting men and women separately. Our find-
ings indicate that physically attractive women are offered a wage premium of about
five percentage points, whereas physically attractive men are not. Further analysis
reveals that gender differences in the wage offer premia to physical attractiveness are
mainly driven by attitudes toward gender roles and the perceived lack of fit rather
than by the potential productivity-enhancing effects of physical attractiveness in cer-
tain occupations.
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Highlights
* Physically more attractive women are offered 5% higher salary than less attractive
women in online job postings.
¢ No such premium is found for men.

¢ This “beauty premium” for women is mainly present in the Northern region, where

more traditional attitudes toward gender roles persist.

¢ The largest premia are observed in job postings with the lowest experience require-

ments and lowest job positions.

* These premia are also present in occupations with minimal interpersonal interac-

tions, where physical beauty is not a productivity-enhancing trait.



1 Introduction

Several studies have documented a relationship between physical appearance and earn-
ings. One pivotal study by Hamermesh and Biddle (1994) established the groundwork
for subsequent research. Using interviewers’ ratings of respondents’ physical appear-
ance, it shows that physically less attractive individuals typically earn less than those
with average looks, who, in turn, earn less than those considered good-looking. Better-
looking individuals also have higher status in the workplace (Hamermesh, 2006) or a
higher probability of employment (Babin et al., 2024). The effect of physical appearance
on earnings has also been shown to vary between genders and occupationsﬂ

Previous literature has predominantly focused on realized wages. In this study, we
focus instead on the impact of physical attractiveness on posted wages, a dimension that
has received comparatively less attention. Unlike wages, which reflect a market out-
come, the relationship between posted wages and stated physical attractiveness pref-
erences in job postings can be thought of as directly revealing how employers price
physical attractiveness before adjusting wages for workers’ idiosyncratic characteristics
that may be observable to them but not to the analyst. Additionally, the information
contained in job postings can enable us to account for important sources of variation,
including the detailed roles involved and the specific skills required for each position.
This type of information is often scarce for realized wages but is essential for arriving at
unbiased estimates of wage disparities (Christl and Koppl-Turyna, 2020).

Our analysis relies on online job advertisements in the Vietnamese labor market. This
is a powerful laboratory for exploring gender differentials in returns to physical attrac-
tiveness, for three reasons. First, while stating a preference for a specific gender or phys-
ical appearance is uncommon in most developed countries due to stricter legal frame-
works, it remains common practice in many developing countries, including Vietnam.
Second, online vacancy datasets often do not include remuneration data (e.g., Brencic,
2012; Marinescu and Wolthoff, 2020), but including salary information is common on
Vietnamese job boards. Finally, gender stereotypes and traditional family /social norms
persist in Vietnam and still heavily influence economic decision-making. The regional
disparity in gender norms and attitudes between the Northern and Southern regions
provides an additional source of variation that allows us to investigate the mechanisms

through which physical attractiveness is valued differently in female and male workers.

!Doorley and Sierminska (2015) find that the male beauty premium is present throughout the wage
distribution, while the female beauty premium is concentrated at the bottom of the wage distribution.
Other studies do not find attractiveness effects among men but rather a significant premium of about 2%
for attractive females (Patacchini et al., 2014). Deryugina and Shurchkov (2015) find that the attractiveness
premium in a particular job depends on the extent to which the job involves interaction with others.



The online job postings in our dataset are automatically collected from a leading job
board in Vietnam over the period from February 2019 to July 2020. Nearly 40,000 gender-
targeted job vacancies cover ninety-seven job designations in high- and low-skilled la-
bor market segments. The postings include information on the required education level,
experience level, job position, and place of work. There is a high occurrence of gender-
biased job postings (nearly one-third) and a non-trivial occurrence of requests for phys-
ical attractiveness (10% of male-targeted and 29.2% of female-targeted ads). More than
half of the postings (52.41%) also specify the level of monthly pay.

To estimate the pay offer premium associated with physical attractiveness, we first
quantify the preferences for gender and attractiveness in each posting as revealed by
the textual information in the posting, using a text-matching technique that employs
a sentence-level text transformer. To ensure comparability, we pre-match all job post-
ings by narrowly defined job titles so that each matched pair represents identical job
roles. We then study how the advertised pay level varies with gender and attractiveness
preferences within matched posting pairs that differ in their physical attractiveness re-
quirements but are similar in other dimensions, making them equally likely to include
physical attractiveness requirements based on their other characteristics.

When we abstract from job postings that do not include wage information, our esti-
mates suggest beauty premia of 3.7-5.2 percentage points for women and a small but sta-
tistically significant negative premium for men. Moreover, the wage offer premium for
physically attractive women is highest in job advertisements with minimal experience
requirements, gradually diminishing as experience requirements increase and eventu-
ally turning into a penalty for positions requiring more than five years of experience.

However, if we simply excluded postings that omit salary information from the anal-
ysis (a significant fraction of our sample), we would neglect the selection bias that could
potentially arise from differences in unobservable characteristics between job postings
that contain salary information and those that do not. Specifically, as shown by Bren¢ic¢
(2012), employers are systematically less likely to post a wage offer when trying to
fill high-skill vacancies. To address this, we derive a second set of estimates using a
Heckman-type two-step procedure. The first step involves estimating a Probit model
to predict the probability of quoting a salary, generating estimates for the Inverse Mills
Ratio (IMR). These IMR estimates are then incorporated into the second step matching
procedure, alongside textual information, and are also included in the wage equations
in the second stageﬂ When using this procedure, the beauty premium for women rises

to 5.4 percentage points. Additionally, the negative premium for jobs with the highest

2To the best of our knowledge, our study is the first in this literature to use a Heckman two-step
correction to improve the accuracy of estimates of premia for physical attractiveness.



experience requirements vanishes, suggesting a strong selection bias against including
salary information in postings for jobs of this type.

We find no difference when we compare postings for positions that require interper-
sonal interactions—where physical appearance could be directly associated with higher
productivity—with those for positions involving minimal interpersonal interactions.
This finding indicates that the premium we estimate is unlikely to reflect a positive
productivity-enhancing effect of physical attractiveness. We find no evidence for either
the view that employers who engage in frequent and extensive job postings tend to use
similar job descriptions for all positions or that the beauty premium can be attributed to
noise or negligence by employers in job postings.

Our findings of a gender differential in the beauty premium align with the existing
evidence (French, 2002; Babin et al., 2020). Possible explanations for this gender gap
include differences in traditional gender roles (Anastasi, 1981). Indeed, focusing on
historically determined regional disparities in attitudes towards gender roles, as proxied
by sex ratio imbalances and cultural disparities between the Northern and Southern
regions, we find evidence that traditional norms play some roleﬂ

Our study builds on and contributes to three additional strands of literature. The
first strand is the broad literature that uses online vacancies to identify sources of wage
offer disparities. For example, using online job vacancies collected from a job board of
the public employment administration in Austria, Ziegler (2020) finds that managerial
and analytical skills have the largest explanatory power in pay. Using Mexican online
job posting data, Arceo-Gomez et al. (2020) identify implicit gender stereotype content
in the job ad text and show that the gender wage gap appears larger in implicitly gender-
targeted ads than in explicit ones. Marinescu and Wolthoff (2020) use vacancy data from
a leading US job board and document the role of words in the job title in explaining the
variance in posted wages. Our contribution to this literature is examining a previously
unexplored predictor of wage offers: gender roles and attitudes that shape employers’
preferences for physically attractive female workers. Unlike prior research that primar-
ily explores observable or measurable job skills and worker characteristics, our study
focuses on a socio-cultural dimension.

The work closest to ours is Arceo-Gomez et al. (2022), which also examines the ef-
fect of physical appearance requirements on wage offers in gender-targeted vacancies.

However, it should be noted that there are notable distinctions between the two studies.

3 Another factor that might contribute to this gender differential is that men are more likely to hold high
positions in the workplace and so any gender-neutral preference for physically attractive subordinates
of the opposite sex translates into a stronger beauty premium for women on average (Haveman and
Beresford, 2012).



First, using vacancies from three different Mexican job search websites, Arceo-Gomez et
al. (2020) find beauty premia in both female-targeted and male-targeted advertisements
across all three platforms. However, the findings regarding whether beauty premia are
greater for women compared to men show inconsistent results. In contrast, we focus
on the differences in beauty premia between genders and show that good looks have
stronger wage implications for women than for men. Second, we provide evidence that
gender role attitudes serve as the channel through which physical attractiveness plays a
more crucial role in women-biased vacancies than in men-biased ones.

Also relevant to our work is the long-standing strand of literature on the conse-
quences of gender role norms on women’s labor market outcomes, such as labor supply,
employment, earnings, and career advancement opportunities. These studies have pri-
marily focused on traditional gender roles, placing household and family responsibili-
ties largely on women, which in turn limits their participation in the labor market. As
a result, women tend to work shorter or more irregular hours compared to men, take
career breaks more frequently, and sort into different occupations and industries (e.g.,
Eagly and Karau, 2002; Alesina et al., 2013; Bertrand, 2018). For example, Cavapozzi et
al. (2021) study the impact of peers’ attitudes toward gender roles on the labor supply
of UK mothers and find that mothers who have peers with gender-egalitarian norms
are more likely to have a paid job and contribute a larger share of the total paid hours
worked within their household. We complement these contributions by examining the
impact of gender role attitudes on the wages offered to women depending on their phys-
ical attractiveness.

Finally, this paper is related to the growing economic literature that applies seman-
tic similarity algorithms for causal inference. For instance, Ehrmann and Talmi (2020)
analyze central banks’ press release data and find that higher text similarity among sub-
sequent press releases is associated with lower financial market volatility. Employing
data on public comments on U.S. federal regulatory rulemaking, Bertrand et al. (2021)
provide evidence that foundations’ charitable grants reach targeted nonprofits just be-
fore those nonprofits engage in public commentary. The comments made by firms and
non-profits appear to have some systematic similarity in their content. Existing stud-
ies use different algorithms to convert words or documents into vector representations,
such as the bag-of-words model (representing a document as a count vector of its con-
stituent words) or word embedding models (e.g., GloVe and Word2Vec, which produce
embeddings that are similar for words appearing in similar corpus contexts). Yet, a
limitation of these methods is their context independence, whereby they assign only a
tixed vector to a word regardless of its position in a sentence and the different mean-

ings it might have. We make a methodological contribution to this literature by utilizing



BERT, the state-of-the-art sequence embedding model. This model allows the meaning
of a word to depend on its neighboring words, thus better capturing subtle nuances in
meaning and producing more accurate representations of words within their contexts.
The remainder of the paper is structured as follows: Section 2 describes the insti-
tutional background and the dataset employed in our analysis, Section 3 outlines our

empirical strategy, Section 4 presents our findings, Section 5 concludes.

2 Data

2.1 Institutional background

The Vietnamese labor market is one of the largest in Southeast Asia, comprising approx-
imately 56 million people. Despite the nation’s rapid economic growth, the economic
empowerment of women remains a challenge. The gender gap in labor force partici-
pation has been stable, with females having a consistently lower participation rate than
males (World Bank). In 2020, the labor force participation rate was 75% among females
and 84% among malesﬁ

Compared to other countries at a similar stage of development, Vietnam also has
a markedly high Sex Ratio at Birth (SRB, i.e., the ratio of male to female births), with
significant variation across regions. In 2018, among the six regions, the highest estimated
SRBs are observed in the Northern areas (Chao et al., 2021), specifically the Red River
Delta (1.141) and the Northern Midlands and Mountain areas (1.131). The Southern
regions, including the Mekong River Delta (1.072) and the Central Highlands (1.068),
have the lowest estimated SRBs. The remaining two regions, the Southeast and the
Northern Central /Central Coastal Areas have ratios of 1.122 and 1.116, respectively.

Income and salary levels in Vietnam exhibit considerable gender-based disparities.
In 2019, the average monthly income for salaried workers amounted to VND 7 million,
with males earning 1.2 times more than their female counterparts. This is partly at-
tributed to the fact that, despite representing roughly 45% of the labor force, working
women in Vietnam are underrepresented in the top positions. Additionally, a signif-
icant gender gap exists in educational attainment, with males averaging 7.52 years of
education compared to 6.94 years among females, according to the 2010 Vietnamese
Household Survey (Duong, 2015).

Gender-based discrimination in the workplace is explicitly prohibited in Viethamese

law. Vietnam’s 2012 Labor Code, for instance, safeguards “female employees’ right to

4Source: https://data.worldbank.org/indicator/SL.TLF.ACTI.MA.ZS?1locations=VN, accessible
10t November 2024.
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work on an equality basis” and requires employers to “ensure the implementation of
gender equality and measures to promote gender equality in recruitment, employment,
training, working hours, and rest periods, wages, and other policies”. The Law on Gen-
der Equality further emphasizes equal treatment for men and women in various aspects
of employment, including recruitment, wages, pay and bonuses, social insurance, work-
ing conditions, training, and promotion. Additionally, according to the 2012 Labor Code
(Prohibited Act 1, Article 8), employers are prohibited from performing discrimination
at work based on workers’ disabilities, gender, marital status, race, or skin color.

While these laws and policies establish a robust legal framework to prevent gender-
based discrimination, their practical implementation remains a challenge. For instance,
despite legal provisions in the 2012 Labor Code explicitly stating that maternity leave
should be considered part of an employee’s length of service, the survey evidence shows
that a substantial 40 percent of Viethamese employers do not comply with this require-
ment (ILO, 2015).

2.2 Data collection and processing

Our dataset contains publicly available job vacancies collected from one of the most
widely accessed Vietnamese online job boards over the seventeen-month period from
February 2019 to July 2020. Online vacancy data has been shown to offer several ad-
vantages for labor market research. Compared to traditional methods such as employer,
employee and household surveys, collecting web-based data has the advantage of being
time- and cost-effective (Steinmetz et al., 2014). Additionally, thanks to both the nature
of the data (i.e., granular and high frequency) and the use of new textual analytic meth-
ods (e.g., Natural Language Processing), the content of online job posts can provide new
and more detailed information than that provided by traditional data sources (Kurekova
et al., 2015).

To construct our dataset, we wrote a Python script to automatically scrape vacan-
cies from the job portal every week. A typical job vacancy contains detailed informa-
tion, including job title, category, job level, job type, work location, job description,
preferred gender, education level, experience level, job requirements, offered monthly
salary, firm’s name, and number of employees. Since we cannot track whether a va-
cancy is filled, we rely on the ID number assigned to each job posting to identify unique
vacancies and eliminate duplicates.

Our full sample consists of 259,633 full-time job postings. Of these, 137,142 quote a
salary (at a level either matching or above the statutory minimum wage), while 122,491

do not include salary information. As shown in Table 1—and consistent with the find-



ings of Brenci¢ (2012) and Banfi and Villena-Roldan (2019)—postings that do not quote
a salary tend to have higher skill requirements compared to those with salary informa-
tion. For instance, positions with salary information often require only a high school
education, while those without salary information more frequently demand a univer-
sity degree and are often managerial positions. The proportion of job postings with and
without salary information also varies across locations, with job postings containing
salary information being more prevalent in the two largest cities, Ha Noi and Ho Chi

Minh City, and those without salary information being more common in smaller cities.
[Table 1 here]

Table 2 reports the proportions of job postings that mention physical attractiveness
preferences for the two sub-samples (with and without salary information). Job postings
without salary information are less likely to mention physical attractiveness preferences,
and a smaller proportion of them are gender-targeted—in line with the findings of Kuhn
and Shen (2013). For instance, among positions requiring a high school education, 31.9%
of job postings with salary information mention looks, while only 19.2% of those with-
out salary information do so. This pattern holds across vocational training, associate
degree, university degree, and other education categories. However, as skill require-
ments increase, the likelihood of specifying physical attractiveness preferences tends to
decrease, independently of whether salary information is provided.

In terms of job position, for both new entry/internship and non-managerial jobs we
see attractiveness requirements mentioned more frequently in postings with salary in-
formation than in corresponding postings without salary information. Similarly, across
experience levels and locations, attractiveness requirements are consistently mentioned
more often in postings that include salary information, is in line with previous literature
tindings (Kuhn and Shen, 2013; Chaturvedi et al., 2024).

[Table 2 here]

As the focus of our paper is on the wage offer returns to physical appearance, our
estimates are mostly based on the subsample of job postings with salary information.
However, in some specifications, we incorporate a first-stage selection stage based on
the full sample.

In the subsample of vacancies explicitly quoting salary, 12.3% of the job posts men-
tion physical attractiveness as a requirement. Besides physical appearance, 28.4% of all
postings mention an explicit requirement for a specific gender. Among these gender-

targeted ads, nearly two-thirds of job ads report a preference for male candidates. Since



our analysis focuses on gender differentials in beauty premia, we restrict our sample to
vacancies that state a preference for a specific gender (i.e., male- or female-targeted ads).
In total, we have a sample of 38,945 unique gender-targeted job ads including salary
information, with attractiveness preferences present in 10% of men-targeted and 29.2%
of women-targeted ads.

Overall, as shown in Appendix Table A3, gender-specified job ads are more likely
to require a lower level of education and are less likely to target university graduates
compared to job postings that do not specify gender. These gender-specific job postings
also tend to be for new entry and non-managerial positions, with fewer targeting man-
agerial roles. Similarly, job postings that ask for good looks are less likely to require a
high level of education, require less work experience, and are often for new entry and
non-managerial positions compared to job ads that do not specify physical attractive-
ness.

We put the data through a few reconciliation and cleaning steps. We first convert the
salary amounts quoted in US dollars to Viethamese dong using the daily exchange rate
when the job ad is first posted. For job ads quoting a range of salaries, we calculate the
average wage Additionally, we restrict our analysis to postings that offer a salary at
least as much as the obligatory minimum wageﬁ

We perform further processing steps at the vacancy level. The job title itself can
explain a large proportion of the variation in posted salaries and reflect the level of
education, experience, and specialization of different jobs. Hence, for each posting, we
use the text referring to the job type to classify vacancies into 97 different narrowly
defined job titlesﬂ We also process any text that refers to the industry where the vacancy
is to classify vacancies into 43 separate industries and categorize the size of recruiting
tirms based on the number of their employees. As shown in Figure A1, most job ads are
posted by medium-sized companies with 100 to 499 employees.

We also use pyvi, a natural language processing Python package, to extract a set of
all unique keywords referring to the required skills from the unstructured text of job
requirements. From this set of keywords, those that indicate skills are selected and cate-
gorized into twelve different skill groups. Our first ten skill groups are defined accord-
ing to Deming and Kahn (2018), including cognitive, social, character, writing, customer

service, project management, people management, financial, computer (general), and

SResults for baseline regressions (reported in Appendix Table A7 and A8) remain robust when we
choose the minimum and maximum wage levels instead.

5The minimum wage is set at VND 2,920,000 according to the Decree number 157/2018/ND-CP (ef-
fective since the 15t of January 2019).

“The full list of job titles is reported in Appendix Table Al.



software (specific). To better reflect the skill demands in the Vietnamese labor market,
two additional skill groups have been incorporated: foreign language skills and artistic
skills. We consider a vacancy as requiring a particular skill group if it contains one or
more keywords or phrases listed in that group. The list of specific examples of keywords
for each skill category is found in Appendix Table A2. This text-scanning approach is
also applied to obtain information on preferences for physical appearance. We cate-
gorize a job posting as indicating a preference for physical attractiveness if it includes
one or more keywords indicating physical attractiveness in Vietnamese, such as “pretty

an

face,” “(physically) attractive,” “good-looking,” etc

For each posting, we also extract information on the vacancy’s geographical location
(city and province) from the text of the job ad. As can be seen from Figure A2, most
advertised jobs are located in Ha Noi and Ho Chi Minh City (HCM). This is not surpris-
ing, given that those cities are the two major cities in Vietnam in terms of politics and
economics. Other locations with high shares of vacancies, such as Da Nang, Hai Phong,
Binh Duong, and Bac Ninh, are industrialized or port cities. For simplicity, we classify
vacancies into three location categories: Ha Noi, HCM, and other cities.

While online vacancy data shows great promise for labor economics research, there
are several limitations that should be acknowledged. First, online job postings do not
cover all sectors and industries of the labor market, nor do they include public sector
jobs (Pham et al., 2023). Second, job postings for more highly educated workers are
overrepresented (Carnevale et al., 2014). Indeed, most job postings in our data require
candidates with a degree or specialized training (95.5% of the sample), compared to an

estimated 27% of workers who had a degree or training certificate in 2023E|

2.3 Gender-targeted job postings

We can pick up some patterns from the bivariate correlations for each pair of job charac-
teristics and skill requirements reported in Appendix Table A4. First, cognitive, writing,
people management, and project management skills are positively correlated with each
other, with education and years of experience, and with most of the other nine job skills.

8We use a comprehensive list of synonyms for the term “beauty” or “attractive” sourced from the
Vietnamese dictionary. Height and age are only two dimensions of physical appearance and do not ad-
equately capture the complexities of physical attractiveness (Mavisakalyan, 2018). Hence, we do not
include height and age-related terms in our selection of beauty keywords. Instead, we report results from
models that control for height and age requirements in Online Appendix Table A6 and find that results
for the beauty effects remain consistent with those from our main models.

Source: https://www.vietnam-briefing.com/news/vietnams-1labor-market-moving-into-2024.
html/, accessible 10! November 2024.
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This finding implies that they are general skills that are viewed as essential by employ-
ers across a wide range of occupations and industries. Second, the correlations between
attractiveness preference and the requirements for education, experience, and job posi-
tion are mostly negative, suggesting that physical attractiveness preferences are more
likely to feature in postings for low-skilled jobs.

Table 3 provides summary statistics of required education, experience, and job level
variables for subsamples of female- and male-targeted vacancies. On average, postings
preferring women offer 12.7% lower salaries (i.e., VND 7,752,873) than postings prefer-
ring men (i.e., VND 8,882,292). Many gender-targeted vacancies target educated and
early-career candidates with little to no work experience. Notably, only a marginal pro-
portion of job vacancies for men (i.e., 0.6%) and for women (i.e., 0.2%) do not mention
a specific education level. Among those that specify education levels in both men and
women subsamples, nearly one-third of the job ads require an associate degree, and
one-fifth require a bachelor’s degree. Further, around 40% of job postings ask for less
than one year of experience. The number of gender-targeted vacancies decreases as the
required years of experience increase. Regarding job level, the majority of our postings
(i.e., 84.7% and 88.7% for male and female-targeted postings, respectively) seek candi-
dates for non-managerial/employee positions, and only a limited number of jobs are

advertised for new entry and managerial positions.
[Table 3 here]

Table 4 provides summary statistics of job location and required skill variables for
subsamples of female- and male-targeted vacancies. A significant share of gender- tar-
geted job postings is concentrated in the two largest cities. In terms of requested skills,
many postings prioritize character and social skills. In contrast, more specialized skills,
such as financial expertise, people management, artistic abilities, and writing skills, are

among the least frequently mentioned.
[Table 4 here]

According to Table 5, stating preferences for good looks is more likely in jobs requir-
ing a lower level of education and experience and those in non-managerial positions.
For example, among men-targeted ads, nearly 20% of those looking for intern/entry-
level employees require good looks, while only 4% of those looking for managers men-
tion such a requirement. Similarly, among women-targeted ads, nearly one-third of
those looking for non-managerial positions targeting physically attractive candidates,

whereas 13.4% of those looking for managers include such a preference.

10



Ads for jobs in the two biggest cities ask for good looks as often as those in smaller
towns. Interestingly, the statistics reported in Table 5 also reflect the gender differential
in employers’ preferences for physical attractiveness. Overall, the share of job postings
asking for good-looking candidates among female-targeted ads is much higher than
among male-targeted ads across all job types. For example, among job ads requiring
one to two years of experience, the presence of physical attractiveness requirements in
job postings targeting women is nearly ten times that in job postings targeting men (i.e.,
35.5% vs. 3.7%).

[Table 5 here]

Further, the statistics on the frequency of requiring good looks by job industries,
plotted in Appendix Figure A3, reveal that physical appearance plays a more important
role for women than for men in most job sectors. Specifically, the frequency of stating
physical appearance requirements in women-targeted postings is much higher than in
men-targeted postings in the majority of industries, except for the IT sector, where the
frequency of requiring good looks is substantially higher for menm This finding is con-
sistent with Kuhn and Shen (2013), Ningrum et al. (2020), and Chaturvedi et al.(2024),
who document that employers are more likely to require good looks in female-targeted
job ads compared to male-targeted job ads.

To investigate which specific job requirements and characteristics of vacancies are
correlated with physical appearance preferences, we use the following Probit model:

Pr (Attractivenessit =1| X) = <I>(ﬁo + Skill;; By + <Controls>; 5 + Quarter, + Industrys(i)

+ Occupation, ;) + Firm_sizeg ;) + €it), 1)

where i and ¢ refer to the job posting and posted time (quarter), s(i) is the industry that
the firm posting the ad belongs to, o(i) the occupation the posting is for, and cumulative
standard normal distribution function, i.e., standard normal distribution N (0,1). At-
tractiveness is an indicator variable that equals one if the employer states a preference
for physically attractive candidates and zero otherwise. Skill is a vector of twelve skill
indicator variables (i.e., cognitive, social, character, writing, customer service, project
management, people management, financial, computer, software, language and artistic),
each of which indicates whether a certain skill appears in the job requirement. Moreover,

we include in the model a set of control variables, including indicators for experience

107t is noteworthy that the IT job category is mostly made up by customer IT support technician occu-
pation, which is mainly men-targeted and often requires good-looking since it involves substantial direct
customer interactions.

11



level, education level, work location and job level. We also include quarter, job title,
industry, and firm size controls. Detailed definitions of our variables are reported in
Appendix Table A4.

Estimation results from (1), reported in Table 6, suggest that jobs requiring higher
education levels are less likely to ask for good-looking candidates. For instance, among
female-targeted ads, a posting requiring an associate degree or university degree is re-
spectively 5.7% and 5.2% less likely to ask for good looks compared to a posting requir-
ing a high school degree. Similar findings are evident among male-targeted ads, where
the probability of stating a preference for good looks decreases by 4.7% to 5.0% when an
education level higher than high school is required.

[Table 6 here]

Turning to the level of experience, we observe that job postings targeting highly ex-
perienced candidates are less likely to state preferences about physical attractiveness,
especially among men-targeted postings. Specifically, among men-targeted postings,
compared to postings requiring zero to less than one year of work experience, those re-
quiring 1-2 years of experience exhibit a 2.6% lower likelihood of targeting attractive
candidates. This pattern is less clear for women-targeted postings. In fact, the chance
of a vacancy mentioning physical attractiveness increases by 4.5% and 3.3% when the
required experience is 1-2 years and 2-5 years, respectively, compared to postings tar-
geting early career candidates with less than one year of experience. When the required
work experience exceeds five years, the likelihood of stating preferences for physical
attractiveness appears to be lower, although the estimated coefficient is not statistically
significant.

With regard to job positions, vacancies at the managerial level are less likely to seek
good candidates, especially among female-targeted advertisements. Specifically, com-
pared to entry-level jobs, the preference for attractive candidates in vacancies for man-
agerial roles is 14% lower among female-targeted postings. Among men-targeted ads,
the probability of asking for physical attractiveness is similar across job positions.

With regard to work location, interestingly, amongst postings targeting women, those
for jobs located in the capital city Ha Noi have a 1.4% lower likelihood of targeting phys-
ically attractive job seekers. In contrast, among men’s ads, those located in Ha Noi have
a 2. 6% higher likelihood of preferring physically attractive candidates.

Physical appearance requirements are comparatively more likely in postings asking
for managerial skills (i.e., project and people management) and soft skills (e.g., artistic,
character, and social skills). In contrast, vacancies requiring hard skills such as soft-

ware, cognitive, and foreign language skills are associated with a reduced preference
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for physically attractive candidates. This finding might indicate a sorting of preferences
for physical attractiveness, which appears more often for tasks/occupations involving
more interpersonal interactions among women-targeted postings. For male-biased ads,
postings for job requiring hard skills (e.g., financial and cognitive skills) and soft skills
(e.g., character and social skills) are more likely to include preferences for physical at-
tractiveness than those requiring basic computer, project management, language, cus-

tomer service, and writing skills.

3 Estimating the effects of physical appearance on posted

wages

3.1 Matching

Our summary statistics suggest that job advertisements that include preferences relating
to physical appearance have different characteristics and skill requirements from those
that do not. Hence, we employ the matching technique to make our job vacancy sam-
ple more homogeneous. The matching approach aims to balance the unobservable job
characteristics by adjusting for differences in observable characteristics among occupa-
tions. The main matching technique used in this study is text matching to investigate
the return to physical attractiveness. The principle of this technique is pairing a non-
beauty-biased job posting with the most similar job description (i.e., the whole text of a
job vacancy) to a beauty-biased job posting. First, we convert all the text to lowercase
and remove special characters and punctuation. Second, we pre-match job postings
based on narrowly defined job titles, ensuring that each matched pair represents similar
job roles for more accurate estimations.

Next, we transform the job vacancy texts into word embeddings. To perform this
transformation task, we use Bidirectional Encoder Representations from Transformers
(BERT), a transformer-based, pre-trained language deep-learning model widely adopted
in recent years for various NLP tasks. Fundamentally, BERT converts a word or a se-
quence of text into an output vector sequence based on the context of the word. The
specific model we use is a Sentence BERT (SBERT) model for Vietnamese sentence em-
beddings (Phan et al., 2022). This model relies on PhoBERT as the main transformer
for word embeddings, which is pre-trained on a 1GB Vietnamese Wikipedia corpus and
50GB of Vietnamese news articles. Finally, vacancy (sentence) embeddings are com-
puted by averaging embeddings of all words in that vacancy. After this transformation,
a job posting is represented by a 512-dimensional vector.

The next step is to reduce embeddings” dimensionality. Previous research suggests
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that increasing word representations” dimensionality beyond 300 has negligible improve-
ments for text analogy tasks such as text similarity (Pennington et al., 2014). Hence, we
choose a standard dimension of 100 for small text corpora like job postings. A 100-
dimensional embedding can be seen as a middle ground between too few dimensions,
which would lose important variations in text meaning, and too many dimensions,
which tend to increase noise. To do this, we use Uniform Manifold Approximation and
Projection (UMAP), a dimensionality reduction technique. As a result, a job posting is
represented by a 100-dimensional vector.

These embeddings, excluding those that refer to physical appearance requirements,
are employed to calculate a text similarity score—a cosine similarity metric normalized
between zero and one—between any postings that mention physical appearance pref-
erences and those that do not. Then, based on this metric, matched pairs are obtained
using neighbor matching with replacement (Abadie et al., 2006). To ensure that our post-
ings are sufficiently similar within matched pairs, we drop from our sample the 10% of
all matched pairs with the lowest similarity score. This process results in text-matched
samples of 7,808 female-targeted ads and 4,482 male-targeted ads.

As a robustness check for the quality of our text matching process, we examine the
differences in readability scores of job ad texts between postings with and without pref-
erences for good looks before and after matching. The results presented in Online Ap-
pendix Table A8 indicate that prior to matching, there are significant differences in read-
ability levels among postings with and without physical appearance preferences. How-
ever, post-matching, the readability levels among postings with and without physical
appearance requirements show no statistically significant differences, suggesting that
our matched job postings are comparable in content.

As a final step, we run the wage equation on text-matched samples to further control
for any remaining covariate imbalances after matching using the following fixed-effects

model:
LogWage,;, = Bo + B1Attractiveness;, + <Controls>;fy + <Fixed Effects>;, + €;,  (2)

where i and f refer to job ad and time. LogWage;, is the logarithm of offered salary for
job posting i posted on date t. Attractiveness is an indicator variable that equals one
if the employer prefers physically attractive candidates and zero otherwise. Controls
is a vector of covariates, including job characteristics that are likely to affect wage (i.e.,
twelve skill groups, education and experience level, job position, location, and industry).
Fixed Effects include time (i.e., the quarter when the job ad was first posted), job title and

firm size fixed effects. ¢;; is an error term.
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To validate the results from our text matching approach, we also derive estimates
using coarsened exact matching (CEM; lacus et al., 2012) of appearance-biased ads with
non-appearance biased ads based on a set of job characteristics (in conjunction with
our two-step procedure). These matching characteristics are narrowly defined job title,
required education, experience, job position, posted quarter and firm size. Since all
matching covariates are categorical variables, our CEM algorithm is equivalent to the
exact matching approach since it matches a treated unit to control units with the same
matching characteristics values. For our CEM algorithm, exact one-to-one matching
is performed. As a result, we obtain subsamples of 3,050 women-targeted and 1,370
men-targeted job vacancies after matching. Finally, we re-run model (2) on these CEM-
matched samples to estimate the beauty premium on earnings for women and men,

separately.

3.2 Selection into stating salary information

Selection bias arises if the unobservable characteristics of salary-posting job ads and
hidden-salary job ads are systematically different from each other. Addressing this con-
cern, we use the Heckman two-step procedure to correct for selection bias. The first
step of this procedure involves estimating a Probit model for quoting salary informa-
tion. In the second step, estimates of the Inverse Mills Ratio (IMR) obtained from the
tirst step are incorporated in the matching procedure, as well as being included in the
wage equation.
The Probit specification used in the first stage is as follows:

HaveSalary,;, = « + 1 EmbeddingDimension,;, + B, EmbeddingDimension,;, + ...

+ B1o EmbeddingDimension,y;, + 11 Education + B1o Experience;, + B13 Position; + e, (3)

where: the embedding dimensions 1 to 10 are obtained from the 10-dimensional embed-
ding of a job posting. We generate this 10-dimensional embedding using the Vietnamese
S-BERT model described in the previous section. Subsequently, we use UMAP to reduce
the high dimensionality to only ten dimensions. We further control for education, expe-
rience level, and job position. ¢;; is an error term.

Model (3) is estimated for two separate subsamples of female-targeted and male-
targeted postings. The estimated parameters are then used to calculate the IMR, which
is incorporated into the second-step matching procedure. For text matching, the job
ad text is first converted into a 512-dimensional vector using the SBERT model. This
vector is then reduced to 100 dimensions using UMAP. The reduced embeddings and the
IMR are subsequently standardized, and similarity scores between job ads are calculated
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using the Cosine index on these 101-element vectors. For CEM, the IMR is included in
the matching equation along with other covariates, such as narrowly defined job titles,
required education, experience, job position, posted quarter, and firm size.

Finally, we estimate wage regressions on the matched samples, controlling for all job
ad characteristics as well as the estimated IMR. For the unmatched samples, the IMR is

directly incorporated into the final wage regression.

4 Empirical findings

4.1 Effects of physical appearance on wage offers

Column (2) of Table 7 reports estimates of the beauty premium in wage offers for female
workers from text-matched samples, focusing on the subsample of postings that include
salary information. We find that physically attractive women are offered 3.7% higher
salaries in postings targeting female candidates. In contrast, according to results in col-
umn (5), there is no significant beauty premium in postings targeting male candidates.
Using CEM, we find a positive wage offer effect of 4.3% for physically attractive female

candidates and no statistically significant wage offer effect for their male counterparts.
[Table 7 here]

While the existence of a beauty premium has been extensively documented in pre-
vious studies, there remains a lack of consensus on why it exists. Amongst the leading
explanations for the beauty premium, some focus on the employee side of the relation-
ship. One mechanism is self-selection of good-looking into high-paying occupations
(Deryugina and Shurchkov, 2015). Another is that physical attractiveness may be pos-
itively correlated with health and cognitive abilities (Kanazawa, 2011), as well as com-
municative confidence and interpersonal skills (Mobius and Rosenblat, 2006).

Other explanations focus on employers. Employers may tend to overestimate the
skills and abilities of good-looking workers once they meet them. In contrast, the dis-
crimination hypothesis argues that the bias is due to employers’ intrinsic preferences
for hiring physically attractive people (Rooth, 2009). Our estimation results show that
a beauty premium is already in evidence at the offer stage of the recruitment process.
This is consistent with employers” having preferences for good looks ex ante, rather than
good looks inducing biased beliefs about ability.

Our estimation results also show that women benefit more from being physically
attractive than do men. This finding is generally consistent with prior literature (e.g.,
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French, 2002; Abueg et al., 2020; Babin et al., 2020). One possible explanation for the
gender differential in the beauty premium is rooted in the different traditional social
roles defined for women and men. In particular, while women have traditionally been
identified with the roles of wife, housekeeper, and child-bearer, their male counterparts
have been expected to provide economic support for their families (Anastasi, 1981)
Indeed, Neilson and Ying (2016) show that hiring managers’ taste for ascriptive charac-
teristics, such as physical attractiveness, differs by gender: managers care more about
beauty for women than for men. Another possible explanation points to gender differ-
ences in workplace hierarchies. Haveman and Beresford (2012) observe that men are
more likely to hold high positions in the workplace (i.e., manager, supervisor, director)
and thus to make decisions about salaries. In addition, men often discriminate in favor
of physically attractive women, but not vice versa, and there is little effect of physical
appearance on the ratings of men’s performance (Kaplan, 1978; Guéguen, 2012). Thus,
attractive women might be offered higher wages by their male employers, leading to a
larger attractiveness premium among women.

The findings from the Heckman two-stage procedure are shown in Table 8. The co-
efficients on the inverse Mills ratio are negative and statistically significant, suggesting
a significant selection bias (a negative correlation between a posting’s salary offer and
the likelihood of it mentioning salary information) and implying that estimates from a
two-stage specification that adjusts for this bias should be more reliable. Estimates are
qualitatively aligned with the baseline results across samples, both with and without
matching. Even after accounting for selection bias in estimating the wage returns to at-
tractiveness, we observe a significant beauty premium in wage offers for women and no
corresponding premium for men. In quantitative terms, the premium for women rises
from 3.7 to 5.4 percentage points when using matching. Results using CEM matching
are in line with those obtained with our text matching technique: we find a statistically

significant 2.7% attractiveness premium for women but no premium for men.

[Table 8 here]

Bar-Tal and Saxe (1976) argue that physical attractiveness attracts a premium for women in the work-
place because it is valued in relation to their traditional social roles. Despite dramatic changes in women'’s
socioeconomic standing, studies show that the women’s beauty ideal is still pervasive and continues to
occupy a central role in their lives (Baker-Sperry and Grauerholz, 2003). Moreover, Jeffreys (2014) argues
that women’s growing social and economic status has been accompanied by increasing beauty-enhancing
practices (i.e., makeup, diet, plastic surgery). As a result, physical beauty remains an advantageous trait
for women in the labor market. While physical beauty is a highly desirable quality for women, it is
considered less important for men and their traditional roles. In contrast to femininity, masculinity is
comparatively more associated with other characteristics such as strength, power, and success. Physical
attractiveness is not masculine; hence, it might not be rewarded in men.
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To measure the specific effects of different traits on pay offers, we also construct
separate component indicators for general attractiveness and more narrowly focused
features—"pretty face” and “height”. Figure 1 presents the results of this breakdown.
For women, we find wage offer premia for general good looks, facial attractiveness, and

height. No premia are found for men for any of these traits.

[Figure 1 here]

4.2 Heterogeneity across job types

Panels A and B of Figure 2 show estimates of attractiveness effects on pay offers at dif-
ferent job levels for women and men, respectively, when we do not control for selection
bias related to the inclusion of salary information. The beauty premium in wage offers
for women is highest, at 15.6%, in the lowest positions, progressively becoming weaker
and eventually vanishing in upper-tier positions. For male-targeted postings, we see no
beauty premium across job positions.

When controlling for selection bias using the Heckman two-step procedure, the find
similar results. The beauty premium for women remains highest, at 13.9%, among the
lowest positions, gradually weakening and vanishing in upper-tier positions. For men,
there is still no beauty premium across job positions, except for a penalty of 18.4% at the

lowest positions.
[Figure 2 here]

With regard to differences in experience levels, estimation results in Panels C and D
of Figure 2 reveal that physically attractive women enjoy a pay offer premium of 6.5
8.1% in vacancies requiring less than one year of experience. This premium gradually
declines for vacancies requiring more years of experience and even turns into a penalty
of 27% for vacancies requiring more than five years of experience. A different pattern
is observed among male-targeted ads. Specifically, men seem to be penalized for their
attractiveness with 2.8-4.6% lower wage offers in vacancies requiring less than one year
of work experience. Yet, when more years of experience are required, there is no sig-
nificant beauty effect on pay offers for attractive men. Overall, our results reveal that
the beauty effect for women is larger among lower work experience and job position
categories.

A possible explanation for this finding is that, as shown by prior research (Quereshi
and Kay, 1986, Zuckerman, 1993; Anyzova and Matéj(i, 2018), the return to physi-
cal attractiveness decreases with age; and experience is positively correlated with age.
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AnyZova and Maté&ja (2018) use data from the Czech PIAAC Survey of Adult Skills
to investigate the income advantages associated with attractiveness among employed
women and men across three age groups: 16-30 years, 30-50 years, and 50-66 years.
Their findings reveal that while there is no significant beauty premium for the youngest
age group, a beauty premium is evident for women in their prime years (aged 30 to 50),
whereas older women (aged 50 to 66) experience a beauty penalty.

However, the reversal we find for high-experience jobs for women and low-experience
jobs for men (a negative beauty premium) poses a puzzle. If firms do not genuinely
value physical attractiveness, they should not specity it as a requirement in upper-tier
job postings—because it could restrict the labor pool, thereby increasing recruitment
costs. Requiring good looks and then penalizing candidates for it appears contradictory.
A possible explanation for these findings is that in market segments that value ability
more than looks, attractiveness requirements may act as a signal that serves to reduce
matching frictions. Specifically, by including attractiveness preferences, employers that
place a comparatively lower weight on ability than on looks can attract good-looking,
lower-ability applicants who are more likely to accept. On the other hand, by not in-
cluding attractiveness preferences in the postings, employers that prioritize ability (but
still might value physical attractiveness) can discourage applications from physically
attractive, low-ability applicants@

When we use the two-step procedure to control for selection bias in the inclusion of
salary information, the negative premium for inexperienced males is still present, but
that for experienced females vanishes (the estimated coefficient becomes positive, al-
beit statistically insignificant). This suggests that, for job postings targeting experienced
women, compared with similar postings that include both attractiveness requirements
and salary information, those that include only salary information are for higher-paying
jobs—and thus systematically less likely to include any salary information at all. Incor-
porating the IMR in the matching process and including it as a control restores compa-
rability

For other job characteristics, the magnitude and sign of their estimated coefficients
reported in Tables 7 and 8 are comparable to those found in previous literature on wage
determination, including Autor and Handel (2013) and Deming and Kahn (2018). In

12In observational terms, this is in line with the “beauty is beastly” effect discussed by Heilman and
Saruwatari (1979) and Braun et al. (2015), whereby attractiveness benefits women in non-managerial po-
sitions but disadvantages women in managerial positions. The role of signals in job postings is discussed
in Kuhn et al. (2020).

13This is not inconsistent with the idea that attractiveness requirement may signal lower-paying jobs
with low-ability requirements, as discussed above.
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particular, the positive coefficients (although statistically insignificant for some) for ed-
ucation categories imply higher wage offers for higher levels of education. Similarly,
categories requiring more experience are associated with higher wage offer premia. In
the same vein, postings for managerial positions are more likely to offer higher wages
than those for non-managerial positions. The results remain similar when using the
Heckman two-stage procedure.

Results for different skill groups are mixed. Specifically, the strongest premium in
pay offers can be observed for language skills, followed by customer service skills,
among both female- and male-targeted postings. Some skills seem to be important for
women but not for men, and vice versa. For example, while project management skills
are significantly rewarded (0.6% to 10.7% premia in wage offers) for women, they have
no effect on pay offers for men. In contrast, mentioning social skills requirements in a
job ad is associated with a lower wage offer for women and a higher wage offer for men.
As shown in Table 8, these patterns do not change when we use the Heckman two-stage
procedure.

Due to differences in infrastructure, economic growth, level of competition, and local
prices, one might expect pay offers to differ across geographical regions. As seen in
Table 7, we observe significant wage offer premia ranging between 2.8 and 8.6 percent
for the two largest cities (i.e., Ha Noi and HCM) by comparison with smaller towns. It
is possible that the urban wage offer premia stem from agglomeration economies that
result in higher labor productivity in large and dense labor markets (Moretti, 2014). The
presence of an urban wage offer premium might also be explained by the higher level
of competition in urban labor markets, where employers have less wage-setting power
over their employees and thus need to offer higher wages than in less competitive labor
markets (Hirsch et al., 2022). Results are similar when using the Heckman two-step
procedure.

The beauty premium in pay offers could also just be driven by occupational sort-
ing, whereby physical attractiveness is highly rewarded for jobs with high interpersonal
interactions. This productivity-enhancing effect of physical attractiveness in those jobs
might come from customer /co-worker discrimination—customers” and co-workers’ pref-
erences for interacting with more physically attractive workers. With this interpreta-
tion, physical attractiveness represents a form of human capital that is beneficial to the
firm (Pfann et al., 2000); hence, the estimated beauty premium may merely reflect the
productivity-enhancing effect of good looks.

To investigate the productivity-enhancing explanation, we examine how the effect of
attractiveness on the wage offer varies between occupations with high and low levels of

interpersonal interaction. For this purpose, we take the sum of social, people manage-
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ment, and customer service skill variables—each a discrete variable ranging from 0 to
3—and then construct an indicator variable, Social_interact, which is one if that sum is
strictly above its median value of one and is zero otherwiseﬁ

Figure 3 presents beauty premium estimates for jobs that involve different levels of
interpersonal interaction. We observe beauty premia of 3.0% and 4.1% for women in
occupations with low and high levels of social interaction, respectively. This finding
suggests that good looks can translate into higher pay offer for women not only in jobs
with intensive social interactions, where good looks may be explicitly essential for job
performance, but also in those where physical attractiveness is not expected to be a
productivity-enhancing characteristic. Interestingly, for the subsample of men-targeted
job postings, we find a significant negative beauty premium on posted wages in occu-
pations characterized by a high level of interpersonal interactions. In occupations with
a low level of social interaction, the effect of looks on wage offers is not statistically
significant.

The results remain qualitatively similar when using the Heckman two-step proce-
dure, showing an even higher beauty premium for low-interaction jobs (5.5%) compared

to 4.8% for high-interaction jobs.

[Figure 3 here]

4.3 Cultural attitudes towards gender roles

Finally, to investigate the mechanism through which physical attractiveness positively
impacts women’s wage offers but not men’s, we consider the influence of culture-driven
gender role attitudes. This concept refers to general sentiments or beliefs about the roles
of men and women along various dimensions, such as the division of household labor,
occupational segregation, and workplace power. If physical attractiveness plays an im-
portant part for women in their traditional social roles, the persistence of gender role
attitudes translates into a persistence in how individuals and the market value women’s
physical attractiveness.

Previous literature documents a regional disparity in gender role attitudes between
Northerners and Southerners in Vietnam. That is, people living in the North appear

more conservative in their attitudes toward gender norms compared to their Southern

14We choose to focus on social, people management, and customer service skills stated in the vacancy
as this better reflects the tasks to be performed on the job than do job titles or industry categorizations
(Deming and Kahn, 2018).
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counterparts (Taylor, 2013; Grosse, 2015). This disparity can be attributed to the different
socio-political circumstances experienced by Northerners and Southerners during the
Vietnam War, or the greater influence of Confucian norms in the North due to stronger
influences from China. If this holds, we should expect the beauty premium for women’s
pay offers to be more pronounced in jobs located in the North.

To investigate regional disparities in the relationship between wage offers and beauty
requirements in job postings, we include in model (2) a North indicator variable, which
equals unity if a job is located in Northern regions and zero if it is located in Southern re-
gions, and the interaction term Attractiveness x North. Estimation results are summarized
in Figure 4. In Panel A, we see a statistically significant beauty premium for women in
the Northern region, while no significant premium is observed in the Southern region.
This regional disparity in beauty premia suggests that the overall positive impact of
physical appearance on women’s wage offers is primarily driven by job vacancies lo-
cated in the North, where people are more conservative toward traditional gender roles.
In contrast, our analysis reveals no significant beauty effect on men’s wage offers across
both regions.

Using the Heckman two-step procedure, we find similar results (Panel B), with the
beauty premium for women being stronger in the North at 7.4%, compared to 3.3% in
the South. For men, there is a beauty penalty of 4.7% in the Southern region and a beauty

premium of 5.5% in the Northern region.

[Figure 4 here]

5 Conclusion

In this paper, we have examined the role of physical attractiveness requirements in wage
offers. Empirical estimates of the effect of good looks on actual wages can be biased due
to the limited information about the actual job roles of workers who have already been
hired. This study overcomes this problem by relying on online postings that contain
detailed information on job roles alongside salary offer information.

We employ a well-structured dataset of female- and male-targeted job ads gathered
from one of the largest job portals in Vietnam. Beauty-biased word choices and other
skill requirements are extracted from the job posting content. In our sample of 38,945
unique gender-targeted job ads, preferences for good looks are present in 10% of men-
targeted ads and 29.2% of women-targeted ads. To mitigate the selection bias in estimat-
ing the beauty premium, the study first pre-matches jobs by job title and then adopts the
state-of-the-art word transformer SBERT to match job postings based on the job ad text.
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Our findings indicate a statistically significant beauty premium in wage offers tar-
geted at women, even after controlling for a rich set of jobs” observable characteristics.
Physically attractive women are offered, on average, 5% higher salaries, but no beauty
effect on pay offers is found for physically attractive men. Additionally, we observe
wage offer premia for physically attractive women not only among jobs involving higher
levels of social or customer interaction but also among other occupations where physical
appearance is not essential for job performance. However, the beauty premium in wage
offers to women is only present in ads for jobs requiring little to no work experience and
for entry-level jobs. Exploiting the regional disparities in gender role attitudes, we fur-
ther show clear evidence that traditional social roles serve as a mechanism underlying
the gender differences in returns to physical attractiveness.

These results support the body of evidence documenting that physical appearance
is more important for women than for men. We can think of two main reasons that
might be behind this pattern. First, physical attractiveness plays an important role in
women’s traditional social roles as wives, homemakers, and caregivers. This perception
remains prevalent and continues to have a strong influence on women’s labor market
prospects. Second, if physical attractiveness in the opposite sex is valued comparatively
more by men than it is by women, the simple fact that it is still more common for men
to occupy higher-ranking positions which involve salary decisions can translate into

higher salaries for physically more attractive women.

References

Abueg, L. C.,, Hubilla, P. G. O., Lozano, F. M., Valdivieso, P. I. L., & Valencia, M. M. S. (2020).
Penalties and some counterfactuals to beauty premium: Evidence from a job search simula-

tion experiment. DLSU Business & Economics Review, 30(1), 15-29.

Alesina, A., Giuliano, P., & Nunn, N. (2013). On the origins of gender roles: Women and the
plough. The Quarterly Journal of Economics, 128(2), 469-530.

Anastasi, A. (1981). Sex differences: Historical perspectives and methodological imply-cations. De-
velopmental Review, 1(3), 187-206.

AnyzZova, P, & Matéjh, P. (2018). Beauty still matters: The role of attractiveness in labor market

outcomes. International Sociology, 33(3), 269-291.

Arceo-Gomez, E. O., Campos-Vazquez, R. M., Badillo, R. Y., & Lopez-Araiza, S. (2022). Gender
stereotypes in job advertisements: What do they imply for the gender salary gap? Journal of
Labor Research, 43(1), 65-102.

23



Autor, D. H., & Handel, M. J. (2013). Putting tasks to the test: Human capital, job tasks, and
wages. Journal of Labor Economics, 31(S1), S59-596.

Babin, J. J., Hussey, A., Nikolsko-Rzhevskyy, A., & Taylor, D. A. (2020). Beauty premiums among

academics. Economics of Education Review, 78, 102019.

Babin, J. J., Chauhan, H. S., & Kistler, S. L. (2024). When pretty hurts: Beauty premia and penal-
ties in eSports. Journal of Economic Behavior & Organization, 217, 726-741.

Baker-Sperry, L., & and Grauerholz, L. (2003). The pervasiveness and persistence of the feminine
beauty ideal in children’s fairy tales. Gender and Society, 17(5), 711-726.

Banfi, S., & Villena-Roldan, B. (2019). Do high-wage jobs attract more applicants? Directed search

evidence from the online labor market. Journal of Labor Economics, 37(3), 715-746.

Bar-Tal, D., & Saxe, L. (1976). Physical attractiveness and its relationship to sex-role stereotyp-
ing. Sex Roles, 2(2), 123-133.

Bertrand, M. (2018). Coase lecture-the glass ceiling. Economica, 85(338), 205-231.

Bertrand, M., Bombardini, M., Fisman, R., Hackinen, B., & Trebbi, F. (2021). Hall of mirrors:
Corporate philanthropy and strategic advocacy. The Quarterly Journal of Economics, 136(4),
2413-2465.

Braun, S., Peus, C., & Frey, D. (2015). Is beauty beastly? Zeitschrift fiir Psychologie.

Brenci¢, V. (2012). Wage posting: Evidence from job ads. Canadian Journal of Economics/Revue
Canadienne d'Economique, 45(4), 1529-1559.

Carnevale, A. P, Jayasundera, T., & Repnikov, D. (2014). Understanding online job ads data. George-
town University, Center on Education and the Workforce, Technical Report (April).

Cavapozzi, D., Francesconi, M., & Nicoletti, C. (2021). The impact of gender role norms on

mothers’ labor supply. Journal of Economic Behavior & Organization, 186, 113-134.
Chao, F.,, Guilmoto, C. Z., & Ombao, H. (2021). Sex ratio at birth in Vietham among six sub-

national regions during 1980-2050, estimation and probabilistic projection using a Bayesian
hierarchical time series model with 2.9 million birth records. Plos One, 16(7), e0253721.

Chaturvedi, S., Mahajan, K., & Siddique, Z. (2024). Words matter: Gender, jobs and applicant
behavior. Jobs and Applicant Behavior (February 18, 2024).

Christl, M., & Koppl-Turyna, M. (2020). Gender wage gap and the role of skills and tasks: Evi-
dence from the Austrian PIAAC data set. Applied Economics, 52(2), 113-134.

Deming, D., & Kahn, L. B. (2018). Skill requirements across firms and labor markets: Evidence

from job postings for professionals. Journal of Labor Economics, 36(S1), S337-S369.
Deryugina, T., & Shurchkov, O. (2015). Now you see it, now you don’t: The vanishing beauty

premium. Journal of Economic Behavior & Organization, 116, 331-345.

Doorley, K., & Sierminska, E. (2015). Myth or fact? The beauty premium across the wage distri-
bution in Germany. Economics Letters, 129(C), 29-34.

24



Duong, L. T. (2015). Educational inequality in Vietnam (Doctoral dissertation, KDI School).

Eagly, A. H., & Karau, S. J. (2002). Role congruity theory of prejudice toward female leaders.
Psychological Review, 109(3), 573.

Ehrmann, M., & Talmi, J. (2020). Starting from a blank page? Semantic similarity in central bank
communication and market volatility. Journal of Monetary Economics, 111, 48-62.

French, M. T. (2002). Physical appearance and earnings: Further evidence. Applied Economics, 34(5),
569-572.

Grosse, 1. (2015). Gender values in Vietnam—between Confucianism, communism, and mod-
ernization. Asian Journal of Peacebuilding, 3(2), 253-272.

Guéguen, N. (2012). Hair color and wages: Waitresses with blond hair have more fun. The Journal
of Socio-Economics, 41(4), 370-372.

Hamermesh, D. S., & Biddle, J. E. (1994). Beauty and the labor market. Economic Review, 1174,
1186.

Hamermesh, D. S. (2006). Changing looks and changing “discrimination”: The beauty of economists.
Economics Letters, 93(3), 405-412.

Haveman, H. A., & Beresford, L. S. (2012). If you're so smart, why aren’t you the boss? Explain-
ing the persistent vertical gender gap in management. The Annals of the American Academy of
Political and Social Science, 639(1), 114-130.

Heilman, M. E., & Saruwatari, L. R. (1979). When beauty is beastly: The effects of appearance and
sex on evaluations of job applicants for managerial and nonmanagerial jobs. Organizational
Behavior and Human Performance, 23(3), 360-372.

Hirsch, B., Jahn, E. J., Manning, A., & Oberfichtner, M. (2022). The urban wage premium in
imperfect labor markets. Journal of Human Resources, 57(S), S111-S136.

Iacus, S. M., King, G., & Porro, G. (2012). Causal inference without balance checking: Coarsened
exact matching. Political Analysis, 20(1), 1-24.

ILO (2015). Gender equality in recruitment and promotion practices in Viet Nam. Policy Brief.
Jeffreys, S. (2014). Beauty and misogyny: Harmful cultural practices in the West. Routledge.

Kanazawa, S. (2011). Individual differences. The Wiley-Blackwell Handbook of Individual Differences,
353.

Kaplan, R. M. (1978). Is beauty talent? Sex interaction in the attractiveness halo effect. Sex
Roles, 4(2), 195-204.

Kuhn, P, & Shen, K. (2013). Gender discrimination in job ads: Evidence from China. The Quar-
terly Journal of Economics, 128(1), 287-336.

Kuhn, P, Shen, K., & Zhang, S. (2020). Gender-targeted job ads in the recruitment process: Facts
from a Chinese job board. Journal of Development Economics 147, 102531.

25



Kurekova, L. M., Beblavy, M., & Thum-Thysen, A. (2015). Using online vacancies and web
surveys to analyse the labour market: A methodological inquiry. IZA Journal of Labor Eco-
nomics, 4(1), 18.

Luong, A. V., Nguyen, D., & Dinh, D. (2018). A new formula for Vietnamese text readability
assessment. In 2018 10th International Conference on Knowledge and Systems Engineering (KSE),
198-202.

Mahalingam, R., & Balan, S. (2008). Culture, son preference, and beliefs about masculinity. Jour-
nal of Research on Adolescence, 18(3), 541-553.

Marinescu, 1., & Wolthoff, R. (2020). Opening the black box of the matching function: The power
of words. Journal of Labor Economics, 38(2), 535-568.

Mobius, M. M., & Rosenblat, T. S. (2006). Why beauty matters. American Economic Review, 96(1),
222-235.

Moretti, E. (2014). Are cities the new growth escalator? World Bank Policy Research Working
Paper no. 6881.

Neilson, W., & Ying, S. (2016). From taste-based to statistical discrimination. Journal of Economic
Behavior & Organization, 129, 116-128.

Ningrum, P. K., Pansombut, T., & Ueranantasun, A. (2020). Text mining of online job advertise-
ments to identify direct discrimination during job hunting process: A case study in Indone-
sia. Plos One, 15(6), €0233746.

Pennington, J., Socher, R., & Manning, C. D. (2014). Glove: Global vectors for word representa-
tion. In Proceedings of the 2014 Conference on Empirical Methods in Natural Language Processing
(EMNLP), 1532-1543.

Pfann, G. A., Biddle, J. E., Hamermesh, D. S., & Bosman, C. M. (2000). Business success and
businesses’ beauty capital. Economics Letters, 67(2), 201-207.

Pham, T., Talavera, O., & Wu, Z. (2023). Labor markets during war time: Evidence from online

job advertisements. Journal of Comparative Economics, 51(4), 1316-1333.

Phan, Q. L., Doan, T. H. P, Le, N. H,, Tran, N. B. D., & Huynh, T. N. (2022). Vietnamese sentence
paraphrase identification using sentence-BERT and PhoBERT. In Intelligence of Things: Tech-
nologies and Applications: The First International Conference on Intelligence of Things (ICIot 2022),
Ha Noi, Vietnam, August 17-19, 2022, Proceedings, 416-423.

Quereshi, M. Y., & Kay, J. P. (1986). Physical attractiveness, age, and sex as determinants of

reactions to resumés. Social Behavior and Personality: An International Journal, 14(1), 103-112.

Rooth, D. O. (2009). Obesity, attractiveness, and differential treatment in hiring a field experi-
ment. Journal of Human Resources, 44(3), 710-735.

Steinmetz, S., Bianchi, A., Tijdens, K., & Biffignandi, S. (2014). Improving web survey quality: A
Data Quality Perspective. John Wiley & Sons Ltd, New York, NY, 273-298.

26



Taylor, K. W. (2013). A history of the Vietnamese. Cambridge University Press.

Ziegler, L. (2020). Skill demand and posted wages: Evidence from online job ads in Austria.

Vienna: Department of Economics, University of Vienna.

Zuckerman, M., & Hodgins, H. S. (1993). Developmental changes in the effects of the physical

and vocal attractiveness stereotypes. Journal of Research in Personality, 27(4), 349-364.

27



Figure 1: Wage offer premium estimates across physical traits

Panel A. Different attractiveness traits, no Heckman Panel B. Different attractiveness traits, Heckman
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Notes: The figure presents wage offer premium estimates for women and men by physical traits.
Estimates with 95% confidence intervals are reported.
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Figure 2: Beauty premium estimates across job positions and experience levels

Panel A. Job positions, no Heckman Panel B. Job positions, Heckman
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Notes: The figure presents beauty premium estimates for women and men by job positions (Pan-
els A and B) and experience levels (Panels C and D). Estimates with 95% confidence intervals are
reported.
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Figure 3: Beauty premium estimates for low and high levels of interpersonal interac-
tion

Panel A. Levels of social interactions, no Heckman Panel B. Levels of social interactions, Heckman
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Notes: The figure presents beauty premium estimates for women and men by levels of social
interactions without adjusting for selection effects (Panel A) and adjusting for selection effects
(Panel B). Estimates with 95% confidence intervals are reported.

30



Figure 4: Beauty premium estimates for North and South Vietnam

Panel A. Regions, no Heckman Panel B. Regions, Heckman
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Notes: The figure presents beauty premium estimates for women and men by regions without
adjusting for selection effects (Panel A) and adjusting for selection effects (Panel B). Estimates
with 95% confidence intervals are reported.
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Table 1: Descriptive statistics for the full sample

1)

ADS WITH SALARY

)

ADS WITH NO SALARY

)

(N =137,142) (N =122,491) DIFFERENCE
High school 0.040 0.138 -0.098***
Vocational training 0.007 0.005 0.002%**
Associate degree 0.570 0.629 -0.059***
University degree 0.378 0.225 0.153***
Other education 0.005 0.003 0.002**
0-1 year 0.250 0.417 -0.167***
1-2 years 0.387 0.343 0.045%*
2-5 years 0.299 0.210 0.089***
5+ years 0.064 0.030 0.033***
New entry/Internship 0.033 0.030 0.003***
Non-manager 0.767 0.835 -0.069***
Manager 0.201 0.135 0.066***
Ha Noi 0.253 0.321 -0.067***
Ho Chi Minh City 0.274 0.382 -0.107***
Other cities 0.472 0.298 0.175%*
Gender targeting 0.076 0.152 -0.076***
Attractiveness pref. 0.440 0.458 -0.018***

Notes: The table shows the mean values and differences in mean of all variables in two subsam-

ples of job postings explicitly quoting salary and jobs not quoting salary. Columns (1) and (2)

report the mean of jobs with salary and jobs without salary subsamples, respectively. Column (3)

reports the difference in means between postings with salary and postings without salary sub-

samples. *, **, and ** indicate significance at 10%, 5%, and 1% for a t-test of whether postings

with salary and postings without salary subsamples have equal means, respectively.
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Table 2: Proportion of job postings featuring preferences for physical appearance

(1) (2)

ADS WITH SALARY ADS WITH NO SALARY
(N =137,142) (N =122,491)

EDUCATION LEVEL

High school 0.319 0.192

Vocational training 0.084 0.025

Associate degree 0.150 0.087

University degree 0.057 0.049

Other education 0.076 0.059
EXPERIENCE LEVEL

0-1 year 0.203 0.110

1-2 years 0.152 0.078

2-5 years 0.068 0.056

5+ years 0.039 0.029
JOB POSITION

New entry/Internship 0.165 0.084

Non-manager 0.165 0.080

Manager 0.069 0.060
LOCATION

Ha Noi 0.154 0.088

Ho Chi Minh City 0.150 0.064

Other cities 0.154 0.077

Notes: The table shows the proportion of postings featuring physical appearance requirements
in two subsamples of postings explicitly quoting salary and jobs not quoting salary in columns
(1) and (2), respectively.
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Table 3: Descriptive statistics for gender-targeted samples: education, experience, job
level

MALE FEMALE
(N =23,908) (N =15,037)
1) 2) (©) (4) ©)
MEAN SD MEAN SD DIFFERENCE

WAGE 8,882,292 5,279,748 7,752,873 4,038,827 1,129,419%**
EDUCATION

High school 0.189 0.391 0.090 0.287 0.098***

Vocational training 0.013 0.114 0.004 0.063 0.009***

Associate degree 0.593 0.491 0.706 0.456 -0.113***

University degree 0.199 0.400 0.198 0.398 0.002

Other education 0.006 0.074 0.002 0.045 0.004***
EXPERIENCE

0-1 year 0.405 0.491 0.396 0.489 0.009*

1-2 years 0.333 0.471 0.404 0.491 -0.071%**

2-5 years 0.224 0.417 0.185 0.389 0.039***

5+ years 0.038 0.192 0.015 0.120 0.023***
LEVEL

New entry 0.033 0.178 0.042 0.201 -0.009***

Employee 0.847 0.360 0.887 0.316 -0.0407%**

Manager 0.120 0.325 0.070 0.243 0.050***

Notes: The table shows summary statistics of wage, education, experience, and job level vari-
ables. Columns (1) and (3) report the mean of male and female subsamples, respectively.
Columns (2) and (4) report the standard deviation of male and female subsamples, respectively.
Column (5) reports the difference in means between male and female subsamples. *, **, and ***
indicate significance at 10%, 5%, and 1% for a t-test of whether male and female subsamples have
equal means, respectively.
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Table 4: Descriptive statistics for gender-targeted samples: location, skills

MALE FEMALE
(N =23,908) (N =15,037)
(1) (2) ) 4) ®)
MEAN SD MEAN SD DIFFERENCE
LOCATION
Ha Noi 0.275 0.446 0.346 0.476 -0.0727%**
Ho Chi Minh City 0.357 0.479 0.367 0.482 -0.010**
Other cities 0.368 0.482 0.287 0.452 0.082%**
SKILLS

Computer 0.277 0.448 0.525 0.499 -0.248***
Software 0.179 0.384 0.162 0.368 0.017***
Financial 0.068 0.251 0.335 0.472 -0.267***
People management 0.029 0.168 0.035 0.183 -0.006***
Project management 0.103 0.304 0.076 0.266 0.027***
Artistic 0.090 0.286 0.042 0.200 0.048***
Language 0.175 0.380 0.306 0.461 -0.131***
Character 0.797 0.402 0.862 0.346 -0.064***
Cognitive 0.255 0.436 0.290 0.454 -0.036***
Customer service 0.183 0.387 0.263 0.440 -0.080***
Social 0.406 0.491 0.466 0.499 -0.060***
Writing 0.026 0.158 0.028 0.166 -0.003

Physical attr./ness 0.103 0.304 0.292 0.455 -0.189***

Notes: The table shows summary statistics of job location and skill variables. Columns (1) and

(3) report the mean of male and female subsamples, respectively. Columns (2) and (4) report the

standard deviation of male and female subsamples, respectively. Column (5) reports the differ-

ence in means between male and female subsamples. *, **, and *** indicate significance at 10%,

5%, and 1% for a t-test of whether male and female subsamples have equal means, respectively.
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Table 5: Frequency of stating preferences for physical appearance among subsamples

1) () (3)

MALE FEMALE DIFFERENCE
(N=23,908) (N=15,037)
EDUCATION
High school 0.144 0.594 -0.450***
Vocational training 0.051 0.186 -0.135%**
Associate degree 0.113 0.297 -0.184***
University degree 0.042 0.143 -0.100***
Other education 0.053 0.100 -0.047
EXPERIENCE
0-1 year 0.195 0.309 -0.113***
1-2 years 0.037 0.355 -0.318***
2-5 years 0.048 0.136 -0.088***
5+ years 0.031 0.103 -0.072%**
LEVEL
New entry/Internship 0.197 0.285 -0.087***
Non-manager 0.109 0.305 -0.196***
Manager 0.040 0.134 -0.094***
LOCATION
Ha Noi 0.112 0.267 -0.154%**
Ho Chi Minh City 0.096 0.310 -0.214%**
Other cities 0.103 0.300 -0.197%**

Notes: The table shows the frequency of stating physical appearance requirements and mean
wage by different subsamples of education, job levels, experience levels, and job locations for
men-targeted ads in column (1) and for women-targeted ads in column (2). Column (3) reports
the difference in means between men and women subsamples. *, **, and *** indicate significance
at 10%, 5%, and 1% for a t-test of whether men and women subsamples have equal means,

respectively.
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Table 6: Probit regression results for stating preferences for physical appearance

(1) )

FEMALE MALE
Vocational training -0.095*** -0.059***
(0.035) (0.011)
Associate degree -0.057*** -0.050%**
(0.012) (0.006)
University degree -0.052*** -0.047***
(0.015) (0.008)
Other education -0.107* -0.024
(0.059) (0.021)
1-2 years 0.045%** -0.026***
(0.007) (0.004)
2-5 years 0.033*** -0.002
(0.010) (0.005)
5+ years -0.023 -0.019**
(0.031) (0.010)
Non-manager -0.002 0.000
(0.015) (0.007)
Manager -0.140*** 0.019
(0.025) (0.012)
Ha Noi -0.014* 0.026***
(0.007) (0.004)
HCM 0.012* 0.005
(0.007) (0.003)
Computer 0.003 -0.016***
(0.007) (0.004)
Software -0.097*** -0.008
(0.010) (0.005)
Language -0.049*** -0.012**
(0.008) (0.005)
Financial -0.005 0.026***
(0.009) (0.009)
People management 0.044** -0.001
(0.018) (0.009)
Project management 0.023* -0.026***
(0.012) (0.006)
Art 0.043*** -0.005
(0.016) (0.006)
Character 0.060*** 0.032%**
(0.010) (0.006)
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Table 6: Probit regression results for stating preferences for physical appearance

(1) 2)
Cognitive -0.017** 0.028***
(0.007) (0.004)
Customer service -0.011 -0.019%**
(0.008) (0.004)
Social 0.082*** 0.065***
(0.007) (0.003)
Writing 0.018 -0.041%**
(0.019) (0.011)
Obs. 14,601 22,940

Notes: The table presents the results of Probit models for job characteristics/requirements of
ads stating physical appearance preferences. Column (1) shows the average marginal effect for
the female subsample. Column (2) shows the average marginal effect for the male subsample.
The dependent variable is an indicator for whether a vacancy mentions preferences for physical
appearance. Time, industry, job title, and firm size indicators are included but not reported.
Robust standard errors are shown in parentheses. *, **, and *** indicate significance at 10%, 5%,
and 1%, respectively.
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Table 7: Beauty premium estimates for posted wages without adjusting for selection
effects

FEMALE-TARGETED ADS MALE-TARGETED ADS

(1) ) 3) 4) ®) (6)

No TEXT CEM No TEXT CEM

MATCH- MATCH- MATCH- MATCH-

ING ING ING ING
Phys. 0.052%** 0.037*** 0.043*** -0.005 -0.017 -0.026
attractiveness

(0.007) (0.006) (0.011) (0.008) (0.014) (0.020)
Vocational 0.156*** 0.127*** -0.041%** 0.184*** 0.143**
training

(0.039) (0.049) (0.013) (0.031) (0.068)
Associate -0.027%*** 0.004 -0.010 -0.009 0.026*** 0.034
degree

(0.009) (0.009) (0.023) (0.006) (0.009) (0.031)
University 0.059*** 0.047*** 0.126*** 0.139*** 0.024 0.176***
degree

(0.011) (0.014) (0.032) (0.009) (0.023) (0.047)
Other 0.010 0.018 0.052* -0.123%*
education

(0.037) (0.111) (0.028) (0.051)
1-2 years 0.077*** 0.085%** 0.079*** 0.039*** 0.069*** 0.070**

(0.005) (0.006) (0.011) (0.005) (0.016) (0.030)
2-5 years (0.292%** (0.299*** 0.272%** 0.184*** 0.157*** 0.137%**

(0.008) (0.014) (0.026) (0.006) (0.019) (0.037)
5+ years 0.573*** 0.781*** 0.733 0.431*** 0.408*** 0.329***

(0.032) (0.067) (0.504) (0.016) (0.051) (0.065)
Non-manager  0.071*** 0.066*** 0.029 -0.010 0.044*** -0.048*

(0.010) (0.016) (0.044) (0.011) (0.016) (0.028)
Manager 0.447%** (0.352%** 0.407*** 0.240*** 0.307*** 0.315%**

(0.022) (0.031) (0.097) (0.014) (0.057) (0.075)
Ha Noi 0.037*** -0.011 0.038** 0.057*** 0.057*** 0.016

(0.006) (0.008) (0.016) (0.005) (0.010) (0.021)
HCM 0.084*** 0.054*** 0.086*** 0.059*** 0.028*** -0.045%*

(0.006) (0.008) (0.015) (0.004) (0.011) (0.018)
Computer -0.028*** 0.013* -0.013 -0.030%** -0.054*** -0.024

(0.005) (0.007) (0.012) (0.005) (0.014) (0.022)
Software -0.019*** 0.030** 0.003 0.044*** -0.008 -0.002

(0.007) (0.014) (0.018) (0.006) (0.025) (0.031)
Language 0.116*** 0.099*** 0.083*** 0.120*** 0.095*** 0.1471%**
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Table 7: Beauty premium estimates for posted wages without adjusting for selection

effects
FEMALE-TARGETED ADS MALE-TARGETED ADS

(0.006) (0.010) (0.013) (0.006) (0.019) (0.026)
Financial 0.019%** -0.064*** -0.038** 0.138*** 0.078* 0.130***

(0.007) (0.008) (0.015) (0.009) (0.044) (0.048)
People -0.018 0.043** -0.050 0.109*** -0.083* -0.075
management

(0.014) (0.017) (0.032) (0.017) (0.050) (0.049)
Project 0.064*** 0.060*** 0.107*** -0.047%** -0.018 0.042
management

(0.010) (0.015) (0.026) (0.007) (0.029) (0.030)
Art 0.042%** -0.054*** 0.004 0.041%%* 0.023 -0.001

(0.014) (0.017) (0.028) (0.007) (0.021) (0.025)
Character -0.070*** -0.025** -0.041* -0.049%** -0.043** -0.067***

(0.007) (0.010) (0.017) (0.005) (0.021) (0.025)
Cognitive 0.022%** 0.022%** 0.011 -0.023*** -0.042*** -0.020

(0.005) (0.008) (0.013) (0.005) (0.016) (0.021)
Customer -0.004 0.053*** 0.052*** 0.075*** 0.005 0.034
service

(0.006) (0.009) (0.014) (0.007) (0.019) (0.024)
Social 0.009* -0.048*** -0.005 0.032*** 0.044*** 0.023

(0.005) (0.007) (0.012) (0.005) (0.013) (0.020)
Writing -0.005 -0.003 0.012 0.089*** 0.095 -0.054

(0.011) (0.018) (0.027) (0.014) (0.061) (0.065)
Obs. 15,027 7,807 3,050 23,905 4,480 1,370
R? 0.539 0.491 0.417 0.571 0.671 0.654

Notes: The table presents beauty premium estimates for women and men. Columns (1) and

(4) show results for the whole sample without matching for female and male subsamples, re-

spectively. Columns (2) and (5) show results for text matching for female and male subsamples,

respectively. Columns (3) and (6) show results from CEM for female and male subsamples, re-

spectively. Robust standard errors are shown in parentheses. *, **, and *** indicate significance

at 10%, 5%, and 1%, respectively.
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Table 8: Beauty premium estimates for posted wages from Heckman second stage
regression

FEMALE-TARGETED ADS MALE-TARGETED ADS

(1) ) 3) 4) ®) (6)

No TEXT CEM No TEXT CEM

MATCH- MATCH- MATCH- MATCH-

ING ING ING ING
Phys. 0.052%** 0.054*** 0.027** -0.002 -0.002 -0.013
attractiveness

(0.007) (0.006) (0.012) (0.008) (0.011) (0.021)
Vocational 0.160%** 0.437%** -0.031%* -0.122%** 0.166**
training

(0.039) (0.089) (0.013) (0.032) (0.068)
Associate -0.023%*** -0.003 0.020 -0.007 0.040*** 0.063**
degree

(0.009) (0.008) (0.020) (0.006) (0.008) (0.031)
University 0.063*** 0.064*** 0.119*** 0.143*** 0.149*** 0.235%**
degree

(0.011) (0.014) (0.033) (0.009) (0.024) (0.055)
Other 0.015 -0.114 0.055** 0.063
education

(0.037) (0.108) (0.028) (0.044)
1-2 years 0.075%** 0.067*** 0.064*** 0.040*** 0.070*** 0.088***

(0.005) (0.006) (0.012) (0.005) (0.017) (0.033)
2-5 years 0.290*** 0.247*** 0.261*** 0.184*** 0.136*** 0.157***

(0.008) (0.013) (0.027) (0.006) (0.017) (0.039)
5+ years 0.571*** 0.4971*** 0.435%** 0.365%** 0.369***

(0.032) (0.046) (0.016) (0.043) (0.067)
Non-manager  0.073*** 0.047*** 0.026 -0.010 0.013 -0.043

(0.010) (0.012) (0.050) (0.011) (0.014) (0.029)
Manager 0.449*** 0.338*** 0.312%** 0.239%** 0.341*** 0.338***

(0.022) (0.035) (0.097) (0.014) (0.051) (0.077)
Ha Noi 0.037*** 0.035*** 0.021 0.056*** 0.039*** 0.064***

(0.006) (0.008) (0.017) (0.005) (0.011) (0.021)
HCM 0.083*** 0.083*** 0.089*** 0.059*** 0.054*** -0.008

(0.006) (0.008) (0.017) (0.004) (0.010) (0.020)
Computer -0.028*** -0.018** -0.007 -0.030%** -0.047%** -0.043*

(0.005) (0.007) (0.013) (0.005) (0.016) (0.022)
Software -0.019*** 0.013 0.016 0.044*** 0.144*** 0.053

(0.007) (0.014) (0.018) (0.006) (0.022) (0.033)
Language 0.115%** 0.094*** 0.117*** 0.119*** 0.115%** 0.113%**
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Table 8: Beauty premium estimates for posted wages from Heckman second stage
regression

FEMALE-TARGETED ADS MALE-TARGETED ADS

(0.006) (0.010) (0.015) (0.006) (0.019) (0.028)
Financial 0.019%** 0.048*** -0.039*** 0.135%** -0.056 0.078

(0.007) (0.008) (0.014) (0.009) (0.041) (0.054)
People -0.018 0.032 -0.013 0.109*** -0.070% -0.089*
management

(0.014) (0.020) (0.031) (0.017) (0.040) (0.051)
Project 0.064*** 0.056*** 0.109*** -0.043*** 0.022 0.047
management

(0.010) (0.017) (0.025) (0.007) (0.024) (0.034)
Art 0.041%** 0.046** -0.016 0.040%** 0.028 -0.033

(0.014) (0.020) (0.028) (0.007) (0.019) (0.029)
Character -0.069*** -0.010 -0.036** -0.048*** -0.039** -0.058**

(0.007) (0.011) (0.017) (0.005) (0.020) (0.027)
Cognitive 0.021*** 0.005 0.005 -0.022%** -0.060*** -0.018

(0.005) (0.009) (0.014) (0.005) (0.013) (0.023)
Customer -0.003 0.045*** 0.033** 0.076*** 0.003 0.022
service

(0.006) (0.010) (0.015) (0.007) (0.018) (0.026)
Social 0.009 -0.010 -0.004 0.031*** 0.014 0.016

(0.005) (0.008) (0.013) (0.005) (0.011) (0.020)
Writing -0.005 0.022 -0.035 0.090*** -0.017 -0.076

(0.011) (0.024) (0.029) (0.014) (0.047) (0.057)
IMR -0.025*** -0.013* -0.012 -0.042%** -0.018** -0.167***

(0.005) (0.007) (0.026) (0.005) (0.009) (0.046)
Obs. 15,027 7,830 2,530 23,905 4,425 1,200
R? 0.540 0.477 0.409 0.572 0.662 0.685

Notes: The table presents beauty premium estimates for women and men in the second stage of
the Heckman procedure controlling for selection bias. Columns (1) and (4) show results for the
whole sample without matching for female and male subsamples, respectively. Columns (2) and
(5) show results for text matching for female and male subsamples, respectively. Columns (3) and
(6) show results from CEM for female and male subsamples, respectively. Robust standard errors
are shown in parentheses. *, **, and *** indicate significance at 10%, 5%, and 1%, respectively.
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Online Appendix

A1l Covariate balance diagnostics for CEM

Table A9 shows the extent of covariate imbalance after CEM. The overall imbalance is illustrated
by the L1 statistic, which represents the percentage of overlap between the density of the two
distributions of treated and control groups. The value of zero (i.e., L1 = 0) indicates perfect global
balance, higher values indicate a higher imbalance between treatment and control units, and the
maximum value of one indicates complete separation. We observe a substantial reduction in the
L1 statistic after matching, from 0.814 to 0.045 for the women subsample and from 0.918 to 0.053
for the men’s subsample; i.e., our matching strategy leads to an overall increase in covariate
balance. The amount of covariate imbalance remaining is trivial.

We also report unidimensional measures of imbalance computed for each variable separately.
As can be seen, our matchings for both women and men subsamples achieve perfect balance in
the means, marginal and joint distributions of almost all job characteristics. The only exception
is the job title, where the imbalance remains at negligible levels.

A2 Posting frequency

In Appendix Figure A4, we examine whether the observed beauty premium is driven by the
potential influence of employers” posting practices. The concern is that employers who engage
in frequent and extensive job postings, as proxied by the number of job postings made by each
employer during the sample period, may have less tailored and specific vacancy descriptions.
The results reveal that, irrespective of whether vacancies are posted by employers with frequent
or infrequent posting patterns, we still see a significant beauty premium for women’s wages.
Specifically, we find beauty premia of 3.4% and 3.9% for women in jobs advertised by frequently
(above-median) and infrequently (below-median) posting employers, respectively.
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Figure A1: Share of job postings by firm size
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Notes: The figure shows the share of vacancies by firm size categories as measured by the num-
ber of employees of the recruiting firm.
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Figure A3: Frequency of stating preferences for physical appearance by industry,
for men’s jobs versus women’s jobs
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Notes: The figure shows the share of beauty-biased ads by industry in male-targeted ads (blue
bars) and female-targeted ads (red bars).
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Figure A4: Beauty premium estimates by posting frequency
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Notes: The figure presents beauty premium estimates for women and men by posting frequen-
cies without adjusting for selection effects (Panel A) and adjusting for selection effects (Panel B).
Estimates with 95% confidence intervals are reported.
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Table A1: List of job titles/occupations

Accountant
Accounting manager
Actor
Admin
Appraiser
Architect
Art teacher
Bartender
Beauty teacher
Beauty technician
Bodyguard
Branch manager
Broker
Business representative
Business support staff
Businessman
Cashier
Chef
Chess game instructor
Chinese interpreter
Clearance specialist
Content creator
Controller/supervisor
Cook
Customer service manager
Customer service staff
Deliveryman
Deputy
Deputy manager
Designer
Developer
Director
Doctor

Driver
Editor
Engineer
English interpreter
English teacher
Equipment deployment staff
Event organizer
Financial advisor
Gymnastics teacher
HR staff
Import-export staff
Internal auditor
IT staff
IT teacher
Legal experts
Librarian
Live streamer
Manager
Marketing staff
Marketing manager
Maths teacher
MC
Merchandiser
Network admin
Nurse
Nursery teacher
Office supporter
Officer
Online supporter
Others
Partnership staff

Personal trainer

Pharmacist

PR staff
Primary school teacher
Procedure controller
Product advisor
Product/content reviewer
Production statistics staff
Project development staff
QA staff
Real estate businessman
Receptionist
Restaurant manager
Sale assistant
Sales
Sales consultant
Sales manager
Secretary
Security
Shop manager
Spa advisor
Stylist
Supply chain staff
Support staff
Swimming pool lifeguard
Teaching assistant
Technician
Tour operator
Training specialist
Visa/study abroad advisor
Waiter
Warehouse staff
Workman

Notes: The table presents the job titles/occupations in our data.
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Table A2: List of keywords

SKILLS KEYWORDS
Art Art, artistic
Character Organized, detail-oriented, multitasking, time management,
meeting deadlines, energetic
Cognitive Problem-solving, research, analytical, critical thinking, math,
statistics
Computer Computer, spreadsheets, common software (e.g., Microsoft Excel,

Customer service
Financial

Language

Project management
People management
Social

Software

Writing

Physical attractiveness

PowerPoint)

Customer, sales, client, customer service

Budgeting, accounting, finance, cost

English, Japanese, Korean, Chinese, foreign language

Project management

Supervisory, leadership, human management, mentoring staff

Communication, teamwork, collaboration, negotiation, presentation

Programming language or specialized software (e.g., Java, SQL,
C++)

Writing

Pretty face, attractive face, good looking, pretty, attractive

Notes: The table presents the categorization of keywords into skill /requirement groups.
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Table A3: Descriptive statistics for salary-quoting job subsamples

(1)

(2)

)

(4)

©)

(6)

No No PHYS. PHYS. AP-
GENDER GENDER DIFF. APPEAR- PEARANCE DIFF.
ANCE

SALARY 9,634,132 8,446,213 1,187,919*** 9,606,251 7,574,860 2,031,391 ***
EDUCATION

High school 0.133 0.151 -0.017*** 0.111 0.290 -0.179***

Voc. training 0.003 0.010 -0.006*** 0.006 0.003 0.003***

Ass. degree 0.626 0.637 -0.011%** 0.630 0.621 0.009**

Univ. degree 0.235 0.199 0.036*** 0.250 0.085 0.165***

Other educ. 0.002 0.004 -0.002*** 0.003 0.001 0.002***
EXPERIENCE

0-1 year 0.423 0.401 0.022%** 0.392 0.557 -0.165***

1-2 years 0.336 0.360 -0.025%** 0.343 0.341 0.002

2-5 years 0.211 0.209 0.002 0.231 0.094 0.137%**

5+ years 0.031 0.029 0.001 0.034 0.008 0.026%**
LEVEL

New /Intern. 0.027 0.037 -0.009*** 0.029 0.032 -0.003**

Non-manager 0.825 0.863 -0.038*** 0.823 0.906 -0.084***

Manager 0.148 0.101 0.047%** 0.148 0.061 0.087***
LOCATION

Ha Noi 0.282 0.337 -0.054*** 0.297 0.300 -0.003

Ho Chi Minh C. 0.328 0.302 0.026%** 0.320 0.324 -0.004

Other cities 0.390 0.361 0.029*** 0.383 0.376 0.007*
Obs. 98,197 38,945 116,250 20,892

Notes: The table shows the summary statistics of main variables across subsamples. *, **, and

*** indicate significance at 10%, 5%, and 1% for a t-test of whether the subsamples have equal

means, respectively.
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Table A5: Definitions of main variables

VARIABLE

DEFINITION

High school
Vocational training
Associate degree
University degree
Other education
0-1 year

1-2 years

2-5 years

5+ years

Entry level/Internship
Non-manager
Manager

Ha Noi

HCM

Other locations
Computer
Software
Language

Financial

An indicator variable that takes the value of 1 if the job ad requires a high
school qualification and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad requires a
vocational training qualification and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad requires an
associate degree qualification and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad requires a
university degree qualification and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad requires other
educational qualifications and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad requires less
than one year of experience and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad requires 1-2
years of experience and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad requires 2-5
years of experience and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad requires more
than 5 years of experience and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad is at an entry
level/internship position and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad is at a
non-managerial position and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad is at a
managerial position and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad is located in Ha
Noi and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad is located in
HCM city and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad is located in
other cities/provinces and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad requires
computer skill and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad requires
software skill and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad requires
language skill and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad requires financial
skill and 0 otherwise.
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Table A5: Definitions of main variables

VARIABLE

DEFINITION

People management
Project management
Art

Character

Cognitive

Customer service
Social

Writing

Phys. attractiveness

An indicator variable that takes the value of 1 if the job ad requires people
management skill and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad requires project
management skill and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad requires artistic
skill and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad requires
character skill and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad requires
cognitive skill and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad requires
customer service skill and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad requires social
skill and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad requires writing
skill and 0 otherwise.

An indicator variable that takes the value of 1 if the job ad requires physical
attractiveness and 0 otherwise.

Notes: The table presents definitions of the main variables used in our analysis.
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Table A6: Robustness check for beauty premium estimates controlling for height and

age requirements

FEMALE MALE
(4] V) 3) @
HEIGHT HEIGHT AND HEIGHT HEIGHT AND
AGE AGE

Physical attractiveness 0.032*** 0.032*** -0.012 -0.015
(0.006) (0.006) (0.015) (0.014)

Vocational training 0.134*** 0.133*** 0.185%** 0.159***
(0.049) (0.049) (0.030) (0.031)

Associate degree 0.005 0.005 0.026*** 0.032%**
(0.009) (0.009) (0.009) (0.009)
University degree 0.046*** 0.046*** 0.024 0.027
(0.014) (0.014) (0.023) (0.023)

Other education 0.021 0.021 -0.123** -0.132**
(0.110) (0.110) (0.051) (0.052)

1-2 years 0.087*** 0.087*** 0.067*** 0.058***
(0.007) (0.007) (0.016) (0.016)

2-5 years 0.3027%** 0.3027%** 0.156%** 0.158***
(0.014) (0.014) (0.018) (0.018)

5+ years 0.787*** 0.786*** 0.407*** 0.399***
(0.067) (0.067) (0.051) (0.051)

Non-manager 0.065%** 0.065%** 0.044%* 0.052%**
(0.016) (0.016) (0.016) (0.016)

Manager 0.344*** 0.344*** 0.308*** 0.310%**
(0.032) (0.032) (0.057) (0.056)

Ha Noi -0.011 -0.011 0.057%** 0.055%**
(0.008) (0.008) (0.010) (0.010)

HCM 0.055*** 0.054*** 0.032*** 0.031***
(0.008) (0.008) (0.011) (0.011)

Height 0.062%** 0.0627%** -0.025** -0.027**
(0.016) (0.016) (0.012) (0.012)

Age requirement 0.003 0.075%**
(0.008) (0.015)

Computer 0.014* 0.014* -0.055%** -0.060***
(0.007) (0.007) (0.014) (0.014)
Software 0.031** 0.031** -0.007 -0.000
(0.014) (0.014) (0.025) (0.025)

Language 0.100%** 0.100%** 0.092%** 0.095%**
(0.010) (0.010) (0.019) (0.019)
Financial -0.066*** -0.067*** 0.080%* 0.067
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Table A6: Robustness check for beauty premium estimates controlling for height and
age requirements

FEMALE MALE
(0.008) (0.008) (0.044) (0.045)
People management 0.046*** 0.046*** -0.084* -0.094*
(0.017) (0.017) (0.050) (0.050)
Project management 0.060*** 0.059*** -0.019 -0.025
(0.015) (0.015) (0.029) (0.029)
Art -0.055*** -0.055*** 0.022 0.033
(0.017) (0.017) (0.021) (0.021)
Character -0.024** -0.024** -0.044** -0.033
(0.010) (0.010) (0.021) (0.020)
Cognitive 0.023*** 0.023*** -0.043*** -0.043***
(0.008) (0.008) (0.016) (0.016)
Customer service 0.056*** 0.056*** 0.004 0.005
(0.009) (0.009) (0.019) (0.019)
Social -0.047*** -0.047*** 0.049*** 0.053***
(0.007) (0.008) (0.013) (0.013)
Writing -0.002 -0.002 0.096 0.102*
(0.018) (0.018) (0.061) (0.062)
Obs. 7,807 7,807 4,480 4,480
R? 0.492 0.492 0.671 0.675

Notes: The table presents beauty premium estimates after controlling for height and age require-
ments. Columns (1) and (3) show results of regressions controlling for height requirement using
text-matched samples. Columns (2) and (4) show results of regressions controlling for height
and age requirements. Time, job title, and firm size fixed effects are included but not reported.
Robust standard errors are shown in parentheses. *, **, and *** indicate significance at 10%, 5%,
and 1%, respectively.
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Table A7: Robustness check for beauty premium estimates with minimum salary
without adjusting for selection effects

FEMALE MALE
(1) (2) ) (4) ) (6)
No TEXT CEM No TEXT CEM
MATCH- MATCH- MATCH- MATCH-
ING ING ING ING
Physical attr./ness 0.035%** 0.012% 0.037%** -0.054*** -0.053*** -0.053***
(0.006) (0.006) (0.010) (0.008) (0.012) (0.017)
Vocational training 0.098*** 0.154** -0.039** 0.379%** 0.135**
(0.034) (0.038) (0.016) (0.034) (0.055)
Associate degree -0.029*** -0.003 -0.013 0.001 0.026%** 0.051*
(0.008) (0.008) (0.017) (0.005) (0.008) (0.025)
University degree 0.047*** 0.034*** 0.117*** 0.148*** 0.046** 0.183***
(0.010) (0.013) (0.027) (0.008) (0.022) (0.044)
Other education 0.038 0.020 0.067** -0.176***
(0.035) (0.083) (0.027) (0.055)
1-2 years 0.082%** 0.068*** 0.098*** 0.039*** 0.113** 0.078***
(0.005) (0.006) (0.010) (0.004) (0.014) (0.025)
2-5 years 0.306*** 0.293*** 0.296*** 0.193*** 0.194*** 0.130***
(0.008) (0.014) (0.024) (0.006) (0.018) (0.035)
5+ years 0.578*** 0.801*** 0.344 0.443%** 0.402%** 0.324x**
(0.031) (0.075) (0.295) (0.015) (0.049) (0.062)
Non-manager 0.049%* 0.020 -0.043 0.005 0.097%** -0.027
(0.010) (0.016) (0.046) (0.010) (0.016) (0.027)
Manager 0.392%** 0.291%** 0.225** 0.244%** 0.333*** 0.307%**
(0.020) (0.032) (0.088) (0.014) (0.047) (0.071)
Ha Noi 0.025%** 0.003 0.032** 0.043*** 0.063*** 0.028
(0.005) (0.008) (0.013) (0.005) (0.009) (0.020)
HCM 0.078*** 0.065*** 0.082%** 0.047%* 0.044% -0.033**
(0.005) (0.008) (0.012) (0.004) (0.009) (0.016)
Computer -0.017*** 0.017* 0.002 -0.015%* -0.034** -0.010
(0.005) (0.007) (0.011) (0.005) (0.014) (0.019)
Software -0.004 0.054*** 0.019 0.037%** -0.008 0.030
(0.007) (0.014) (0.017) (0.006) (0.016) (0.026)
Language 0.116*** 0.106*** 0.070%** 0.121%** 0.097*** 0.130***
(0.006) (0.010) (0.012) (0.006) (0.017) (0.024)
Financial 0.009 -0.055*** -0.062*** 0.120%** 0.059 0.099%
(0.006) (0.008) (0.013) (0.009) (0.039) (0.052)
People management -0.018 0.029* -0.054* 0.098*** 0.007 -0.096*
(0.013) (0.017) (0.031) (0.016) (0.040) (0.049)
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Table A7: Robustness check for beauty premium estimates with minimum salary
without adjusting for selection effects

FEMALE MALE
Project management 0.073*** 0.051*** 0.114*** -0.020%** 0.021 0.056*
(0.010) (0.017) (0.026) (0.007) (0.028) (0.031)
Art 0.011 -0.062%** -0.041* 0.026*** 0.039* -0.002
(0.012) (0.016) (0.024) (0.006) (0.021) (0.026)
Character -0.088*** -0.045%** -0.095%** -0.048%** -0.103*** -0.025
(0.007) (0.010) (0.016) (0.005) (0.017) (0.023)
Cognitive 0.020*** 0.023*** 0.015 -0.0307%** -0.004 -0.025
(0.005) (0.008) (0.012) (0.005) (0.015) (0.021)
Customer service -0.007 0.042%** 0.039*** 0.044*** -0.012 -0.024
(0.006) (0.008) (0.013) (0.006) (0.019) (0.023)
Social 0.012** -0.0471%** 0.011 0.032%** 0.026** 0.024
(0.005) (0.007) (0.011) (0.004) (0.011) (0.018)
Writing -0.020* -0.035* -0.001 0.087*** -0.195%** -0.064
(0.012) (0.019) (0.029) (0.012) (0.043) (0.059)
Obs. 15,027 7,807 3,050 23,905 4,480 1,370
R? 0.582 0.509 0.472 0.587 0.713 0.670

Notes: The table presents beauty premium estimates for women and men using minimum salary

for jobs quoting a salary range. Columns (1) and (4) show results for the whole sample without

matching for female and male subsamples, respectively. Columns (2) and (5) show results for

text matching for female and male subsamples, respectively. Columns (3) and (6) show results

from CEM for female and male subsamples, respectively. Time, job title, and firm size fixed

effects are included but not reported. Robust standard errors are shown in parentheses. *, **,

and *** indicate significance at 10%, 5%, and 1%, respectively.
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Table A8: Robustness check for beauty premium estimates with maximum salary

without adjusting for selection effects

FEMALE MALE
(1) (2) ) (4) ) (6)
No TEXT CEM No TEXT CEM
MATCH- MATCH- MATCH- MATCH-
ING ING ING ING
Physical attr./ness 0.062%** 0.053*** 0.058*** 0.024** -0.000 0.013
(0.008) (0.007) (0.013) (0.010) (0.016) (0.023)
Vocational training 0.198*** 0.120% -0.042%** 0.042 0.193***
(0.045) (0.065) (0.014) (0.031) (0.064)
Associate degree -0.024** 0.012 -0.013 -0.011 0.031%** 0.080**
(0.010) (0.010) (0.027) (0.007) (0.011) (0.036)
University degree 0.066*** 0.057*** 0.109*** 0.138*** 0.026 0.244x**
(0.012) (0.015) (0.036) (0.010) (0.027) (0.050)
Other education -0.003 0.020 0.041 -0.093*
(0.042) (0.139) (0.032) (0.052)
1-2 years 0.074*** 0.095%** 0.066*** 0.039*** 0.049% 0.050
(0.006) (0.007) (0.013) (0.005) (0.019) (0.036)
2-5 years 0.285%** 0.306*** 0.264*** 0.179*** 0.140%** 0.149***
(0.009) (0.015) (0.028) (0.007) (0.022) (0.042)
5-10 years 0.571%** 0.768*** 0.891 0.423%** 0.418*** 0.393***
(0.034) (0.064) (0.590) (0.017) (0.061) (0.076)
Non-manager 0.085%** 0.099%** 0.038 -0.020 0.012 -0.066*
(0.012) (0.018) (0.047) (0.012) (0.021) (0.035)
Manager 0.476%** 0.395%** 0.357*** 0.236** 0.292%** 0.264***
(0.024) (0.034) (0.103) (0.016) (0.067) (0.083)
Ha Noi 0.047%* -0.020** 0.034* 0.067*** 0.053*** 0.040%
(0.006) (0.009) (0.018) (0.005) (0.012) (0.023)
HCM 0.088*** 0.048*** 0.086*** 0.068*** 0.024* -0.035
(0.006) (0.009) (0.018) (0.005) (0.013) (0.021)
Computer -0.034*** 0.010 -0.038*** -0.042%** -0.074*** -0.030
(0.006) (0.008) (0.013) (0.006) (0.017) (0.025)
Software -0.026*** 0.012 0.016 0.049*** -0.021 0.010
(0.008) (0.014) (0.020) (0.007) (0.032) (0.038)
Language 0.117%* 0.095%** 0.084*** 0.119** 0.093*** 0.133***
(0.007) (0.011) (0.015) (0.007) (0.023) (0.030)
Financial 0.028*** -0.072%* -0.013 0.154%** 0.092% 0.088**
(0.007) (0.009) (0.017) (0.010) (0.050) (0.045)
People management -0.019 0.053*** -0.044 0.113*** -0.119* -0.075
(0.015) (0.019) (0.035) (0.018) (0.062) (0.056)
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Table A8: Robustness check for beauty premium estimates with maximum salary
without adjusting for selection effects

FEMALE MALE
Project management  0.059*** 0.066%*  0.074%*  -0.064*** -0.048 0.028
(0.011) (0.016) (0.025) (0.008) (0.033) (0.036)
Art 0.057+*  -0.051*** 0.034 0.055*** 0.022 0.000
(0.015) (0.019) (0.030) (0.008) (0.024) (0.028)
Character -0.058%** -0.008 -0.031 -0.048%** 0.004 -0.041
(0.008) (0.012) (0.019) (0.006) (0.024) (0.028)
Cognitive 0.025*** 0.023** 0.031** 0.018%*  -0.064%** -0.016
(0.006) (0.009) (0.015) (0.006) (0.018) (0.026)
Customer service -0.001 0.060%** 0.036** 0.091%** 0.004 0.069**
(0.007) (0.010) (0.017) (0.008) (0.022) (0.027)
Social 0.009 -0.053*+* -0.003 0.032%** 0.058*+* 0.020
(0.006) (0.008) (0.014) (0.005) (0.015) (0.023)
Writing 0.007 0.021 0.010 0.093*** 0.223*%  -0.132%
(0.012) (0.019) (0.029) (0.016) (0.080) (0.061)
Obs 15,027 7,807 3,050 23,905 4,480 1,370
R 0.484 0.459 0.353 0.519 0.613 0.604

Notes: The table presents beauty premium estimates for women and men using maximum salary
for jobs quoting a wage range. Columns (1) and (4) show results for the whole sample without
matching for female and male subsamples, respectively. Columns (2) and (5) show results for
text matching for female and male subsamples, respectively. Columns (3) and (6) show results
from CEM for female and male subsamples, respectively. Time, job title, and firm size fixed
effects are included but not reported. Robust standard errors are shown in parentheses. *, **,
and *** indicate significance at 10%, 5%, and 1%, respectively.
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Table A9: CEM balance checks (without adjusting for selection effects)

PANEL A: FEMALE SUBSAMPLE

Multivariate L1 distance before matching: 0.814
Multivariate L1 distance after matching: 0.045
Univariate imbalance

(1) ) ) (4) () (6) @)

L1 MEAN MIN 25% 50% 75% MAX
Education 0 0 0 0 0 0 0
Experience 0 0 0 0 0 0 0
Level 0 0 0 0 0 0 0
Location 0 0 0 0 0 0 0
Quarter 0 0 0 0 0 0 0
Job title 0.013 -0.512 0 -5 0 0 2
Firm size 0 0 0 0 0 0 0

PANEL B: MALE SUBSAMPLE

Multivariate L1 distance before matching: 0.918
Multivariate L1 distance after matching: 0.053

Univariate imbalance

1) ) ) (4) (5) (6) @)

L1 MEAN MIN 25% 50% 75% MAX
Education 0 0 0 0 0 0 0
Experience 0 0 0 0 0 0 0
Level 0 0 0 0 0 0 0
Location 0 0 0 0 0 0 0
Quarter 0 0 0 0 0 0 0
Job title 0.018 0.156 0 0 0 0 0
Firm size 0 0 0 0 0 0 0

Notes: The table reports multivariate and univariate imbalance measures for the female sub-
sample in panel A and makes subsample in Panel B. For both panels, column (1) reports the L1
imbalance measure for each variable. Column (2) reports the difference in the density distribu-
tions between treated and control groups at the mean. Columns (3) to (7) report the difference
in the density distributions between treated and control groups for the oth (Min), 25th 5oth 75th
and 100 (Max) percentiles, respectively.
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Table A10: Beauty premium estimates for before and during COVID lockdown

(1)

(2)

Physical attractiveness x Pre-lockdown
Physical attractiveness x Lockdown
Vocational training

Associate degree

University degree

Other education

1-2 years

2-5 years

5-10 years

Non-manager

Manager

Ha Noi

HCM

Computer

Software

Language

Financial

People management

Project management
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FEMALE
0.026***
(0.007)
0.082%%*
(0.013)
0.130***
(0.049)
0.003
(0.009)
0.046***
(0.014)
0.014
(0.108)
0.085***
(0.006)
0.300***
(0.014)
0778+
(0.066)
0.065***
(0.016)
0.354%+
(0.032)
-0.013
(0.008)
0055
(0.008)
0.012*
(0.007)
0.029**
(0.014)
0.100***
(0.010)
-0.064%+
(0.008)
0.042%*
(0.017)
0.060***
(0.015)

MALE
-0.051***
(0.016)
0.051%**
(0.017)
0.193***
(0.031)
0.017*
(0.009)
0.007
(0.023)
-0.119**
(0.053)
0.072***
(0.016)
0.166%**
(0.019)
0.418***
(0.051)
0.041**
(0.017)
0.308***
(0.055)
0.051***
(0.010)
0.022**
(0.011)
-0.051***
(0.014)
-0.014
(0.024)
0.097***
(0.019)
0.075*
(0.044)
-0.089*
(0.050)
-0.017
(0.029)



Table A10: Beauty premium estimates for before and during COVID lockdown

(1) 2)
Art -0.055%** 0.027
(0.017) (0.021)
Character -0.024** -0.034*
(0.010) (0.020)
Cognitive 0.021** -0.0427***
(0.008) (0.016)
Customer service 0.054*** 0.019
(0.009) (0.020)
Social -0.048%** 0.039***
(0.007) (0.013)
Writing -0.007 0.096*
(0.018) (0.058)
Obs. 7,808 4,482
R? 0.492 0.674

Notes: The table presents beauty premium estimates for women and men before and during
COVID lockdown. Columns (1) and (2) show the beauty effects across subsamples of female-
and male-targeted ads, respectively. Skill demand variables and fixed effects are included but
not reported. Robust standard errors are shown in parentheses. *, **, and *** indicate significance
at 10%, 5%, and 1%, respectively.
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