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This research is concerned with identifying language effects on labor market outcomes in
the bilingual economy of Ukraine. A unique data set is examined by calculating
descriptive statistics and estimating conventional earnings equations, to see whether at
present returns to different combinations of Ukrainian and Russian languages skills are
symmetric. Both descriptive statistics and initial models calculated by OLS suggest
negative rewards for better knowledge of Ukrainian. More parsimonious specifications
provide a better fit to the data, and the inclusion of the mother tongue and ethnic identity
variables remove negative income bias of the Ukrainian language knowledge per se. The
returns to the Ukrainian mother tongue are negative and strongly significant. The models
calculated for local labor markets provide similar results. The rewards for bilingual skills
are highly asymmetric and strongly dependent on the initial linguistic endowment. The
Heckman procedure is used to show the absence of selection bias in the OLS models.
The mother tongue identity is interpreted to capture the long-run dependence of labor
market outcomes on the initial linguistic endowment, constituting “historically-driven”
labor market segmentation. We thus conclude that returns to the language skills used to
be significantly asymmetric. However, at present the marginal agent is indifferent
between better knowledge in ecither of the languages. This gives grounds to a claim of
successful “ukrainization” policy (reinforced by the increased national awareness of the
Ukrainians), which has reached its intermediate goal of equating the remunerations for

the Russian and Ukrainian languages knowledge.
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Chapter 1

INTRODUCTION

Ukraine is a bilingual country. But the Ukrainian language was being
suppressed for many years in the country, especially during the Soviet era, so if
we consider the initial language situation of the independent Ukraine, the
Ukrainian language was not really needed. In short, Russian dominated much of
the political and economic life of the country. However, following the
Declaration of the Independence in 1991, the Ukrainian language was made the
only official language. As the government is trying to implement the policy of
“ukrainization”, requiring all the official transactions in the economy to be
conducted in Ukrainian, and the national awareness of the Ukrainian society is
increasing, the role of this language in the economy is becoming more and more

important.

In our research we use a representative survey of the Ukrainian
population, conducted by the Institute of Sociology of the National Academy of
Sciences of Ukraine in 2002 to see if at present the returns to different
combinations of Ukrainian and Russian languages skills are symmetric. Both
descriptive statistics and initial models calculated by OLS suggest negative
rewards for better knowledge of Ukrainian. More parsimonious specifications
provide a better fit to the data, and the inclusion of the mother tongue and ethnic
identity variables remove negative income bias of the Ukrainian language
knowledge per se. The returns to the Ukrainian mother tongue are negative and
strongly significant. The models calculated for local labor markets provide similar
results. The rewards for bilingual skills are highly asymmetric and strongly
dependent on the initial linguistic endowment. The Heckman procedure is used

to show the absence of selection bias in the OLS models. The mother tongue



identity is interpreted to capture the long-run dependence of labor market
outcomes on the initial linguistic endowment, constituting ‘“historically-driven”

labor market segmentation.

We thus claim that the “ukrainization” policy, reinforced by the increased
national awareness of the Ukrainians, has reached its intermediate goal of
equating the remunerations for the Russian and Ukrainian languages. At present,
the marginal agent is indifferent between better knowledge in either of the
languages. However, the situation is far from any advantage of the Ukrainian
language over Russian. Our analysis provides a powerful counterargument against

any claims of the newly introduced bias against Russian speakers.

The following section presents the state of the art in the field of the
economics of language and research of bilingual economies in particular. Section
3 provides a theoretical framework for our analysis. Section 4 is concerned with
data description and variables construction. Section 5 displays estimation findings
for different models and sub-samples. Section 6 concludes our analysis as well as

outlines policy implications.



Chapter 2

LITERATURE REVIEW

The issue of language is definitely not something explored in length and
depth by economists. As it is, they have approached the phenomenon of language
in two completely different fashions. The first one is concerned with analyzing
the structure of languages using economic analytical tools, and game theory in
particular, thus exploring “the magic of the links between the formal language of
the mathematical models and natural language” (Rubinstein, 2001). The second
one is more strongly related to conventional economic research, treating
languages as an integral part of the real world economies that needs to be
reflected in the devised economic models. To this end, Grin and Vaillancourt
(1999) define the economics of language as “the study of the relationships
between linguistic and economic variables”. In our work we are going to be
concerned with exactly this thing, investigating possible links between the
knowledge of Russian and Ukrainian languages and the people’s income in

Ukraine.

For obvious reasons, the research in the area has mostly been limited to
the countries where there is a significant portion of the population not speaking
the official language (Hispanics and other immigrant groups in the USA,
immigrants in Germany and Israel), speaking one of the official languages
(Switzerland; Canada, and Quebec in particular). Actually, “both theoretical and
empirical work primarily focus on bilingualism, rather than in multilingualism in

general”(Grin and Vaillancourt, 1999).

Grin and Vaillancourt (1999) delineate four definitions of language, as

<

used in the economic literature. The first one regards language as “an ethnic



attribute or marker similar to race”, as inspired by models of racial discrimination.
The second approach relates the properties of language to that of trade (“using
the analogy of international trade between countries to stress the role of language
as a means of exchange between groups or individuals”), and the third to human
capital. As Grin and Vaillancourt point out, the first approach “overlooks the role
of language as a communication tool and the following two approaches address
this issue, but neglect the ethnic marker dimension of language”. However, they
opine that Vaillancourt (1980) devises a model that accounts for both of the
classical dimensions of language, “distinguishing between the mother tongue,
seen as an ethnic attribute and a form of human capital, and the other languages
known by an individual, solely defined as elements of human capital”. In our
work we are going to follow this fourth approach, viz. analyze the influence of
the initial “linguistic endowment” on the income level and measure the returns to
learning Russian or Ukrainian languages (“language and earnings” area of

research in economics of language, as defined by Grin and Vaillancourt (1999)).

Grin and Vaillancourt (1999) summarize the basic principles of the

empirical work on the language factor of earnings:

—_

the ordinary least squares multivariate analysis technique;
2. public use samples from Censuses or survey data;

3. more or less narrow samples with sex (men) and age (25-64) often

used as constraints;

4. the logarithm of earnings, or only wages and salaries as the

dependent variable;

5. education, experience and its square and weeks worked (if the
sample is not restricted to full year workers) as control factors

(independent variables) in accordance with the usual specification



of Mincerian earnings equations. Other variables such as marital
status, region, type of employment, etc., are also commonly used,

depending on the availability of data.

As Christofides and Swidinsky (1997) indicate, a number of studies on
Canada have attempted estimating the economic value of the different official
language skills using various time periods, regions, data sets, and measures of
language fluency. As the authors opine: “In general they {the studies} fail to find
strong language effects on earning outside Quebec. In Quebec, fluency in only
the French language is associated with lower labor market earning, but this
negative earning effect has become significantly weaker since the 1970’s. The

returns to bilingualism are generally positive”.

In an early work Geoffrey Carliner (1981), using the data from the 1971
Canadian Census, concluded that in Montreal and Quebec there were substantial
economic rewards to learning English for native French speakers; however, even
such bilinguals earned less than monolingual English speakers (and there were no
rewards to the native English speakers deciding to learn French). Outside
Quebec, monolingual English workers also earned more than both monolingual
and bilingual French speakers (insignificantly), and less than bilingual English

workers (again, insignificantly).

Pendakur and Pendakur (1997) concentrate on the returns to speaking
non-official languages employing the 1991 Canadian Census data. Using
conditional odds from logit regressions they also analyze the employment
prospects for different language groups. Remarkably, they discover that the
employment prospects are not always symmetrical to the wage premiums, as
defined by language skills. Thus, e.g. “being a male unilingual francophone in
Montreal actually helps job prospects, but does not necessarily increase wages”.

All in all, as already stated above, the authors’ results differ significantly across the



country, “suggesting that the market for official language knowledge is local, and

not national”.

Christofides and Swidinsky (1997) estimate the effects of bilingual
language skills on annual earnings, using the data from the 1971, 1981 and 1991
Censuses. Their OLS results show a substantial change in the impact of official
languages skills on annual earnings between 1971 and 1991. But, although “the
earnings of bilingual Anglophones and Francophones in Quebec, relative to
earnings of unilingual Anglophones in Quebec, have increased sharply between
1971 and 1991, the relative increase is not solely the result of higher absolute
earnings paid to bilingual male workers. A major share of the relative increase in
the earnings of bilingual workers must be attributed to the severe decline in the
labor market status of unilingual English-speaking males in Quebec”. This
interesting result may be interpreted as monolingual English speakers bearing the
costs of the francophonization policy in Quebec. The authors furthermore note
that “an analysis of more detailed regression results failed to uncover any
definitive age, educational, or occupational patterns to the returns to bilingualism
outside Quebec”, except (not surprisingly) for the bilinguals working in the public
sector, who have significantly higher earnings (as compared to English

monolinguals).

The main caveat of analyzing the returns to the language capital is its
binary composition. Thus, while the mother tongue is clearly an exogenous asset,
the language acquired as a result of a conscious choice on the part of an
individual, should be regarded differently. As Pendakur and Pendakur (1997)
state: ““This categorization is important because, while it can be argued that
people who learn an additional language later in life may have other abilities
which can affect performance in the labor force, it is harder to envision this being
the case for people who start out with two languages”. They further conclude that

the returns to the mother tongue are the “true” returns to the language capital, as



“unpolluted by correlations with unobservable variables”. Thus, they separate the
bilinguals into “natural” and “learned”, and receive quite significant (numerically,
statistical significance not demonstrated) difference between wage differentials
accruing for “natural” and “learned” bilinguals. The authors opine that: “The true
return to official and non-official language knowledge, unpolluted by

unobservable variable bias, is somewhere between the two returns”,

As Christofides and Swidinsky (1997) admit it is very probable that
language variables in their OLS earnings regressions are endogenous, which yields
biased and inconsistent results. They address the problem of endogeneity using
Heckman (1979) procedure. They “specify separate log-earnings equations for
bilingual and unilingual individuals which contain the appropriate inverse Mills
ratios; the latter are constructed from a background probit equation which
explains the decision to become bilingual. The selection-adjusted log-earnings
equations may control for the individual’s mother tongue, an attribute which is

clearly exogenous”.

Henley and Jones (2001) use Heckman procedure and Oaxaca-Ransom
(1994) earnings decomposition to analyze the wage differentials between
Anglophone and bilingual (those who also know Welsh) workers in Wales. They
find that, contrary to the raw data statistical evidence and selectivity-unadjusted
OLS results, the bilinguals are “somewhat underpaid, for given characteristics, as

compared to Anglophones”.



Chapter 3

THEORETICAL FRAMEWORK

We are going to single out at least three different labor markets in
Ukraine: Western, Central and Eastern, following the general geographical
distribution of Russian and Ukrainian speakers, as well as some other socio-
demographic and economic factors that localize these regions. Such approach is
quite common in the research work on the issue, especially for the Canadian
labor market. Thus, Pendakur and Pendakur (1997) find for 1991 Canadian
Census data a different impact of language on earnings for the same type of labor
force in different Canadian regions. As the authors confess: “We initially ran
regressions for Canada as a whole, however we restricted analysis to three CMAs
{Census Metropolitan Areas} because it quickly became apparent that different
CMAs have very different pay-offs to language knowledge and are effectively

different language markets”.

We can further assume the existence of two (in case of bilingualism)
separate labor markets for the speakers of the different languages inside each
geographically isolated labor market. Christofides and Swidinsky (1997) analyze a
basic supply-demand framework (they do it implicitly for Quebec) under this
assumption. They consider, following Bloom and Grenier (1992), a local
economy with two language communities, French and English, and two
corresponding labor markets. Each market is characterized by a supply-demand
framework, with the wage rate and the quantity of labor as the defining price-
quantity variables. Workers in both markets are identical, except for language
skills. Some workers speak only French, some only English, but some are fully
bilingual and can function in both labor markets. Fluency in only one language is

determined exogenously by mother tongue (or acquired through the educational

10



system), but bilingualism is an acquired language attribute that is endogenous to
labor market conditions. Given that the acquisition of a second language is costly,
workers will only learn it if the wage differentials in the two language markets are
sufficient to provide a competitive rate of return. The supply of workers in each
labor markets will depend on the population of each mother tongue group and
on the number of individuals with the other mother tongue who are bilingual.
Bilinguals can supply labor in either English-language or French-language
markets. Shifts in supply can result from natural increases in population, from an
increase in the number of individuals who are bilingual, or from migration into or
out of the local labor market by individuals with similar language skills. Following
Vaillancourt (1992), the authors identify the determinants of the labor demand
schedule as the language of the product markets served by employers; the
language of the existing instruments of work (technology, instructions, etc.); and
the language of the owners of the firms. In the first case, the demand for the
speakers of a given language will positively depend on the number of consumers
belonging to the same language community (more so for personal products,
when consumption involves communication (McManus, 1985)). The second
determinant will be influential if the technology of production requires
knowledge of the more technologically advanced language (McManus, 1985), or
when firms are operating outside their local product market. Finally, higher
proportion of the owners and managers speaking a given language will support
higher demand for the same-language employees. Christofides and Swidinsky
thus conclude that the configuration of labor supply and demand in the two
language labor markets will determine the language-wage differential. Varying the
demand or supply of workers in the two markets will alter the relative wages of

the two language groups.

This framework can be instrumental in analyzing the Ukrainian labor

market. However, we should bear in mind that now there are hardly any

11



monolingual Ukrainian speakers in Ukraine, and we should apply some caution
while modeling such skills. Ukrainian being the only official language in Ukraine
(since 1991) is another peculiarity of this economy as compared to Canada.
However, using the above-presented framework, the latter phenomenon can be
viewed as an expansion of the demand for Ukrainian speakers, with a
simultaneous contraction of the demand for Russian speakers. Quite possibly,
this policy has been also reinforced by the increased national awareness of the
Ukrainians, embodied in the demand expansion for the products and services in

the Ukrainian language, as well as changed employers’ linguistic preferences.

On the other hand, the government policies of creating the Ukrainian-
dominating educational system, with the Russian language as an optional course
of study, as well as some other legislation, which strives to limit the usage of
Russian in all spheres of the economy and public life, and especially in mass-
media, can be regarded as a sustained effort to increase the supply of Ukrainian
speakers. It is clear that the demand effects must show themselves in a much
shorter run. Thus, effectively, any current study will mostly capture the results of
the demand shift. We might conjecture that if we had panel data or consecutive
cross-sections we would find a positive trend for the wage premium of Ukrainian
speakers, as compared to Russian monolinguals, through the years of the
Ukrainian independence. However, it is still possible to draw meaningful
conclusions about the direction of the wage premium change even using one

cross-section, as our analysis will demonstrate.

12



Chapter 4

DATA AND VARIABLES

The data set at our disposal is a representative Ukrainian survey,
conducted by the Institute of Sociology (IS) of the National Academy of Sciences
of Ukraine in 2002'. The polling places included respondents in each Ukrainian
oblast’ (proportional to the number of inhabitants), Crimea and the city of Kyiv.
The selection quota reflected the specific regional distribution of the basic socio-
demographic characteristics (sex, age, education). Each oblast was represented by
the central city, towns and country dwellers (also according to certain
proportions). To ensure a representative sample selection within the quota and to
achieve randomness, the search for the respondents was carried out by the
interviewers following a previously assigned route and maintaining the quota
characteristics (the interviewers gave questionnaires only to those respondents
who corresponded to the necessary quota features). The adult population (over
17 years old) of Ukraine constituted the general aggregate. The total number of
respondents was 1799. The polls were conducted by the method of handout

questionnaires (the respondents filled the questionnaires by themselves).

The set of variables in our data set is very rich, with more than 300
questions asked. Although the survey is primarily of a sociological interest,
lacking some of the important variables that are conventional for labor force
surveys, the data are of immense value for our purposes. They are unique in the

number of questions that probe both directly and indirectly into the “linguistic”

! In what follows we describe the principles of the data collection, as presented in Panina and
Golovakha (2001), which is a summary of their previous surveys.

2 This is the term for the largest regional units of administrative division in Ukraine (in total of 24, plus the
city of Kyiv and the Autonomous Republic of Crimea).

13



characteristics of the Ukrainian population. The levels of command of the

Ukrainian and Russian languages are solicited separately, with three degrees of

2> <<
b

self-evaluation for each language (“no knowledge”, “partial knowledge” and ““full
knowledge”). Importantly, the survey also includes the “native tongue” and
ethnic identity. In addition, it contains an array of questions that are helpful for
investigating the endogeneity between the “linguistic” capital and earnings, viz.
the attitude to the official language problem in Ukraine (“Do you consider it
necessary to make Russian the second official language?”), place of birth, religion,
etc. The survey contains quantitative data on the income (“income received last
month”), which greatly facilitates our research, enabling us to use the OLS
estimation technique for our main earnings equations. Finally, the data set
includes such necessary socio-demographic information as educational level,

occupation, age, gender, marital status, place of living (categories of the

settlement size and specific region), and the like.

The main problems with the data are a significant number of missing
observations (even for such unequivocal questions as gender identification) and
clearly understated income. Taking into the account a relatively small size of the
data set (as compared to conventional labor surveys), any clearing measures had
to be taken with care. Nevertheless, for the means of our research we had to

contract our data set quite considerably.

We first selected a pool of the variables of primary importance (income,
knowledge and use of Russian and Ukrainian, and the socio-demographic
variables mentioned above) and got rid of missing observations for all of them.
We then contracted the sample to only include those who held some paid job
(including part-time), and were hired employees (we excluded individual
businessmen, farmers, full-time students, non-working pensioners, unemployed
or out of labor force, and those with no certain place of employment). The idea

was to exclude people whose income could not be possibly related to their

14



language skills. We then excluded from the “native tongue” variable and the
variables tracking the spheres of language usage (“What language do you speak in

your family, with your friends”, and the like) observations on individuals who

>
indicated languages other than Russian, Ukrainian or their combination’. This
procedure enabled us to assess pure Russian-Ukrainian differentials. We finally
got rid of zero observations on income, as they are rather unreasonable for the

individuals left in our sample, and could not be employed in running regressions

on the log of income anyway.

We thus ended up with 656 observations’. They include questionably
small values of income, but further contraction would be unreasonable’, as we do
not have the information whether the individuals worked full time for the
reported period. It may well be that low reported earnings are not grossly
understated by the respondents, but simply imply not many hours worked or
possibly wage arrears. Fortunately, this does not seem to be a big problem, as
nearly 90 percent of the individuals received earnings at least in excess of the

minimum wage (118 UH for the time the survey was conducted).

Table 1 shows the distribution of the language skills in the full and
contracted samples. One can see that the shares of people possessing different
skills of the Ukrainian and Russian languages remain quite stable after the
contraction of the initial sample. People having free command of a language

make up an overwhelming majority for both Ukrainian and Russian.

3 The number of such individuals was rather insignificant.

4 We actually lost in the process one “education category, people with no primary education (mostly non-
working pensioners), and one specific settlement type categoty, “urban-type settlement” (only one
observation).

5 Apart from further contraction of the sample it would truncate the sample distribution, causing estimation
problems.
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Table 1: Distribution of the Language Skills (Russian and Ukrainian Separately)
and Average Income’ for the Different Levels of Language Knowledge

Knowledge of Ukrainian Knowledge of Russian
Language
Knowledge Full Partial No Full Partial No
Knowledge | Knowledge | knowledge | Knowledge | knowledge | knowledge
1323 401 73 1476 277 39
Full Sample’
(T3.6%) | (223%) | @1%) | (824%) | (155%) | (2.2%)
Contracted Sample 484 154 18 579 71 6
(656 observations) | (73.8%) | (23.5%) | (2.7%) | (88.3%) | (10.8%) | (0.9 %)
Average Income 260.94 286.34 332.78 278.09 204.23 145
(contracted sample) | (200.64) | (194.52) | (254.69) | (208.66) | (111.38) | (53.2)

The percentages of the respondents who do not have at least basic skills

in either of the languages are unsurprisingly very low. These percentages are
especially negligible for the contracted sample, which can be explained by the
principles of our constructing this data set and also supposedly increased validity
of the responses due to inadvertent elimination of measurement errors (e.g. a 19

year old native inhabitant of Ukraine without primary education).

In addition, Table 1 demonstrates average income for the different levels
of language knowledge (for the contracted sample). One can readily observe a
clear pattern of increasing rewards for better skills in Russian, and negative

premiums for higher levels of the Ukrainian language command.

¢ Mean and s.e. (in parenthesis).

7'The bases for computing the full sample percentages were cleared from the missing observations, separately
for Ukrainian and Russian, with 1797 and 1792 observations remaining correspondingly. The totals may
not add up to 100 due to rounding.
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Table 2: Distribution of the Language Skills (Combinations of Russian and Ukrainian)

U3_R3 U3_R2 U3_R1 U2_R3 U2_R2 U2_R1 U1_R3 Ul_R2 U1_R1
Combinati Full Full knowledge Full Partial Partial Partial No knowledge No No
om fl r;auons knowledge of of Ukrainian/ knowledge of | knowledge of knowledge knowledge of Ukrainian/ knowledge knowledge
L oft eSki]l Ukrainian/ Partial Ukrainian/ Ukrainian/ of of Full of of
anguage S Full knowledge of No Full Ukrainian/ Ukrainian/ knowledge of Ukrainian/ Ukrainian/
knowledge of Russian knowledge of knowledge of Partial No Russian Partial No
Russian Russian Russian knowledge knowledge knowledge knowledge
of Russian of Russian of Russian of Russian
F“H(?;‘;’;PICS 1059 226 33 351 46 4 66 5 2
observatonsy | (39.1%) | (126%) | (1.8%) | (19.6%) | 2.6%) | 02%) | 37%) | ©03%) | 0.1%)
Commeed 1422 56 6 140 14 - 17 1 -
ample
ooy | (643%) | 85%) | (09%) | @13%) | 2.1%) 6% | (02%)

In order to investigate income differentials as resultant from different
language skills in more detail, we compose all possible matches of the levels of
knowledge in both languages. Table 2 shows the distributions of the language
skills for the full and contracted samples. We can again notice that the shares
remain quite stable after the contraction. The hierarchy of the language skills is
exactly the same for both samples, with two minor and doubtful combinations
disappearing in the contracted sample (and only one observation remaining for a
third). The “full” bilinguals (those with free command of both languages) are by
far the most numerous category. However, such people do not constitute an
overwhelming majority in either of the samples. The other two most numerous
categories are “partial” bilinguals (those having partial knowledge in one of the
language and a perfect command of the other), with “Russian-speaking” (full
knowledge of Russian) partial bilinguals clearly prevailing. The remaining
combinations of language knowledge are quite small in the number of the

respondents.

8 The base for computing the full sample percentages was cleared from the missing observations, for
Ukrainian and Russian simultaneously, with 1792 observations remaining. The totals may not add up to
100 due to rounding.
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Tables 3: Distribution of Income’ (Monthly Earnings in Ukrainian Hryvnas) by the Language Skills
(Combinations of Russian and Ukrainian)

U3_R3 U3_R2 U3_R1 U2_R3 U2_R2 U2 _R1 U1_R3 U1_R2 U1_R1
Full Full Full Partial Partial Partial No No No
Combinations knowledge knowledge knowledge knowledge knowledge knowledge knowledge knowledge knowledge
of the of of of of of of of of of Total
Language Skills Ukrainian/ Ukraiqian/ Ukrainian/ Ukrainian/ Ukraiqian/ Ukrainian/ Ukrainian/ Ukrajnéan/ Ukrainian/
Full Partial No Full Partial No Full Partial No
knowledge knowledge knowledge knowledge knowledge knowledge knowledge knowledge knowledge
of Russian of Russian of Russian of Russian of Russian of Russian of Russian of Russian of Russian
Number of
Observations in
the Full Sample 989 216 33 342 45 3 64 4 2 1698
Categories!® (58.2%) (12.7%) (1.9%) (20.1%) (2.5%) (0.2%) (3.6%) (0.2%) (0.1%) (100%)
Full(lsélgr;lple 173.24 175.44 369.27 227.65 163.4 135.67 202.53 59.75 67.5 188.67
S BNCEEED) (158) (358.58) | (42737) | (120.4) GI7) | (18649 | (53.73) | (@475 | (242.66)
Sconniac(tGCdG 271.04 197.23 145 291.01 239.64 - 346.47 100 - 268.88
ample (65 :
sample (S5 | 0988 | (98.48) (532 | (198.05) | (152.87) (255.6) O (201.09)

We finally present the income distributions by the language skills for the
full and contracted samples in Table 3 (the number of observations in the
contracted sample categories are not presented as they can be read from Table 2).
We can see that the average income is notably higher in the contracted sample,
with an exception of a minor category of Ukrainian-speaking monolinguals. This
fact probably speaks favorably for our sample constructions techniques, as the
severely understated income is somewhat rectified. However, the most interesting
are the income distributions across the samples. From the first glance, no clear-
cut picture can be derived from the average values of the income across the
different language combinations in the full sample. The above-mentioned

monolingual Ukrainian-speakers are significantly ahead, but this category is a clear

9 Mean and s.e. (in parenthesis).

10 The base for computing the full sample percentages was cleared from the missing observations, for income,
Ukrainian and Russian simultaneously, with 1698 observations remaining.
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outlier by its size (and plausibility). This is especially evident if we compare their
average income to that of their counterparts in the contracted sample. This
category is followed by partial and “pure” (no knowledge of Ukrainian) Russian-
speaking bilinguals. Then come Ukrainian-speaking partial bilinguals, with full
bilinguals (most numerous) being only the fifth. This is especially striking
considering that the remaining four categories are quite negligible. The full

bilinguals in fact appear to have the lowest income.

The story is quite different for the contracted sample. Russian speakers
are at a clear advantage, with Russian-speaking monolinguals occupying the first
position, followed by Russian-speaking partial bilinguals and full bilinguals. Then
come people with partial knowledge of Russian (people with a worse command
of Ukrainian are again in the lead). Ukrainian-speaking monolinguals are closing
the line (there is only one person with no command of Ukrainian and partial
knowledge of Russian — this “category” takes the literal last place). We can thus
see a clear picture of an advantage of Russian speakers vs. a disadvantage of
Ukrainian speakers. Roughly speaking, the knowledge of Russian seems to place a
person in a higher area of income distribution, whereas better Ukrainian-speaking

abilities signal of lower earnings.

However, our preliminary conclusions do not take into account an array
of traceable factors that may in fact be responsible for some of the described

effects.
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Chapter 5

SPECIFICATIONS AND FINDINGS

General OLS Specification

Before considering the local labor markets, we first study the language
factor of earnings within the model for the entire Ukrainian labor market. Our

main equation, estimated from our contracted sample by OLS looks as:

In(E) = o + B(L) + (),

where In(E) is a N*1 vector of logarithms of earnings, L is an N*5 matrix
of observations on the language variables, and K is N*X matrix of control

variables (N - number of observations and X — number of control variables).

The language variables are simply the dummies, constructed to represent
six possible combinations of language knowledge. These are: Ul_R3 (no
knowledge of Ukrainian and full knowledge of Russian), U2_R3 (partial
knowledge of Ukrainian and full knowledge of Russian), U3_R3 (full knowledge
of Ukrainian and full knowledge of Russian), U2_R2 (partial knowledge of
Ukrainian and partial knowledge of Russian), U3_R2 (full knowledge of
Ukrainian and part knowledge of Russian), and U3_R1 (full knowledge of
Ukrainian and no knowledge of Russian). We considered it possible to include
the sole observation on Ul_R2 (no knowledge of Ukrainian and partial
knowledge of Russian) into U1_R3 (Russian-speaking monolinguals), taking into

account other characteristics of the individual (Russian nationality, born in
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Crimea'', 19 years old, secondary education). The full bilinguals (U3_R3) were

chosen as a base dummy.

The controls include 26 regional dummies (the city of Kyiv omitted as a
base), 8 dummies for the settlement type (villages omitted as a base), 11 dummies
for occupation (low-skilled workers used as a base), 7 educational categories
(primary education used as a base), 6 dummies for the marital status (those never
married taken as a base), gender (females omitted) and age (the only continuous
independent variable). The choice of the base dummies is motivated by a
possibility of a more convenient results interpretation. The full description of the

control dummies can be found in Table 1 of Appendix 2.

The estimation output is presented in Table 1 of Appendix 3. As White
test indicated the presence of heteroscedasticity even at 1 percent significance

. .. . . . - 12
level, we used White heteroscedasticity consistent variance-covatiance matrix -

The signs and magnitude of the language dummies coefficients have not
diverted much from our expectations based on the descriptive statistics presented
in the previous section. There is only one change from our preliminary results:
Russian-speaking partial bilinguals (U2_R3) swapped their second place with the
fourth place of “pure” partial bilinguals (U2_R2). However, all but one
coefficients are statistically insignificant (the Russian-speaking monolinguals’
advantage over full bilinguals is significant at 10% significance level), and the
exact hierarchy of the language skills income differentials is in fact ambiguous. So
far we can only claim that Russian-speaking monolinguals are at a significant
advantage, as compared to any other language groups (with an exception of the

U2_R2 category), including full bilinguals. This can be seen more clearly from

11 This is a predominantly Russian-speaking region, which became a part of Ukraine not long ago.

12° All estimation results should be understood as void of heteroskedasticity problem, unless specifically
indicated.
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Table 2 of Appendix 3, which presents the estimation output of the same
regression, with Ul1_R3 wused as a base. As compared to the Russian
monolinguals, full bilinguals on average earn by 22.4% less, and the Ukrainian

monolinguals have a 34.8 percent income disadvantage".

13 Throughout our work, we use the Halvorsen and Palmquist (1980) adjustment to calculate the percentage
impact of dummy variables. The percentages are only reported for the most important (and producing
sufficiently robust effects) variables.
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Aggregated Model

It is clear that our estimation suffers from the micronumerosity problem,
L.e. a rather low ratio of observations to independent variables. This problem is
similar in its consequences to multicollinearity. The t-statistics are unbiased and
efficient but they may be too low due to high variances of the coefficients. We
cannot increase the number of observations, but we can try to save degrees of
freedom by aggregating some of our variables, especially those with grossly

insignificant t-ratios and dubious coefficients signs.

We united the categories of marital status into two: married or co-
habiting, and single. Only two levels of education were distinguished: those with a
higher education and others. The latter re-specification was strongly encouraged
by the indication of insignificant and negative returns to education, as compared
to its primary level, for all individuals except those with a Specialist’s or a Master’s
degree. We left only four types of settlement, namely major cities (over 1 mln
dwellers), cities (100 thousand — 1 mln inhabitants), towns (20 thousand —
100,000 residents), and small towns and villages (less than 20,000 people).
Furthermore, we abandoned the oblast division for a more general (but quite
conventional and already introduced in our raw data set) separation of Ukraine
into West, Center, East and South'. Finally, we substituted Age by a constructed
variable Experience, using the formula: Age-years of schooling-7 (age of
matriculation). The years of schooling were not available directly from the data
set, and were defined using the education variables. The exact description of the

variables transformations can be found in Table 2 of Appendix 2.

14 This last aggregation actually allowed to account for the heteroskedasticity, as will be indicated below.
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The output of the “aggregated” model, estimated by OLS, can be found
in Table 3 of Appendix 3. This specification seems to be much more fortunate as
it is void of the heteroscedasticity problem (White test rejects the null hypothesis
of heteroscedasticity at any conventional significance level), and does not
consume too many degrees of freedom. Most of the coefficients are significant
and have the anticipated signs. As could be expected, singles and women tend to
have lower earnings, and people are rewarded for living in bigger cities and
obtaining higher education. The distribution of earnings across occupations also
seems reasonable'”. The returns to experience are negative and significant, which
is not surprising for a transitional economy, in which older age may signal of
obsolete skills and low mobility. Regional division does not reveal any pattern of

geographically determined income bias.

The returns to the language skills have largely retained their hierarchy',

which seems to point to a reasonable degree of robustness of our model.

15 Remarkably, CEOs are nearly the worst paid, and politicians reported the lowest earnings in the sample.

16 Russian-speaking bilinguals overtaking full bilinguals is the only difference between the specifications.
However, the income gap between the two groups is statistically insignificant in both cases.
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Pure Language Effects Identification

Ideally, we would want to know the pure language effects on earnings,
cleared from the influence of such related characteristics as mother tongue and
ethnicity. We tried to do this by including the relevant dummies into the
aggregated model (UMT is equal to 1 if one’s mother tongue is Ukrainian, and to

0 if Russian; Unational is equal to 1 for Ukrainian nationals and 0 for Russians'’).

The output is presented in Table 4 of Appendix 3 (U1_R3 group was
omitted as a base to ease the analysis of income differentials). We can see that the
advantage of Russian-speaking pure monolinguals over the rest of the language
groups became insignificant, with an exception of Russian-speaking partial
bilinguals (and the exclusion of the Unational variable makes this last remaining
advantage insignificant). The marginal effects for the two most numerous (after
full bilinguals) linguistic groups'®, Russian-speaking partial bilinguals and

Ukrainian-speaking partial bilinguals, are nearly identical.

Ukrainian ethnic identity is positively related to income”, although this
reward is statistically insignificant. However, people with Ukrainian mother
tongue have a conspicuous disadvantage, which is statistically significant at any
conventional level. The income disadvantage of those with the Ukrainian mother

tongue as compared to their counterparts is 24.8%.

We can now see that the income gap between Russian-speaking

monolinguals and all other language groups (as well as the income differential

1710 observations for the people of other nationalities were excluded to preserve the pure dichotomy of
Ukrainian vs. Russian, be it language or ethnic identity.

18 These groups are also characteristic for identifying the prevalence of either of the languages in a region.

19 The marginal effect of the Ukrainian ethnic identity is (insignificantly) negative when the mother tongue
variable is not included (this result is also suggested by descriptive statistics — see Table 2 of Appendix 1).
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between Russian-speaking partial bilinguals and Ukrainian-speaking partial
bilinguals) is contingent on the mother tongue identity. Indeed, it seems that it is
not per se better knowledge of Ukrainian coupled with worse knowledge of
Russian, that drives down one’s earnings, but the underlying negative income bias
of those whose first language was Ukrainian. This bias is rather strong and is

remarkably linguistic, rather than ethnic.
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Bilingualism and Earnings

Although our data set allows us to study the language factor of earnings
in detail, i.e. analyze different combinations of language skills, there is one such
combination that may provide a very insightful dichotomy, once compared versus
all the rest. This is the full bilinguals category, U3_R3 in our specification. The
studies of bilingualism effects on income are the most widespread in the field of

“language and earnings”’

, if not only due to the lack of more specific
information on the language skills. However, in the framework of our research,
distinguishing the bilingualism factor of earnings may provide some additional
colors to the picture of the income distribution due to language knowledge in

Ukraine.

We used our aggregated model, controlling for the mother tongue
identity, to account for the bilingualism effect. The output is presented in Table 5
of Appendix 3. The marginal effect of the perfect knowledge in both languages is
positive and significant™ at the 10 percent level. The possession of the bilingual

skills increases one’s earnings by 8.8 percent.

Evidently, the nature of bilingualism is two-fold: one can learn either the
Russian or Ukrainian language in addition to the Ukrainian or Russian mother
tongue, respectively”’. We therefore ran two additional regressions for individuals

with the Ukrainian and Russian mother tongue separately (see Tables 6 and 7 of

20 See the Literature Review section
21 The inclusion of the ethnic ethnicity control increases the p-value to nearly 17 percent.

22 We have to abstract from the possibility of having “natural” bilinguals, i.e. people with two mother
tongues, as our data set does not allow for such distinction. However, as we will argue below, it is
reasonable to view all bilinguals in Ukraine as “natural”, as such language knowledge was imposed
exogenously, and not acquired through a conscious effort of an individual (see also the Literature Review
section).

27



Appendix 3)”. It turns out that the Ukrainian (mother tongue) bilinguals have
almost no advantage over their less educated counterparts, while individuals with

the Russian mother tongue are rewarded significantly” for learning Ukrainian

(their earnings increase by 15.4%).

The returns to the bilingual skills are thus highly asymmetric and strongly

dependent on the initial linguistic endowment.

23 The regression for the Russian mother tongue individuals does not include the occupl variable, as the
appropriate occupation is absent from this sub-sample.

24 While the inclusion of the Ukrainian ethnic identity has almost no influence on the estimation results for
the Ukrainian mother tongue sub-sample, it decreases rather conspicuously the marginal effect significance
of the U3_R3 variable (its p-value increases to 13.5%) for the Russian mother tongue sub-sample.
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Regional Labor Markets Isolation

It is useful to carry out separate estimations of our model for regional
sub-samples, thereby isolating distinct local labor markets, which may have non-
identical remuneration distributions across the language skills. We begin by
dividing the sample into four parts, namely West, Center, Fast and South,
following a conventional approach to the economic-geographical division of
Ukraine. The exact composition of the regional sub-samples can be found in

Table 2 of Appendix 2.

We provided the distributions of the language skills and the associated
allocation of income for the local labor markets in Table 1 of Appendix 1. As
one can readily notice, such geographical division presents a consistent pattern of
the income distributions. We may easily compare the sub-samples by contrasting
the two representative groups, ie. Russian-speaking partial bilinguals vs.
Ukrainian-speaking partial bilinguals. It is clear that the prevalence of one group
over the other will indicate that the primary language of the former is in fact the
major language of the district. Thus, using this approach, we can see that Western
Ukraine is mainly Ukrainian-speaking, the East and South are largely Russian-

speaking, and neither language is dominant in the center of the country.

Unfortunately, it is impossible to contrast income distributions across all
of the observant combinations of the language skills for any of the local markets
due to insufficient number of observations. However we can still try to compare
earnings allocations using only two linguistic variables: know_U and know_R; the
former is equal to 1 if a person has a full command of the Ukrainian language,
and 0 otherwise, and the latter is equal to 1 for those with a perfect knowledge of

Russian, and 0 otherwise.
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Table 2 of Appendix 1 presents the average income for the categories of
language knowledge (know_U and know_R variables), mother tongue and ethnic
identity for local labor markets® and the entire Ukrainian labor market. For
convenience of comparisons we calculated these statistics both for the variables
to be actually included into the regressions, and their base dummies. It can be
seen that the usage of know_R and especially know_U variables for the whole
sample regressions would be rather problematic, as they do not “pin down” any
conspicuous income differentials. For the very same reason they are not very
instrumental for the regional analysis either, but as already stated above, any finer
specification of language skills would be unreasonable in this case. We may,
however, also account for the bilingualism effects, using the U3_R3 variable (see

Table 1 of Appendix 1 for the appropriate descriptive statistics).

We first ran our aggregated regression® for the Western labor market. As
evident form Table 2 of Appendix 1, this sub-sample is very uniform. It seems
impossible to account for the effects of the Ukrainian language knowledge, and
we cannot include the ethnic and mother tongue identity variables together, as
they only differ by one observation. We therefore confined ourselves to the study
of the Russian language factor of earnings, controlling for the mother tongue.
The output” is presented in Table 8 of Appendix 3. The influence of the full
knowledge of Russian is negative (which contradicts the descriptive statistics), but
negligible from the statistical point of view. The coefficient for the Ukrainian

mother tongue surprisingly retains its negative sign for the Western labor market,

%5 We do not present statistics for Eastern and Southern labor markets separately, as they are very uniform to
the extent of our analysis objectives (see Table 1 of Appendix 1) and can be united for all practical

purposes.

%6 We also do not include any regional dummies in order to save the degrees of freedom. Also,
set_aggregate_1 is absent form the regression as there are no such big cities in Western Ukraine.

27 The regression for the Western labor matket turned out the only one among the regional ones to suffer
from the heteroskedasticity problem, and we only applied White heteroscedasticity consistent variance-
covariance matrix for this sub-sample estimation.
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and is strongly significant. However, this result should be regarded with
considerable caution, as there are only four individuals reporting the Russian
language as their mother tongue. Although the marginal effect of the Russian
language knowledge is statistically insignificant, it is quite stable within our model,

as it 1s almost uninfluenced by the mother tongue identity.

The returns to the bilingual skills are negative but highly insignificant (see
Table 9 of Appendix 3). This result replicates the one we received for the
Ukrainian mother tongue sub-sample of the entire Ukrainian labor market, which
is natural if we take into the account the nearly uniform composition of the

Western labor market in this respect.

The descriptive statistics for the Central labor market closely resemble
those of the entire market. We can also see that the Ukrainian and Russian
languages are remarkably on par to the extent of the number of speakers who
report excellent language skills. It is now possible to estimate the influence of
both the Russian and Ukrainian languages knowledge, as well as control for both
the ethnicity and mother tongue. However, the specifications estimated for the
Central labor market also did not yield significant t-statistics for the income
returns to the linguistic skills. The most general specification is presented in Table
10 of Appendix 3. It includes both know_U and know_R variables, as well as the
Ukrainian ethnicity and mother tongue dummies. The coefficients resemble the
pattern of the full sample regression, viz. positive and insignificant returns to the
Russian language knowledge, negative and insignificant returns to the Ukrainian
language knowledge, coupled with significant negative returns to the Ukrainian
mother tongue (23.3% less of earnings as compared to those with the Russian
mother tongue) and insignificant positive returns to the Ukrainian ethnic identity.
The less inclusive specifications, calculated for this sub-sample, provided similar

results.

31



The Central labor market is unsurprisingly the leader among the local
market in the number of full bilinguals (see Table 1 of Appendix 1). The
regression output for the bilingualism effect is presented in Table 11 of Appendix

3. The marginal effect is positive but not really significant.

We finally analyzed the Russian-speaking area of Ukraine, by uniting very
similar in this respect Southern and Eastern labor markets. We again present the
most general with respect to language characteristics model (see Table 12 of
Appendix 3). The results demonstrate no visible difference between the returns
to the different languages knowledge. Although the marginal gain of knowing
Russian seems to be higher than the one for knowing Ukrainian, both of them
are statistically insignificant. Individuals with the Ukrainian mother tongue are
persistently at a disadvantage (25.5% less of earnings as compared to those with
the Russian mother tongue), while the Ukrainian ethnic identity suggests

insignificant positive income reward.

The bilingualism effect for the Southern and Eastern labor markets (see
Table 13) closely resembles the one for the Central market. It is positive but

insignificant.

The results of the regional regressions strongly reinforce our initial
conjectures about the nature of the language factor of earnings, as observed for
the whole sample. The returns to the language skills as such (including the
bilingual skills)*® are insignificant for both languages for all local markets.
However, the Ukrainian mother tongue is consistently linked to lower income

across all of the three regions. On the other hand, the returns to the Ukrainian

28 The local markets regressions fail to discover any significant effects of bilingualism even when the
Ukrainian ethnic identity variable is not included.
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ethnic identity are (insignificantly) positive™. This pattern presents a challenging
puzzle for interpretation. An intuitive explanation will be provided in the

concluding section.

2 This is conditional on the inclusion of the mother tongue variable, same as for the full sample. The
descriptive statistics in Table 2 of Appendix 1 also suggest a disadvantage of Ukrainian nationals for all
local markets.
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Selectivity Analysis

As already stated above (in the Literature Review section) one single
important problem of analyzing the returns to the language capital is its binary
composition. While the mother tongue is clearly an exogenous asset, we should
be cautious with using any other acquired language skills as regressors. As our
data set does not allow for a possibility of “natural” bilinguals, one might
conclude that we have to view all people with a command of both Russian and
Ukrainian from our sample as “learned” bilinguals™. If this is true, then our OLS

results, obtained in the previous sections, may be biased and inconsistent.

However, we would argue that this problem is negligible for our data set.
Intuitively, our constructed sample mostly includes people were educated under
the conditions of the Soviet system, which did not really encourage the learning
of languages other than Russian, and the latter was imposed exogenously rather
than acquired through an individually rational effort. We use the Heckman two-
stage procedure to check our hypothesis. We analyze three equations. The first
one is the underlying probit selection equation, modeling the bilingual’ status,
and the other two are our conventional semilogarithmic earnings equations,
estimated by OLS for the sub-samples of bilinguals and monolinguals separately,
and now including the appropriate inverted Mill’s ratios from the selection
equation™. This procedure is designed to account for a possible selection bias that

can make the ordinary OLS results biased and inconsistent.

30 See the Literature Review section for more details on this distinction.

31 The distinction between bilinguals and monolinguals is the same as used in the Bilingualism and Earnings
sub-section.

32 The whole procedure is explained very intuitively in Kennedy (2003). An interested reader can also use
Henley and Jones (2001) for a nice exposition of technical details.
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As stated in Kennedy (2003), on the minimum standard error criterion
the Heckman procedure loses to ordinary OLS when “the errors are not
distributed normally, the sample size is small, the amount of censoring is small,
the correlation between the errors of the regression and the selection equation is
small, and the degree of collinearity between the explanatory variables in the
regression and the selection equation is high”. It appears that some of these
conditions are binding in our case. Indeed, although we may have succeeded in
finding the appropriate regressors for the selection equation (as described below),
not only our whole constructed sample is rather small, but also the sub-sample of
monolinguals is much smaller than that of bilinguals. However, as we have
already said, the purpose of this analysis is to see whether the selection bias
constitutes a problem for our previous OLS results, and this actually means that
for us the whole procedure boils down to a t-test on the coefficients of the
inverted Mill’s ratios. If these coefficients appear insignificant, then it will mean
that there is no correlation between the errors of the (OLS) regressions and the
selection equation™, and thus there is no selection bias (and the Heckman

34
procedure makes no sense™).

We have taken great pains to find the regressors for the selection
equation such that they would both provide a good fit and be as little as possible
correlated with the independent variables from the OLS regressions. We have
constructed such variables as no_purist (equal to 1 if a person uses both Russian
and Ukrainian either in the family, or with friends, or with neighbors, or at work,
or in public; and zero if this person uses only one and the same language in all of
the mentioned circumstances), birth_nu” (equal to 1 if a person was born outside

Ukraine and zero otherwise), official_r (equal to 1 if a person wants Russian to

3 See Kennedy (2003).

34 Alternatively speaking, one of the above-cited underlying conditions for the Heckman procedure becomes
not simply binding, but prohibiting.

35 This variable has 2 missing observations.
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become an official language in Ukraine, and 0 otherwise), the dummies for the
two most numerous religious groups in Ukraine, Greek Catholics (g_catholic)
and Russian Orthodox (orthodox), as well as a dummy for atheists (atheist). The
rest of the regressors include the Ukrainian ethnic identity and the variables for

the extensive (non-aggregated) OLS model.

The regression output is presented in Table 14 of Appendix 3. The
coefficients signs are largely as expected. Most notably, people using only one
language and those born outside Ukraine are less likely to be bilingual. The same
is true for the Russian nationals and those who want the Russian language to gain
the official status (the latter effect is insignificant). However, most importantly,
the equation provides quite a good fit to the actual values of the dependent
variable. As can be read from Table 15 of Appendix 3, the overall prediction
success of the regression is more then 78 percent. The equation is particularly
good at predicting the bilingual status of an individual (nearly 87% of the correct
predictions), but does considerably worse at predicting the monolingual skills

(62.5 % of the correct predictions).

We then ran two OLS regressions with the appropriate inverted Mill’s
ratios (imills_bilingual for the bilingual sub-sample and imills_monolingual for
the monolingual sub-sample), making use of our aggregated model and
controlling for the exogenous mother tongue asset. As can be seen from the
regressions outputs in Tables 16 and 17 of Appendix 3, the coefficients for both
of the inverted Mill’s ratios are insignificant at any conventional significance level.

We can therefore accept the hypothesis of no selection bias in our model.

To conclude, we can emphasize that this result justifies our treatment of

bilingual skills as an exogenous asset, and in essence no different from the mother

36 We had to apply White heteroscedasticity consistent variance-covariance matrix for the monolingual sub-
sample estimation.
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tongue endowment to this end. It also supports our eatlier conjectures about the
rigidity of the labor supply”’, and the current dominance of the demand-side
effects on the equilibrium wage rates within the framework of linguistically
isolated labor markets model. It seems that to this extent the labor supply in
Ukraine has been very inelastic, exacerbated still further by low geographical labor

mobility.

37 See the Theoretical Framework section.
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Chapter 6

CONCLUSION

In our research we are trying to assess the effect of the “ukrainization
policy”, which has been conducted by the Ukrainian government since the
Declaration of Independence in 1991, by declaring Ukrainian the only official
language and requiring all the official economic transactions to be conducted in
this language. Assuming existence of a bias against Ukrainian speakers in the
former Soviet Ukraine, which should have been reflected in comparatively worse
labor outcomes for such people, we want to know whether at present Russian

speakers still hold an advantage over their Ukrainian-speaking counterparts.

We use a representative survey of the Ukrainian population, conducted by
the Institute of Sociology of the National Academy of Sciences of Ukraine in
2002 to see if the returns to different combinations of Ukrainian and Russian
languages skills are symmetric. Our preliminary analysis of the income
distribution over the different combinations of the command of Ukrainian and
Russian appears to reject this hypothesis. We then estimate by OLS conventional
earnings equations and discover that Russian-speaking monolinguals are at a
significant advantage, as compared to any other language groups, including full

bilinguals (those with a perfect command of both languages).

However, better specifications and, most notably, the inclusion of the
variable indicating one’s mother tongue (and the one for ethnic identity),
eliminate any systematic advantage of the individuals with better skills in Russian
and worse in Ukrainian over those with worse knowledge of Russian and better
knowledge of Ukrainian. It appears that the returns to the language skills are quite

symmetric, once cleared from the effect of the “initial endowment” (thus, the
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marginal effects for the two representative groups, Russian-speaking partial
bilinguals and Ukrainian-speaking partial bilinguals, are nearly identical®). On the
other hand, the returns to the Ukrainian ethnic identity are significantly negative.
We then estimate the regional regressions for the three representative local
markets, Western, Central, and Eastern and Southern combined. The estimation
results are essentially similar. The returns to language knowledge do no differ
much between the two languages, and are rather insignificant at any rate.
However, the Ukrainian mother tongue is persistently linked to lower income
across all of the three regions. On the other hand, the returns to the Ukrainian
ethnic identity are positive, albeit significant only for the Western market. The
question poses as to why is the Ukrainian mother tongue such a consistent

predictor of lower earnings™’?

An intuitive explanation may be that the mother tongue identity is really a
“historic” variable that captures a long-run dependence of future income
opportunities on one’s initial language endowment. It appears that the income we
observe now, is not dependent on present language skills, but rather was
predetermined quite stringently by one’s mother tongue. In a way, the labor
market is segmented by the dichotomy of the initial linguistic endowment. But
this segmentation is in fact “historically” driven, reflecting the past language
factor influence on labor market outcomes. Considering our principles of the
sample construction, it is most probably that the Ukrainian mother tongue
variable captures the negative income bias against Ukrainian speakers that existed
in the Soviet Ukraine (and, evidently, previously as well). As we analyze the
sample of individuals with a more or less stable work place, and the average age

of more than thirty-nine years old, we can justly suppose that their income status

38 See Table 4 of Appendix 3.

39 All OLS results have been proved to be void of the selection bias problem, i.e. unbiased and consistent (see
the Selectivity Analysis sub-section).
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was determined under the conditions of the old, Russian nationalistic educational
and professional system. It seems that Ukrainian-speaking people were doomed
to fall behind their more fortunate counterparts, who were endowed with the
Russian language initially. The Ukrainian speakers had a bad start, and although
they may eventually have mastered the Russian language, as indicated by our
cross-section, it is too late. They are already in the “wrong” segment of the labor
market. This conclusion supports our initial conjecture of a bias against Ukrainian

speakers that existed in the former Soviet Ukraine.

Interesting enough, there have been no incentives for those endowed
with the Ukrainian mother tongue to learn Russian*’(see the sub-section
Bilingualism and Earnings). This result once again tells us that in the former
Soviet Ukraine native Ukrainian speakers had no chance to “catch up” with
native Russian speakers. This is not to say that the former were discriminated
against on purpose. Rather, the Russian language heavily dominated the whole
educational and professional system in the former Soviet Union, and native
Ukrainian speakers were constrained in their educational and career choices. The
labor force has been very (geographically) immobile in the former USSR, and
such additional constraints exacerbated the immobility still further. Moreover, as
proved by our selectivity analysis, the language skills used to be imposed
exogenously on individuals, and the latter did not really strive consciously to learn

the second language in order to increase their earnings.

However, it is evident from our analysis that the linguistic bias is not
really conspicuous for the present Ukrainian labor markets. The language skills

are remunerated similarly, and for example in the Western labor market, the

40 There have been, however, positive returns to native Russian speakers learning Ukrainian. This result
strongly suggests of the absence of the Ukrainian language discrimination per se in the former Soviet
Ukraine. However, it have been native Russian speakers who could benefit form learning Ukrainian, and
not vice versa.
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Russian language skills are not positively rewarded, although one might expect

them to be required rather highly in this predominantly Ukrainian-speaking area.

It goes without saying that it would be interesting to do similar analysis
for future data (and preferably with a much higher number of observations), to
see the direction of the change of income differentials, as determined by language
knowledge. We may already see that the recent generation of Ukrainians faces a
situation when the languages are on par, and this should lead to insignificant
rewards for the mother tongue indicator. It remains to see whether the Ukrainian
language will win even more ground from the Russian language, and eventually

surpass it by offering better initial linguistic endowment.

Thus so far we may claim that the “ukrainization” policy, conducted by
the government, has reached its intermediate goal of equating the remunerations
for the Russian and Ukrainian languages. Quite possibly, this policy has been also
reinforced by the increased national awareness of the Ukrainians, embodied in
the demand expansion for the products and services in the Ukrainian language, as

well as changed employers’ linguistic preferences*’.

At present, the marginal agent is indifferent between better knowledge in
either of the languages. However, the situation is far from any advantage of the
Ukrainian language over Russian. Our analysis provides a powerful
counterargument against any claims of the newly introduced bias against Russian

speakers.

Last but not least we should emphasize that the importance of better data
collection cannot be stated too strongly. The language situation in Ukraine is a
burning issue of political and cultural debate. All too often, however, the

speculations of the opponents lack any sensible and reliable confirmation by

41 See the Theoretical Framework for the details on the demand schedule formulation.
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empirical evidence. The situation is exacerbated by an unmatched disregard of the
official data collecting agencies as to the language variables. It seems apparent
that in a bilingual economy labor surveys conducted by sociological and
economic research NGOs, and governmental institutions alike, should include
questions recording language endowment and skills. In practice, they do not
record even mother tongue identity. To our knowledge, the data set used for the
present analysis is the first (and by that sociological, not designed for advanced
investigation of the labor market) to open opportunities for a comprehensive
analysis of the language factors of income determination in Ukraine. Thus our
research seems to present a valuable and unique assessment of the language

situation in Ukraine, as well as suggest useful policy implications.
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APPENDIX 1

Tables 1: Distribution of Income® (Monthly Earnings in Ukrainian Hryvnas) by the Language
Skills* (Combinations of Russian and Ukrainian) for Local Labor Markets

o U3_R3 U3_R2 U3_R1 U2_R3 U2_R2 U1_R3 Ul_R2
Combinations (?f the Full knowledge of Full knowledge of Full knowledge Partial knowledge Partial knowledge No knowledge of No knowledge of Total
Language Skills Ukrainian/ Full Ukrainian/ Partial of Ukrainian/ of Ukrainian/ of Ukrainian/ Ukrainian/ Full Ukrainian/ Partial
knowledge of knowledge of No knowledge Full knowledge of Partial knowledge knowledge of knowledge of
Russian Russian of Russian Russian of Russian Russian Russian
Number of
Observations for the 89 35 4 1 1 ) ) 130
Western Labor (68.5%) (26.9 %) (3.1%) (0.8%) (0.8%) (100 %)
Market
Income Distribution for 200 195.34 155 240 118 212.68
the Western Labor . - - :
o (106.75) (73.97) (23.8) 0 O (97.78)
Observations forthe | 136 12 1 14 6 : : 169
ot Lo Marker | 805%) | @1%) | 06%) | (83%) (3.6 %) (100%)
Income Distribution for 283.8 179.83 50 301 261.67 275.67
the Central Labor - -
- (232.98) (81.92) &) (203.31) (194.78) (222.39)
Observations forthe | 152 7 1 % 6 9 : 269
e Mosker | (56.5 %) 2.6 %) (0.4 %) (34.9 %) @22 %) (3.3%) (100 %)
Income Distribution for 276.91 198.86 200 291.54 194.5 41556 282.35
the Eastern Labor -
e 212.77) (127.76) 0 (191.08) (57.28) (240.79) (203.43)
Number of
Observations for the 45 2 ) 31 1 9 1 88
Southern Labor (51.1%) (2.3%) (35.2 %) (1.1 %) (10.2 %) (1.1%) (100 %)
Market
Income Distribution for 308 350 286.55 500 250 200 297.65
the Southern Labor -
o 264.7) (353.55) (224.67) O (253.86) O (247.13)
Number of
Obsetvations for the
Eastern and Southern 1960 B o 1 o 12? Z) 108 1 o 35'07
SR, (54.9 %) (2.5 %) 0.3 %) (35 %) @ %) (5%) (0.3 %) (100 %)
Combined
Income Distribution for
the Eastern and 284.01 227.78 200 290.3 238.14 332.78 200 286.12
Southern Labor (225.34) (180.75) 0 (199) (126.76) (254.69) O (214.76)

Markets Combined

42 Mean and s.e. (in parenthesis) calculated for a particular sub-sample.

43 The categories U2_R1 and U1_R1 were absent for all sub-samples.




Tables 2: Average Income (Monthly Earnings in Ukrainian Hryvnas) for the Categories of
Language Knowledge, Mother Tongue and Ethnic Identity” for Local Labor
Markets and the Entire Ukrainian Labor Market

Combinations of the Language KNOW_U KNOW_R UMT UNATIONAL
Skills Full Not full Full Not Full Ukrainian Russian Ukrainian Russian
Knowledge of | Knowledge of | Knowledge of | Knowledge of Mother Mother Ethnic Ethnic
Ukrainian Ukrainian Russian Russian Tongue Tongue Identity Identity
Number of Observations for the 127 2 89 40 125 4 125 4
Western Labor Market (129 total) | (98.4%) (1.6%) (69%) (31%) (96.9%) | (31%) | (96.9%) | (3.1%)
Average Income for the Western 213.7 179 223.85 189.38 208.66 353.75 208.58 356.25
Labor Market (98.38) (86.27) (106.48) (71.4) ©337) | (14907) | (9342) | (144.53)
Number of Obsetvations for the 147 19 147 19 136 30 152 14
Central Labor Market (166 total) (88.6%) (11.4%) (88.6%) (114%) | (81.9%) | (181%) | (91.6%) | (8.4%)
Average Income for the Central Labor 267.38 291.26 279.33 198.84 247.49 372.67 265.04 325.21
Market (218.75) (201.65) (223.69) (132.01) (164.83) (356) (215.18) (230.42)
Number of Observations
for the Eastern and Southern 206 145 333 18 132 219 247 104
Labor Matkets Combined (58.7 %) (41.3%) (94.9%) (5.1%) (37.6) | (624%) | (70.4%) | (29.6%)
(351 total)

Average Income for the astern and 279.9 291.07 287.83 22317 215.42 326.16 278.84 298
Southern Labor Markets Combined (222.84) (203.96) 217.7) (148.57) (12457) | (2455) | (20727) | (232.88)
Number of Observations for the 480 166 569 77 393 253 524 122
Entire Ukrainian Labor Market 0 o o o o o 0 N

(646 total) (74.3%) (25.7%) (88.1%) (11.9%) | (60.8%) | (392%) | (81.1%) | (18.9%)
Average Income for the Entire 285.55 289.74 275.63 199.61 224.37 332.11 258.08 303.03
Uksainian Labor Market (197.83) (202.33) (206.95) (108.94) | (132.63) | (25927) | (190.9) | (229.26)

4410 observations for the people of other nationalities were excluded from the contracted sample to preserve

to the resultant number of observations (indicated specifically for each sub-sample).

the pure dichotomy of Ukrainian vs. Russian, be it language or ethnic identity. All calculated statistics apply




APPENDIX 2

Table 1: Control Dummies

VARIABLE | DEFINITION

VARIABLE | DEFINITION

Oblast (Region)

Occupation

REGI1 Vinnitsa OCcCur1 Politician

REG2 Volyn OCCUP2 CEO

REG3 Dnipropetrovsk OCCUP3 Public administration official

REG4 Donetsk OCCUP4 White-collar worker (industry)

REG5 Zhytomir OCCUP5 White-collar worker (services)

REG6 Transcarpthia OCCUP6 Military or police serviceman

REG7 Zapotizhzhya OCCUP7 Manager in a private business

REGS8 Ivano-Frankivsk OCCUP8 Blue-collar worker (setvices)

REGY Kyiv (excl. Kyiv City) | OCCUP9 Skilled blue-collar worker (industry)

REG10 Kyiv City OCCUP10 Unskilled blue-collar worker (industry)

REG11 Kirovograd OCCUP11 Collective or state farm worker

REG12 Crimea Education

REG13 Lugansk EDU1 Specialist’s or Master’s degree

REG14 Lviv EDU2 Bachelor’s degree

REG15 Nikolaev EDU3 Technical college

REGI16 Odessa EDU4 Incomplete higher education

REG17 Poltava EDU5 High school (general secondary)

REGI18 Rivne EDUG Middle school (base secondary)

REG19 Sumy EDU7 Primary education

ggi? ;F{her:rcgél Settlement Type

REG22 Kherson SET1 >1 mln inhabitants

REG23 Hmelnitsk SET2 501,000-1mln inhabitants

REG24 Cherkasy SET3 251,000-500,000 inhabitants

REG25 Chernihiv SET4 101,000-250,000 inhabitants

REG26 Chernivtsi SET5 51,000-100,000 inhabitants
Marital Status SET6 20,000-50,000 inhabitants

MS1 Never married SET7 <20,000 inhabitants

MS2 Married

MS3 Lives with a partner

MS4 Widow/widower SETS8 Village

MS5 Officially divorced

MS6 Separated




Table 2: Variables Aggregation

AGGREGATED
VARIABLE DEFINITION AGGREGATED VARIABLE DEFINITION
Region Marital Status

Volyn Never married
Transcarpthia Widow/widower
Ivano-Frankivsk SINGLE Officially divorced
Lviv Separated
Rivne _ MARRIED/CO-HABITING |ried

WEST Ternopil Lives with a partner
Hmelnitsk Settlement Type
Chernivtsi SET_AGGREGATE 1 >1 mln inhabitants
Vinnitsa SET_AGGREGATE _2 101,000-1mln inhabitants
Zhytomir SET_AGGREGATE _3 20,000-100,000 inhabitants
Kyiv (excl. Kyiv City) | SET_AGGREGATE_4 <20,000 inhabitants
Kytv City Education /Years of Schooling

CENTER
Kirovograd 15 years Specialist’s or Master’s degree
Poltava

DU_HIGHER

Cherkasy EDU_HIGHE 14 years Bachelot’s degree
Chernihiv
Crimea 12 years Technical college
Nikolaev

SOUTH

v Odessa 13 years Incomplete higher education

Kherson
Dnipropetrovsk OTHER 10 years High school (general secondary)
Donetsk

EAST Zaporizhzhya 8 years Middle school (base secondary)
Lugansk
Sumy 3 years Primary education
Kharkiv




APPENDIX 3

Table 1: Regression Output (Full Bilinguals (U3_R3) Are a Base Dummy)

Dependent Variable: LOG(INCOME)

Method: Least Squares

Sample (adjusted): 1 664

Included observations: 656

Excluded observations: 8 after adjusting endpoints

White Heteroskedasticity-Consistent Standard Errors & Covariance

Variable Coefficient  Std. Error t-Statistic Prob.
C 4.944335 0.289119 17.10136 0.0000
U1_R3 0.253344 0.150481 1.683558 0.0928
U2 R3 -0.023336 0.060888 -0.383263 0.7017
U2 R2 0.176146 0.119188 1.477880 0.1400
U3 R2 -0.087707 0.090857 -0.965328 0.3348
U3 R1 -0.173961 0.179786 -0.967600 0.3336
AGE -0.004728 0.002667 -1.772820 0.0768
MALE 0.417064 0.054862 7.601993 0.0000
MS2 0.235015 0.091908 2.557072 0.0108
MS3 0.091609 0.155812 0.587949 0.5568
MS4 0.165190 0.145248 1.137296 0.2559
MS5 0.069217 0.129575 0.534184 0.5934
MS6 0.032707 0.147169 0.222241 0.8242
OCCUPH1 -0.417439 0.239297 -1.744434 0.0816
OCCUP2 0.204741 0.351452 0.582558 0.5604
OCCUP3 0.501803 0.222784  2.252416 0.0247
OCCUP4 0.552904 0.182919 3.022664 0.0026
OCCUP5 0.273174 0.189874 1.438710 0.1508
OCCUP6 0.487366 0.215755 2.258885 0.0243
OCCUP7 1.247635 0.280861 4.442182 0.0000
OCCUP8 0.263617 0.185991 1.417362 0.1569
OCCUP9 0.329366 0.176636 1.864663 0.0627
OCCUP10 0.149191 0.185708 0.803363 0.4221
SET1 0.336026 0.112631 2.983428 0.0030
SET2 0.189080 0.097836 1.932616 0.0538
SET3 0.253271 0.082332 3.076210 0.0022
SET4 -0.044692 0.128420 -0.348014 0.7280
SET5 0.153399 0.094475 1.623691 0.1050
SET6 0.170387 0.094228 1.808239 0.0711
SET7 0.166524 0.098366 1.692897 0.0910
EDU1 0.101558 0.201320 0.504462 0.6141
EDU2 -0.211965 0.238844 -0.887464 0.3752



EDU3 -0.005149  0.188736 -0.027282  0.9782
EDU4 -0.041441 0.245485 -0.168813  0.8660
EDU5 -0.113687  0.182422  -0.623208  0.5334
EDU6 -0.090704  0.191933 -0.472583  0.6367
REG1 -0.432857  0.196770 -2.199811 0.0282
REG2 -0.102998  0.174938 -0.588765  0.5562
REG3 -0.257134  0.125589 -2.047427  0.0411
REG4 -0.084788  0.131413 -0.645203  0.5190
REG5 -0.362309  0.195933 -1.849148  0.0649
REG6 -0.243005 0.167165 -1.453677  0.1466
REG7 -0.316378  0.166572 -1.899347  0.0580
REG8 -0.097949  0.190863 -0.513190  0.6080
REG9 0.055623  0.177817  0.312812  0.7545
REG11 -0.534755  0.230110 -2.323912  0.0205
REG12 -0.404106  0.177892 -2.271638  0.0235
REG13 0.055958  0.157474  0.355349  0.7225
REG14 -0.278725  0.146166 -1.906904  0.0570
REG15 -0.238969  0.209056 -1.143084  0.2535
REG16 0.153445  0.148607  1.032557  0.3022
REG17 -0.151677  0.162696 -0.932274  0.3516
REG18 -0.431241 0.192996 -2.234455  0.0258
REG19 -0.569676  0.230772 -2.468568  0.0138
REG20 -0.424981 0.210418 -2.019694  0.0439
REG21 -0.402063  0.139367 -2.884928  0.0041
REG22 -0.500359  0.225169 -2.222147  0.0266
REG23 -0.100444  0.273540 -0.367199  0.7136
REG24 -0.456116  0.181903 -2.507473  0.0124
REG25 -0.405946  0.168930 -2.403046  0.0166
REG26 0.201703  0.207369  0.972678  0.3311
R-squared 0.398973 Mean dependent var 5.382754
Adjusted R-squared 0.338365 S.D. dependent var 0.662713
S.E. of regression 0.539057  Akaike info criterion 1.690385
Sum squared resid 172.8966  Schwarz criterion 2.107544
Log likelihood -493.4464  F-statistic 6.582858
Durbin-Watson stat 2.062259 Prob(F-statistic) 0.000000




Table 2: Regression Output (Russian Monolinguals (U1_R3) Are a Base
Dummy)

Dependent Variable: LOG(INCOME)

Method: Least Squares

Sample (adjusted): 1 664

Included observations: 656

Excluded observations: 8 after adjusting endpoints

White Heteroskedasticity-Consistent Standard Errors & Covariance

Variable Coefficient Std. Error t-Statistic Prob.
C 5.197679 0.327404 15.87541 0.0000

U3 R3 -0.253344 0.150481 -1.683558 0.0928
U2 R3 -0.276680 0.145937 -1.895885 0.0585
U2 R2 -0.077198 0.188015 -0.410594 0.6815
U3 R2 -0.341050 0.170764 -1.997199 0.0463
U3 R1 -0.427304 0.227647 -1.877047 0.0610
AGE -0.004728 0.002667 -1.772820 0.0768
MALE 0.417064 0.054862 7.601993 0.0000
MS2 0.235015 0.091908 2.557072 0.0108
MS3 0.091609 0.155812 0.587949 0.5568
MS4 0.165190 0.145248 1.137296 0.2559
MS5 0.069217 0.129575 0.534184 0.5934
MS6 0.032707 0.147169 0.222241 0.8242
OCCUPH1 -0.417439 0.239297 -1.744434 0.0816
OCCUP2 0.204741 0.351452 0.582558 0.5604
OCCUP3 0.501803 0.222784 2.252416 0.0247
OCCUP4 0.552904 0.182919 3.022664 0.0026
OCCUP5 0.273174 0.189874 1.438710 0.1508
OCCUP6 0.487366 0.215755 2.258885 0.0243
OCCUP7 1.247635 0.280861 4.442182 0.0000
OCCUPS8 0.263617 0.185991 1.417362 0.1569
OCCUP9 0.329366 0.176636 1.864663 0.0627
OCCUP10 0.149191 0.185708 0.803363 0.4221
SETA1 0.336026 0.112631 2.983428 0.0030
SET2 0.189080 0.097836 1.932616 0.0538
SET3 0.253271 0.082332 3.076210 0.0022
SET4 -0.044692 0.128420 -0.348014 0.7280
SET5 0.153399 0.094475 1.623691 0.1050
SET6 0.170387 0.094228 1.808239 0.0711
SET7 0.166524 0.098366 1.692897 0.0910
EDU1 0.101558 0.201320 0.504462 0.6141
EDU2 -0.211965 0.238844 -0.887464 0.3752
EDU3 -0.005149 0.188736 -0.027282 0.9782
EDU4 -0.041441 0.245485 -0.168813 0.8660
EDU5 -0.113687 0.182422 -0.623208 0.5334
EDUG6 -0.090704 0.191933 -0.472583 0.6367
REG1 -0.432857 0.196770 -2.199811 0.0282



REG2 -0.102998  0.174938 -0.588765  0.5562
REG3 -0.257134  0.125589 -2.047427  0.0411
REG4 -0.084788  0.131413 -0.645203  0.5190
REG5 -0.362309  0.195933 -1.849148  0.0649
REG6 -0.243005 0.167165 -1.453677  0.1466
REG7 -0.316378  0.166572 -1.899347  0.0580
REG8 -0.097949  0.190863 -0.513190  0.6080
REG9 0.055623  0.177817  0.312812  0.7545
REG11 -0.534755  0.230110 -2.323912  0.0205
REG12 -0.404106  0.177892 -2.271638  0.0235
REG13 0.055958  0.157474  0.355349  0.7225
REG14 -0.278725  0.146166 -1.906904  0.0570
REG15 -0.238969  0.209056 -1.143084  0.2535
REG16 0.153445  0.148607  1.032557  0.3022
REG17 -0.151677  0.162696 -0.932274  0.3516
REG18 -0.431241 0.192996 -2.234455  0.0258
REG19 -0.569676  0.230772 -2.468568  0.0138
REG20 -0.424981 0.210418 -2.019694  0.0439
REG21 -0.402063  0.139367 -2.884928  0.0041
REG22 -0.500359  0.225169 -2.222147  0.0266
REG23 -0.100444  0.273540 -0.367199  0.7136
REG24 -0.456116  0.181903 -2.507473  0.0124
REG25 -0.405946  0.168930 -2.403046  0.0166
REG26 0.201703  0.207369  0.972678  0.3311
R-squared 0.398973 Mean dependent var 5.382754
Adjusted R-squared 0.338365 S.D. dependent var 0.662713
S.E. of regression 0.539057  Akaike info criterion 1.690385
Sum squared resid 172.8966 Schwarz criterion 2.107544
Log likelihood -493.4464  F-statistic 6.582858
Durbin-Watson stat 2.062259 Prob(F-statistic) 0.000000



Table 3: Regression Output of the Aggregated Model (Full Bilinguals
(U3_R3) Are a Base Dummy)

Dependent Variable: LOG(INCOME)

Method: Least Squares

Sample (adjusted): 1 664

Included observations: 656

Excluded observations: 8 after adjusting endpoints

Variable Coefficient ~ Std. Error t-Statistic Prob.
C 4.657013 0.143656 32.41777 0.0000
U1_R3 0.245298 0.144362 1.699190 0.0898
U2 R3 0.005754 0.061883 0.092976 0.9260
U2 R2 0.093879 0.158532 0.592176 0.5539
U3 R2 -0.112007 0.086364 -1.296924 0.1951
U3 Ri1 -0.234228 0.237859 -0.984736 0.3251
EXPERIENCE -0.003955 0.002029 -1.948774 0.0518
MALE 0.413944 0.049763 8.318313 0.0000
SINGLE -0.186433 0.053513 -3.483890 0.0005
OCCUPH1 -0.303395 0.350838 -0.864770 0.3875
OCCUP2 0.323797 0.215554 1.502159 0.1336
OCCUP3 0.690254 0.189360 3.645196 0.0003
OCCUP4 0.730269 0.134526 5.428457 0.0000
OCCUP5 0.423070 0.139685 3.028731 0.0026
OCCUP6 0.591101 0.199602 2.961399 0.0032
OCCuP7 1.341609 0.282906 4.742244 0.0000
OCCuUP8 0.422873 0.133592 3.165409 0.0016
OCCUP9 0.432889 0.122890 3.522555 0.0005
OCCUP10 0.250526 0.134348 1.864760 0.0627

EDU_HIGHER 0.121767  0.071142  1.711600  0.0875
SET_AGGREGATE_1 0.400696 0.079238 5.056839  0.0000
SET_AGGREGATE_2 0.183263  0.064292  2.850463  0.0045
SET_AGGREGATE_3 0.097836  0.070782  1.382215  0.1674

EAST 0.044653  0.072756  0.613733  0.5396
CENTER 0.028043 0.080150  0.349884  0.7265
WEST 0.030860  0.087914  0.351026  0.7257
R-squared 0.298378 Mean dependent var 5.382754
Adjusted R-squared 0.270535 S.D. dependent var 0.662713
S.E. of regression 0.566014  Akaike info criterion 1.738433
Sum squared resid 201.8345 Schwarz criterion 1.916238
Log likelihood -544.2060 F-statistic 10.71676
Durbin-Watson stat 1.810802 Prob(F-statistic) 0.000000



Table 4: Regression Output for the Aggregated Model with the Ukrainian
Ethnic Identity and Mother Tongue Included (Russian
Monolinguals (U1_R3) Are a Base Dummy)

Dependent Variable: LOG(INCOME)

Method: Least Squares

Sample (adjusted): 1 664

Included observations: 646

Excluded observations: 18 after adjusting endpoints

Variable Coefficient ~ Std. Error t-Statistic Prob.
C 4.924756 0.194953 25.26126 0.0000

U3 R3 -0.137826 0.147881 -0.932004 0.3517
U2 R3 -0.233920 0.143923 -1.625318 0.1046
U2 R2 -0.022366 0.211109 -0.105944 0.9157
U3 R2 -0.230495 0.169278 -1.361638 0.1738
U3 R1 -0.376740 0.272744 -1.381297 0.1677
UMT -0.285528 0.068858 -4.146632 0.0000
UNATIONAL 0.092959 0.069384 1.339775 0.1808
EXPERIENCE -0.003527 0.002011  -1.754121 0.0799
MALE 0.416167 0.049341 8.434438 0.0000
SINGLE -0.180146 0.052792 -3.412372 0.0007
OCCUPH1 -0.298057 0.344638 -0.864841 0.3875
OCCUP2 0.324243 0.211886 1.530272 0.1265
OCCUP3 0.648605 0.187123 3.466202 0.0006
OCCUP4 0.692652 0.132994 5.208158 0.0000
OCCUP5 0.401579 0.138065 2.908629 0.0038
OCCUP6 0.541662 0.200930 2.695772 0.0072
OCCUP7 1.271054 0.278571 4.562759 0.0000
OCCuUPS8 0.382361 0.131781 2.901485 0.0038
OCCUP9 0.397942 0.120954  3.290032 0.0011
OCCUP10 0.217447 0.132220 1.644579 0.1006

EDU_HIGHER 0.077691 0.071476  1.086951 0.2775
SET_AGGREGATE_1 0.354429 0.079313  4.468762  0.0000
SET_AGGREGATE_2 0.147800 0.064359 2.296506  0.0220
SET_AGGREGATE_3 0.099485 0.070055  1.420102  0.1561

EAST 0.035570  0.072057  0.493641 0.6217
CENTER 0.094165  0.080513  1.169561 0.2426
WEST 0.118847  0.088843  1.337721 0.1815
R-squared 0.321539  Mean dependent var 5.375514
Adjusted R-squared 0.291898 S.D. dependent var 0.660704
S.E. of regression 0.555974  Akaike info criterion 1.706187
Sum squared resid 191.0285 Schwarz criterion 1.899968
Log likelihood -523.0985  F-statistic 10.84760
Durbin-Watson stat 1.866623 Prob(F-statistic) 0.000000



Table 5: Regression Output for the Bilingualism Effects (Aggregated)
Model

Dependent Variable: LOG(INCOME)

Method: Least Squares

Sample (adjusted): 1 664

Included observations: 656

Excluded observations: 8 after adjusting endpoints

Variable Coefficient ~ Std. Error t-Statistic Prob.
C 4.789427 0.146609 32.66801 0.0000

U3 R3 0.084336 0.050804 1.660026 0.0974
UMT -0.265450 0.058943 -4.503535 0.0000
EXPERIENCE -0.003353 0.001977 -1.695920 0.0904
MALE 0.410436 0.048878 8.397242 0.0000
SINGLE -0.183079 0.052591 -3.481199 0.0005
OCCUPH1 -0.222727 0.341288 -0.652609 0.5142
OCCUP2 0.326098 0.212502 1.534562 0.1254
OCCUP3 0.636386 0.186937  3.404279 0.0007
OCCUP4 0.694321 0.132586 5.236752 0.0000
OCCUP5 0.406899 0.137175 2.966272 0.0031
OCCUP6 0.563873 0.196309 2.872365 0.0042
OCCUP7 1.267559 0.279206 4.539868 0.0000
OCCuUPs8 0.411131 0.130625 3.147401 0.0017
OCCUP9 0.415043 0.120788 3.436113 0.0006
OCCUP10 0.235247 0.131865 1.784000 0.0749

EDU_HIGHER 0.095774  0.070374  1.360920  0.1740
SET_AGGREGATE_1 0.331793  0.078553  4.223841 0.0000
SET_AGGREGATE_2 0.133820 0.063897  2.094308  0.0366
SET_AGGREGATE_3 0.074314  0.069478  1.069601 0.2852

EAST 0.019384  0.070836  0.273654  0.7844
CENTER 0.082823  0.079092  1.047170  0.2954
WEST 0.088970  0.084919  1.047698  0.2952
R-squared 0.313811  Mean dependent var 5.382754
Adjusted R-squared 0.289963 S.D. dependent var 0.662713
S.E. of regression 0.558426  Akaike info criterion 1.707044
Sum squared resid 197.3948 Schwarz criterion 1.864333
Log likelihood -536.9104  F-statistic 13.15848
Durbin-Watson stat 1.836930 Prob(F-statistic) 0.000000



Table 6: Regression Output for the Bilingualism Effects (Aggregated)
Model (for the Sub-sample of Individuals with the Ukrainian
Mother Tongue)

Dependent Variable: LOG(INCOME)

Method: Least Squares

Sample (adjusted): 1 636 IF UMT=1

Included observations: 394 after adjusting endpoints

Variable Coefficient  Std. Error t-Statistic Prob.
C 4.785957 0.178058 26.87858 0.0000

U3 R3 -0.008201 0.071061 -0.115403 0.9082
EXPERIENCE -0.003241 0.002486  -1.303420 0.1932
MALE 0.340172 0.061668 5.516166 0.0000
SINGLE -0.190286 0.068724 -2.768851 0.0059
OCCUPH1 -0.196702 0.339569 -0.579271 0.5628
OCCuUP2 0.134572 0.243705 0.552195 0.5811
OCCUP3 0.795460 0.235138 3.382948 0.0008
OCCUP4 0.638116 0.150222 4.247808 0.0000
OCCUP5 0.471077 0.148872 3.164301 0.0017
OCCUP6 0.576699 0.233670 2.468010 0.0140
OCCUP7 1.146466 0.412901 2.776610 0.0058
OCCuUPS8 0.474295 0.143393 3.307655 0.0010
OCCUP9 0.393250 0.126975 3.097073 0.0021
OCCUP10 0.206538 0.144182 1.432479 0.1528

EDU_HIGHER 0.024167  0.096565  0.250262  0.8025
SET_AGGREGATE_1 0.426658 0.103062 4.139824  0.0000
SET_AGGREGATE_2 0.111578  0.074547  1.496748  0.1353
SET_AGGREGATE_3 0.094977  0.080411 1.181147  0.2383

EAST -0.204849  0.112923 -1.814065  0.0705
CENTER -0.059179  0.107628 -0.549848  0.5828
WEST -0.070483  0.110721  -0.636588  0.5248
R-squared 0.245116  Mean dependent var 5.246558
Adjusted R-squared 0.202502 S.D. dependent var 0.618892
S.E. of regression 0.552688 Akaike info criterion 1.706171
Sum squared resid 113.6326  Schwarz criterion 1.928201
Log likelihood -314.1158  F-statistic 5.751955
Durbin-Watson stat 1.919369 Prob(F-statistic) 0.000000



Table 7: Regression Output for the Bilingualism Effects (Aggregated)
Model (for the Sub-sample of Individuals with the Russian
Mother Tongue)

Dependent Variable: LOG(INCOME)

Method: Least Squares

Sample (adjusted): 14 664 IF UMT=0

Included observations: 262 after adjusting endpoints

Variable Coefficient  Std. Error t-Statistic Prob.
C 4.827777 0.426285 11.32522 0.0000

U3 R3 0.142995 0.076341 1.873118 0.0623
EXPERIENCE -0.004182 0.003270 -1.278809 0.2022
MALE 0.516615 0.081783 6.316871 0.0000
SINGLE -0.159615 0.082406 -1.936947 0.0539
OCCuUP2 0.421709 0.542612 0.777184 0.4378
OCCUP3 0.328444 0.474381 0.692363 0.4894
OCCUP4 0.588538 0.431734 1.363194 0.1741
OCCUP5 0.096127 0.445682 0.215686 0.8294
OCCUP6 0.446427 0.492646 0.906182 0.3657
OCCUP7 1.246022 0.539241 2.310699 0.0217
OCCuUPS8 0.156458 0.431795 0.362342 0.7174
OCCUP9 0.293719 0.425609 0.690115 0.4908
OCCUP10 0.076211 0.435392 0.175040 0.8612

EDU_HIGHER 0.124143  0.104020  1.193458  0.2339
SET_AGGREGATE_1 0.183227 0.161202  1.136631 0.2568
SET_AGGREGATE_2 0.098146  0.151364  0.648413  0.5173
SET_AGGREGATE_3 0.046764 0.161598  0.289388  0.7725

EAST 0.162471 0.093170  1.743810  0.0825
CENTER 0.159636  0.133995 1.191357  0.2347
WEST 0.297448  0.307811 0.966333  0.3348
R-squared 0.374738 Mean dependent var 5.587567
Adjusted R-squared 0.322849 S.D. dependent var 0.674777
S.E. of regression 0.555269  Akaike info criterion 1.738028
Sum squared resid 74.30587  Schwarz criterion 2.024040
Log likelihood -206.6816  F-statistic 7.221911
Durbin-Watson stat 1.632174  Prob(F-statistic) 0.000000




Table 8: Regression Output for the Western Labor Market (Russian
Language Knowledge)

Dependent Variable: LOG(INCOME)

Method: Least Squares

Sample: 442 573

Included observations: 130

Excluded observations: 2

White Heteroskedasticity-Consistent Standard Errors & Covariance

Variable Coefficient ~ Std. Error t-Statistic Prob.
C 4.986073 0.513420 9.711491 0.0000
KNOW_R -0.018271 0.109527 -0.166820 0.8678
UMT -0.564014 0.203496 -2.771624 0.0065
EXPERIENCE -0.004180 0.003577 -1.168609 0.2451
MALE 0.322908 0.119992 2.691071 0.0082
SINGLE -0.201161 0.134407 -1.496650 0.1373
OCCUPH1 -0.015239 0.514349 -0.029627 0.9764
OCCuUP2 0.208146 0.597890 0.348135 0.7284
OCCUP3 1.247552 0.551115 2.263686 0.0255
OCCUP4 0.844138 0.529227 1.595040 0.1135
OCCUP5 0.981070 0.528490 1.856364 0.0661
OCCUP6 0.732948 0.655065 1.118893 0.2656
OCCUP7 1.810466 0.546100 3.315267 0.0012
OCCuUPS8 0.870026 0.552884 1.573614 0.1184
OCCUP9 0.775479 0.521600 1.486732 0.1399
OCCUP10 0.632974 0.532717 1.188200 0.2373

EDU_HIGHER 0.244804  0.133669 1.831424  0.0697
SET_AGGREGATE_2 -0.048271 0.118724 -0.406582  0.6851
SET_AGGREGATE_3 -0.000610  0.108792 -0.005611 0.9955

R-squared 0.340928 Mean dependent var 5.246879
Adjusted R-squared 0.234052 S.D. dependent var 0.526403
S.E. of regression 0.460700 Akaike info criterion 1.422163
Sum squared resid 23.55911  Schwarz criterion 1.841264
Log likelihood -73.44058  F-statistic 3.189929
Durbin-Watson stat 1.770379  Prob(F-statistic) 0.000091



Table 9: Regression Output for the Western Labor Market (Bilingualism
Effect)

Dependent Variable: LOG(INCOME)

Method: Least Squares

Sample: 442 573

Included observations: 130

Excluded observations: 2

White Heteroskedasticity-Consistent Standard Errors & Covariance

Variable Coefficient ~ Std. Error t-Statistic Prob.
C 5.002223 0.509148 9.824691 0.0000

U3 R3 -0.037241 0.112626 -0.330664 0.7415
UMT -0.564950 0.204045 -2.768758 0.0066
EXPERIENCE -0.004365 0.003619 -1.206321 0.2303
MALE 0.321731 0.119908 2.683157 0.0084
SINGLE -0.203041 0.135867 -1.494408 0.1379
OCCUPH1 -0.008331 0.510248 -0.016327 0.9870
OCCuUP2 0.218215 0.596224 0.365995 0.7151
OCCUP3 1.254028 0.547584  2.290111 0.0239
OCCUP4 0.845333 0.526227 1.606403 0.1110
OCCUP5 0.982760 0.524885 1.872334 0.0638
OCCUP6 0.739250 0.652527 1.132904 0.2597
OCCUP7 1.821535 0.544606 3.344684 0.0011
OCCuUPS8 0.875139 0.550125 1.590800 0.1145
OCCUP9 0.778001 0.518032 1.501841 0.1360
OCCUP10 0.629993 0.524765 1.200525 0.2325

EDU_HIGHER 0.251341 0.134160  1.873440  0.0636
SET_AGGREGATE_2 -0.050329 0.119968 -0.419516  0.6756
SET_AGGREGATE_3 0.001524  0.108601 0.014031 0.9888

R-squared 0.341609 Mean dependent var 5.246879
Adjusted R-squared 0.234843 S.D. dependent var 0.526403
S.E. of regression 0.460462 Akaike info criterion 1.421129
Sum squared resid 23.53477  Schwarz criterion 1.840230
Log likelihood -73.37340  F-statistic 3.199604
Durbin-Watson stat 1.763363  Prob(F-statistic) 0.000088



Table 10: Regression Output for the Central Labor Market (Russian and
Ukrainian Knowledge Separately)

Dependent Variable: LOG(INCOME)
Method: Least Squares

Sample: 1 172

Included observations: 166
Excluded observations: 6

Variable Coefficient ~ Std. Error t-Statistic Prob.

C 4.610337 0.334616 13.77800 0.0000
KNOW_R 0.144371 0.149950 0.962798 0.3373
KNOW_U -0.023537 0.162211 -0.145104 0.8848
UMT -0.265687 0.153451  -1.731409 0.0855
UNATIONAL 0.227508 0.208357 1.091918 0.2767
EXPERIENCE -0.009594 0.004369 -2.195794 0.0297
MALE 0.393906 0.101021 3.899258 0.0001
SINGLE -0.197591 0.115795 -1.706384 0.0901
OCCUPH1 0.185998 0.636821 0.292073 0.7706
OCCUP2 0.987590 0.462942 2.133290 0.0346
OCCUP3 1.054495 0.339770 3.103552 0.0023
OCCUP4 1.079327 0.261266 4131143 0.0001
OCCUP5 0.755259 0.264366 2.856876 0.0049
OCCUP6 1.049271 0.353050 2.972023 0.0035
OCCuP7 1.138564 0.622180 1.829958 0.0693
OCCuUPS8 1.013752 0.250116 4.053122 0.0001
OCCUP9 0.786565 0.238660 3.295751 0.0012
OCCUP10 0.393168 0.250581 1.569028 0.1188

EDU_HIGHER -0.060617  0.139376 -0.434913  0.6643
SET_AGGREGATE_2 -0.161396  0.121453 -1.328876  0.1860
SET_AGGREGATE_3 -0.047171 0.115487  -0.408450  0.6835

R-squared 0.356248 Mean dependent var 5.382329
Adjusted R-squared 0.267455 S.D. dependent var 0.657097
S.E. of regression 0.562402  Akaike info criterion 1.804557
Sum squared resid 45.86284  Schwarz criterion 2.198242
Log likelihood -128.7782  F-statistic 4.012106
Durbin-Watson stat 1.737768  Prob(F-statistic) 0.000000



Table 11: Regression Output for the Central Labor Market (Bilingualism
Effect)

Dependent Variable: LOG(INCOME)
Method: Least Squares

Sample: 1 172

Included observations: 166
Excluded observations: 6

Variable Coefficient  Std. Error t-Statistic Prob.

C 4.677679 0.300513 15.56567 0.0000

U3 R3 0.117231 0.119654 0.979755 0.3288
UMT -0.289386 0.149772 -1.932173 0.0553
UNATIONAL 0.190601 0.205863 0.925860 0.3560
EXPERIENCE -0.009918 0.004364 -2.272432 0.0245
MALE 0.396357 0.100196 3.955833 0.0001
SINGLE -0.199606 0.115354 -1.730373 0.0857
OCCUPH1 0.189107 0.618570 0.305717 0.7603
OCCuUP2 0.988357 0.461259 2.142740 0.0338
OCCUP3 1.077098 0.336802 3.198012 0.0017
OCCUP4 1.073834 0.260466 4122744 0.0001
OCCUP5 0.757079 0.263301 2.875337 0.0046
OCCUP6 1.039417 0.352114  2.951937 0.0037
OCCUP7 1.147449 0.619461 1.852334 0.0660
OCCuUPS8 1.019895 0.248890 4.097778 0.0001
OCCUP9 0.785959 0.237812 3.304954 0.0012
OCCUP10 0.394885 0.249571 1.582253 0.1158

EDU_HIGHER -0.070369  0.138079 -0.509629  0.6111
SET_AGGREGATE_2 -0.145457  0.121255 -1.199602  0.2322
SET_AGGREGATE_3 -0.039545 0.114735 -0.344666  0.7308

R-squared 0.356332 Mean dependent var 5.382329
Adjusted R-squared 0.272567 S.D. dependent var 0.657097
S.E. of regression 0.560436 Akaike info criterion 1.792378
Sum squared resid 45.85688 Schwarz criterion 2.167317
Log likelihood -128.7674  F-statistic 4.253947
Durbin-Watson stat 1.723129  Prob(F-statistic) 0.000000




Table 12: Regression Output for the Eastern and Southern Labor Markets
Combined (Russian and Ukrainian Knowledge Separately)

Dependent Variable: LOG(INCOME)
Method: Least Squares

Sample: 173 441 574 664

Included observations: 351
Excluded observations: 9

Variable Coefficient  Std. Error t-Statistic Prob.

C 4.841441 0.242128 19.99539 0.0000
KNOW_R 0.065912 0.153637  0.429009 0.6682
KNOW_U 0.018556 0.079579 0.233171 0.8158
UMT -0.293834 0.089319 -3.289714 0.0011
UNATIONAL 0.093402 0.081589 1.144795 0.2531
EXPERIENCE -0.001332 0.002923 -0.455751 0.6489
MALE 0.467230 0.072879 6.411008 0.0000
SINGLE -0.184051 0.077020 -2.389658 0.0174
OCCUPH1 -0.443906 0.625469 -0.709717 0.4784
OCCUP2 0.121433 0.287087 0.422983 0.6726
OCCUP3 0.457185 0.294529 1.552255 0.1216
OCCUP4 0.581218 0.195421 2.974177 0.0032
OCCUP5 0.179361 0.201715 0.889177 0.3746
OCCUP6 0.327049 0.321627 1.016857 0.3100
OCCUP7 1.194945 0.392311 3.045916 0.0025
OCCuUPS8 0.162053 0.191200 0.847559 0.3973
OCCUP9 0.226095 0.183724 1.230624 0.2193
OCCUP10 0.146664 0.202015 0.726006 0.4684

EDU_HIGHER 0.151579  0.103700 1.461705  0.1448
SET_AGGREGATE_1 0.213361 0.123508 1.727501 0.0850
SET_AGGREGATE_2 0.119475  0.108871 1.097398  0.2733
SET_AGGREGATE_3 0.033878  0.112402  0.301397  0.7633

R-squared 0.321638 Mean dependent var 5.418894
Adjusted R-squared 0.278338 S.D. dependent var 0.700788
S.E. of regression 0.595324  Akaike info criterion 1.861206
Sum squared resid 116.6012  Schwarz criterion 2.103193
Log likelihood -304.6417  F-statistic 7.428167
Durbin-Watson stat 1.801604 Prob(F-statistic) 0.000000



Table 13: Regression Output for the Eastern and Southern Labor Markets
Combined (Bilingualism Effect)

Dependent Variable: LOG(INCOME)
Method: Least Squares

Sample: 173 441 574 664

Included observations: 351
Excluded observations: 9

Variable Coefficient  Std. Error t-Statistic Prob.

C 4.890344 0.196183 24.92743 0.0000

U3 R3 0.056078 0.075231 0.745415 0.4566
UMT -0.310890 0.086450 -3.596170 0.0004
UNATIONAL 0.087422 0.081363 1.074472 0.2834
EXPERIENCE -0.001322 0.002915 -0.453372 0.6506
MALE 0.463920 0.072227 6.423065 0.0000
SINGLE -0.182873 0.076720 -2.383647 0.0177
OCCUPH1 -0.442638 0.624004 -0.709351 0.4786
OCCuUP2 0.120187 0.285422 0.421085 0.6740
OCCUP3 0.442800 0.294394 1.504106 0.1335
OCCUP4 0.582983 0.194672 2.994699 0.0030
OCCUP5 0.176969 0.201363 0.878856 0.3801
OCCUP6 0.336606 0.320060 1.051695 0.2937
OCCUP7 1.188667 0.391706 3.034589 0.0026
OCCuUPS8 0.164870 0.190149 0.867055 0.3865
OCCUP9 0.232344 0.182544 1.272810 0.2040
OCCUP10 0.144915 0.201203 0.720243 0.4719

EDU_HIGHER 0.145804  0.103656 1.406616 0.1605
SET_AGGREGATE_1 0.218921 0.123293 1.775616 0.0767
SET_AGGREGATE_2 0.123730  0.108442 1.140973 0.2547
SET_AGGREGATE_3 0.037989  0.111792  0.339822 0.7342

R-squared 0.322224 Mean dependent var 5.418894
Adjusted R-squared 0.281147  S.D. dependent var 0.700788
S.E. of regression 0.594165 Akaike info criterion 1.854644
Sum squared resid 116.5004  Schwarz criterion 2.085631
Log likelihood -304.4900 F-statistic 7.844323
Durbin-Watson stat 1.805746  Prob(F-statistic) 0.000000




Table 14: Regression Output of the Probit Selection Equation (U3_R3 Is
the Dependent Variable)

Dependent Variable: U3_R3

Method: ML - Binary Probit (Quadratic hill climbing)
Sample (adjusted): 1 664

Included observations: 652

Excluded observations: 12 after adjusting endpoints
Convergence achieved after 5 iterations

QML (Huber/White) standard errors & covariance

Variable Coefficient Std. Error  z-Statistic Prob.

C -0.383690 0.850511 -0.451129 0.6519
UNATIONAL 0.295521 0.178664 1.654063 0.0981
NO_PURIST 0.916851 0.132292 6.930488 0.0000
BIRTH_NU -0.756999 0.211329 -3.582090 0.0003
OFFICIAL_R -0.134989 0.142668 -0.946174 0.3441
G_CATHOLIC 0.670085 0.455982 1.469542 0.1417
ORTHODOX 0.417474 0.336332 1.241257 0.2145
ATHEIST 0.440004 0.368786 1.193114 0.2328
AGE 0.009011 0.005397 1.669691 0.0950
EDU1 1.333529 0.638314 2.089142 0.0367
EDU2 1.374504 0.895673 1.534604 0.1249
EDU3 0.586648 0.613924 0.955570 0.3393
EDU4 0.738061 0.699843 1.054611 0.2916
EDU5 0.561916 0.611753 0.918534 0.3583
EDU6 0.024722 0.618115 0.039996 0.9681
SET1 -0.478870 0.266062 -1.799846 0.0719
SET2 -0.171482 0.294805 -0.581680 0.5608
SET3 -0.417773 0.196184 -2.129498 0.0332
SET4 -0.599234 0.304444 -1.968290 0.0490
SET5 0.154233 0.230799 0.668257 0.5040
SET6 -0.305017 0.271748 -1.122426 0.2617
SET7 0.295426 0.330670 0.893416 0.3716
REGH1 -1.360028 0.472724 -2.876999 0.0040
REG2 -0.539849 0.540266 -0.999227 0.3177
REGS3 -1.206148 0.381396 -3.162454 0.0016
REG4 -0.861824 0.403281 -2.137034 0.0326
REG5 -0.102410 0.559499 -0.183039 0.8548
REG6 -0.615654 0.619422 -0.993916 0.3203
REG7 -0.829385 0.486598 -1.704458 0.0883
REGS8 -1.894094 0.576273 -3.286799 0.0010
REG9 -0.601638 0.483560 -1.244184 0.2134
REG11 -1.472343 0.601253 -2.448789 0.0143
REG12 -1.679946 0.482207 -3.483866 0.0005
REG13 -1.120091 0.432089 -2.592269 0.0095
REG14 -1.115488 0.498885 -2.235963 0.0254
REG15 0.047325 0.577349 0.081970 0.9347



REG16 -1.274089  0.405433 -3.142542  0.0017

REG17 0.094288  0.688531 0.136941 0.8911
REG18 -1.194557  0.513766 -2.325100  0.0201
REG19 -1.439545  0.481903 -2.987211 0.0028
REG20 -0.694271 0.638635 -1.087118  0.2770
REG21 -0.338053  0.419976 -0.804933  0.4209
REG22 -0.644452  0.492550 -1.308399  0.1907
REG23 0.078574  0.613263 0.128124  0.8981
REG24 -0.732792  0.537981 -1.362115  0.1732
REG25 -0.989413  0.566430 -1.746753  0.0807
REG26 -1.028900  0.635197 -1.619812  0.1053
Mean dependent var 0.644172  S.D. dependent var 0.479131
S.E. of regression 0.407857  Akaike info criterion 1.085109
Sum squared resid 100.6401  Schwarz criterion 1.408057
Log likelihood -306.7456  Hannan-Quinn criter. 1.210355
Restr. log likelihood -424.4390  Avg. log likelihood -0.470469
LR statistic (46 df) 235.3869 McFadden R-squared  0.277292
Probability(LR stat) 0.000000
Obs with Dep=0 232  Total obs 652
Obs with Dep=1 420

Table 15: Expectation-prediction Table for the Probit Selection Equation

Dependent Variable: U3_R3

Method: ML - Binary Probit (Quadratic hill climbing)
Sample (adjusted): 1 664

Included observations: 652

Excluded observations: 12 after adjusting endpoints
Prediction Evaluation (success cutoff C = 0.5)

Estimated Equation Constant Probability
Dep=0 Dep=1 Total Dep=0 Dep=1 Total
PDep=1)<=C 145 55 200 0 0 0
P(Dep=1)>C 87 365 452 232 420 652
Total 232 420 652 232 420 652
Correct 145 365 510 0 420 420

% Correct 62.50 86.90 78.22 0.00 100.00 64.42
% Incorrect 37.50 13.10 21.78 100.00 0.00 35.58



Table 16: Regression Output of the Selectivity-adjusted OLS Equation (the
Bilingual Sub-sample)

Dependent Variable: LOG(INCOME)

Method: Least Squares

Sample (adjusted): 1 657 IF U3_R3=1

Included observations: 417 after adjusting endpoints

Variable Coefficient  Std. Error t-Statistic Prob.
C 5.008497 0.200925 24.92722 0.0000
UMT -0.325030 0.076741  -4.235445 0.0000
EXPERIENCE -0.005904 0.002604 -2.267149 0.0239
MALE 0.398360 0.062927 6.330521 0.0000
SINGLE -0.196211 0.070263 -2.792513 0.0055
OCCUPH1 -0.173153 0.426970 -0.405538 0.6853
OCCUP2 0.716487 0.261153 2.743555 0.0064
OCCUP3 0.762552 0.212114  3.595005 0.0004
OCCUP4 0.751232 0.160008 4.694967 0.0000
OCCUP5 0.465949 0.165897  2.808668 0.0052
OCCUP6 0.570172 0.237525 2.400476 0.0168
OCCUP7 1.486204 0.321928 4.616568 0.0000
OCCuUPS8 0.534420 0.159625 3.347983 0.0009
OCCUP9 0.487491 0.143830 3.389359 0.0008
OCCUP10 0.294153 0.162084 1.814813 0.0703

EDU_HIGHER 0.005494  0.087365  0.062889  0.9499
SET_AGGREGATE_1 0.342663  0.099543  3.442367  0.0006
SET_AGGREGATE_2 0.163830 0.083363  1.965252  0.0501
SET_AGGREGATE_3 0.040159  0.085708  0.468557  0.6396

EAST -0.020265  0.103861 -0.195114  0.8454
CENTER 0.052297  0.105257  0.496855  0.6196
WEST 0.041890 0.111069  0.377157  0.7063
IMILLS_BILINGUAL -0.153234 0.101245 -1.513493 0.1310
R-squared 0.320486 Mean dependent var 5.379019
Adjusted R-squared 0.282544  S.D. dependent var 0.674580
S.E. of regression 0.571388 Akaike info criterion 1.772080
Sum squared resid 128.6349  Schwarz criterion 1.994529
Log likelihood -346.4788  F-statistic 8.446644
Durbin-Watson stat 1.710092 Prob(F-statistic) 0.000000



Table 17: Regression Output of the Selectivity-adjusted OLS Equation (the
Monolingual Sub-sample)

Dependent Variable: LOG(INCOME)

Method: Least Squares

Date: 05/25/03 Time: 17:28

Sample (adjusted): 14 664 IF U3_R3=0

Included observations: 233 after adjusting endpoints

White Heteroskedasticity-Consistent Standard Errors & Covariance

Variable Coefficient Std. Error  t-Statistic Prob.

C 4.815646 0.231758 20.77875 0.0000

UMT -0.025674 0.109179 -0.235157 0.8143
EXPERIENCE -0.000698 0.003336 -0.209199 0.8345

MALE 0.534883 0.089141 6.000410 0.0000

SINGLE -0.138678 0.078203 -1.773301 0.0776

OCCUP1 -0.430063 0.215519 -1.995475 0.0473

OCCUP2 -0.850297 0.650760 -1.306622 0.1928

OCCUP3 0.259573 0.495924 0.523413 0.6012

OCCUP4 0.539603 0.232095 2.324922 0.0210

OCCUP5 0.278244 0.225684 1.232895 0.2190

OCCUP6 0.297044 0.282800 1.050367 0.2948

OCCUP7 0.566353 0.218569 2.591189 0.0102

OCCUPS8 0.079810 0.205646  0.388092 0.6983

OCCUP9 0.140628 0.206257 0.681812 0.4961
OCCUP10 0.003567 0.217230 0.016420 0.9869
EDU_HIGHER 0.207994 0.148617  1.399531 0.1631
SET_AGGREGATE_1 0.285980 0.140934 2.029171 0.0437
SET_AGGREGATE_2 0.157783 0.107599 1.466399 0.1440
SET_AGGREGATE_3 0.193166 0.144838 1.333673 0.1838
EAST 0.092451 0.116557 0.793187 0.4286

CENTER -0.055453 0.154599 -0.358691 0.7202

WEST -0.065825 0.153659 -0.428383 0.6688

IMILLS MONOLINGUAL 0.025499 0.089373 0.285310 0.7757
R-squared 0.391625 Mean dependent var 5.373029
Adjusted R-squared 0.327891 S.D. dependentvar  0.635355
S.E. of regression 0.520878 Akaike info criterion  1.626892
Sum squared resid 56.97591  Schwarz criterion 1.967553
Log likelihood -166.5329  F-statistic 6.144641
Durbin-Watson stat 1.951591  Prob(F-statistic) 0.000000



