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Abstract

We develop a novel way to evaluate the size of unreported wage payments at employee level. It is

only the reported employer-employee income data combined with firm-level financial statements

and survey information on various person-level indicators that are required for this purpose. We

estimate the Mincer earning regression by the Stochastic Frontier Analysis approach, proxying

the unreported wage payments by the non-negative inefficiency term. Our methodology is tested

on the Latvian data: we find that small and young firms engage in illegal wage payments more

than other firms. Unofficial payments to employees with small reported wages are more frequent

and sizeable, revealing lower wage income inequality in Latvia when the unreported wage is

taken into account.
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1 Introduction

The shadow economy, comprising activities that have market value and would add to tax revenue and

GDP were they recorded, is a widespread global phenomenon (International Monetary Fund, 2021).

As with any fraudulent behaviour, the size of unreported cash payments is difficult to observe and

measure. Such activities have significant economic and social implications across several dimensions.

At macro level, weakened tax revenue materialises in lower provision of public goods. At firm level,

the shadow economy results in distortion of resource allocation due to unfair competitive advantage

of tax evading entities. At employee level, receiving unreported income worsens social protection

and leads to low pension savings and unemployment benefits. Detailed employee and firm level

data allows measuring unreported wages at disaggregated level, which is essential for better policy

design.

Several approaches to quantify the size of unreported wage payments exist in the empirical lit-

erature. They can be classified into three broad groups. First, audit data from fiscal authorities or

surveys provide direct information on the frequency and size of illegal payments. Audit information,

as in Kleven et al. (2011), may represent the most effective way to evaluate the size of unreported

payments, but such data is still rare. Also, this source of information can provide a biased picture in

case of a non-random audit. Direct surveys of employees (see e.g. Eurobarometer 2020) or employ-

ers (see Putniņš and Sauka 2015) are an effective alternative in the absence of audit data. Possible

untruthful answers combined with relatively small samples limit the usability of such results. The

second strand of the literature – consumption-based analysis, taking its origins from Pissarides

and Weber (1989) – evaluates the size of envelope payments based on discrepancies between (un-

der)reported income and reported consumption. Despite a solid theoretical background and clear

intuition, such evaluations rarely go beyond aggregate numbers: the availability and the size of

consumption data at household level remains a serious constraint. The third approach relies on

discrepancies between administrative data and self-reported income (see Kumler et al., 2020). Still,

untruthful answers may inject a systematic bias, while respondent inattention induces additional

noise in the evaluation of ”envelope” cash payments.

We propose a novel approach to evaluate the size of unreported wage payments at employee

level based on employer-employee administrative data on income as collected by the respective fis-

cal authority. Data on reported income is combined with a firm’s financial statements and survey
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data containing various person-level indicators like education, experience and contract type. The

increasing availability of such data allows implementing our approach internationally. The method-

ology consists of three steps, where the first two follow the very recent research by Gavoille and

Zasova (2021b), who identify firms engaged in labour tax evasion using machine learning techniques

and investigate the employment reaction to a minimum wage shock for compliant and tax-evading

firms. The first stage of the methodology requires defining the treated group of firms (”definitely

evading”) and the control group (”definitely compliant”). Ideally, this should be done on the basis of

fiscal audit information. In the absence of such data, we identify the latter group with state-owned

firms, as well as enterprises whose owners are located in low-corruption countries. Here we rely on

evidence that the owner may transfer business ethics and tax morale from her country of origin

(see e.g. Braguinsky et al., 2014; DeBacker et al., 2015). The former group of ”definite evaders” is

identified with the firms that pay ”suspiciously low” wages for a given level of occupation, region,

age and gender. The second stage introduces a model trained/estimated on the sample of definitely

compliant and evading firms. This model classifies the rest of the firms as compliant or tax-evading

based on their financial reports. While Gavoille and Zasova (2021b) use the random forest algo-

rithm, we employ a simple probit model instead to obtain the probability that each firm is involved

in tax evasion.

Our major contribution to the literature on tax evasion is the third step of the methodology –

evaluating the unreported wage. We estimate the Mincer earning regression (Mincer, 1958; Mincer,

1974) by the Stochastic Frontier Analysis (SFA) method, which allows us to include two stochastic

components in the model. The first one is the traditional idiosyncratic error term accounting for

the unobserved wage determinants like ability. The second – the non-negative inefficiency term –

serves as a proxy for the unobserved and unreported wage payment. We introduce heterogeneity in

the inefficiency term by linking its variance to the predicted probability that the respective firm will

evade labour taxes (obtained in the second step). We thus restrict the unreported wage payments to

zero for compliant firms, while allowing positive illegal cash payments for tax-evading firms. Since

the Mincer earning regression is estimated at the employee level, we evaluate unreported wage

payments for each worker included in our sample. Intuitively, the envelope payments are proxied by

the gap between the potential gross wage (given the occupation, age, gender, education and many

other employee- and firm-level indicators) and reported gross wage net of the idiosyncratic term.

We apply our novel methodology to Latvian data. Under-reported wage is a widespread phe-
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nomenon in Latvia investigated by several researchers. In particular, Putniņš and Sauka (2015)

report that 21.1% of GDP is in the shadow economy in Latvia; 40% of the shadow economy consists

of envelope wages. Eurobarometer (2020) suggests a larger frequency and size of unreported wages

in Latvia compared to the EU. Gavoille and Zasova (2021a) conclude that workers in domestically-

owned firms conceal 26% more income than employees in foreign-owned firms. As to the data, the

good quality employer-employee earning information collected by the State Revenue Service (SRS)

of Latvia combined with the firm-level financial statements is available for recent years. Additional

person-level indicators can be obtained from the Labour Force Survey (LFS) and merged with the

employer-employee database. The availability of this multifaceted micro level data and numerous

previous evaluations based on different approaches makes Latvia an ideal testing ground for our

study.

While the firm sample used in estimation does not include public institutions, commercial banks,

micro-enterprises and the self-employed, it still covers the majority of economic activity in Latvia.

According to our estimates, more that 40% of employees included in our sample were involved in

labour tax fraud. For the employees with non-zero unreported wage, the size of such payments

averaged nearly 30% of the reported gross wage, making the share of envelope wage payments close

to 10% of total reported gross wages. These aggregate numbers hide substantial heterogeneity in

labour tax evasion. Small and young firms engage in illegal envelope wage payments to a larger

extent than other firms. Unofficial payments are more frequent and sizeable for employees with

low reported wages, revealing lower wage income inequality in Latvia when the unreported wage is

taken into account.

We review the approaches to evaluate the size of envelope payments in the next Section in more

detail. Section 3 describes the Latvian data, while Section 4 goes through all three steps of our

novel methodology. Section 5 briefly describes our results regarding the detection of tax-evading

firms. The main results relate to the size and distribution of unreported wage payments, including

validation and robustness checks reported in Section 6. The last Section concludes.

2 Literature review

The literature on under-reporting of income is vast and continuously growing. The under-reporting

of income is usually documented in developing countries, for example, Gorodnichenko et al. (2009)
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discover large changes in tax evasion following the flat tax reform in Russia, Tonin (2011) investigates

the interaction between the minimum wage and labour tax evasion in Hungary, Kukk and Staehr

(2014) estimate the relative under-reporting of income for households with business income in

Estonia, and Kumler et al. (2020) find evidence of income under-reporting by firms in Mexico. This

phenomenon is not specific to developing countries only, as Hurst et al. (2014) document income

under-reporting by the self-employed in the US.

The issues of under-reported income and envelope wages in Latvia received a lot of attention

in recent years from both international institutions (see World Bank, 2017 and Eurobarometer,

2020) and academic researchers. According to a recent (September 2019) survey by Eurobarometer

(2020), 36% of Latvian respondents indicated that they know people who work without declaring

all or part of their income, while 6% admitted that they carried out undeclared paid activities in

the last 12 months (the share of positive answers in the EU was 33% and 3% respectively). Putniņš

and Sauka (2015) estimate the size of the shadow economy for three Baltic States in 2009-2012,

reporting 21.1% of GDP for Latvia in 2012: envelope wages contribute almost 40% of this number,

while unreported employees contribute another 20%. Putniņš and Sauka (2021) construct the SSE

Riga Shadow Economy Index based on the same methodology and report the gradual increasing

trend in the size of the shadow economy in Latvia between 2016 and 2020. Gavoille and Zasova

(2021a) use expenditure-based measures of income and conclude that households with the head

working in domestically-owned firms conceal 26% more income on average than those whose head

works in foreign-owned firms. Gavoille and Zasova (2021b) propose a novel approach to detect

labour tax avoiding firms: according to their results, 37% of firms in 2011-2013 were classified as

labour-tax-evading.

Despite obvious complications in evaluating the magnitude of the non-compliance, income under-

reporting and the size of the envelope payments, several evaluation strategies exist in the literature.

One strand of the literature relies on the direct surveying of the income under-reporting phenomena.

Eurobarometer (2020) directly asks respondents about their involvement in the undeclared economic

activities, both from the demand side (e.g. buying products that included undeclared work) and

the supply side (e.g. receiving undeclared income). Putniņš and Sauka (2015) survey company

managers, using their unique knowledge about under-reported business income and wages. Given

the sensitivity of the topic, the survey-based measurements may underestimate the size of undeclared

payments because of non-response or untruthful response. This risk can be reduced by several survey
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and data collection techniques. In particular, Putniņš and Sauka (2015) ask managers about the

prevailing practice in their industry instead of their firm. Similarly, Eurobarometer (2020) asks

whether respondents ”personally know any people who work without declaring all or part of their

income to tax or social security authorities”. Running a survey is time consuming and expensive,

thus the sample size typically remains modest (1006 interviews in Eurobarometer, 2020; 500-600

phone interviews in Latvia each year by Putniņš and Sauka, 2015) that does not allow studying the

distribution of unreported income in detail.

Few papers exploit data on audits performed by fiscal authorities. For example, Kleven et al.

(2011) exploit data from a tax enforcement field experiment in Denmark to find that under-reporting

is widespread for self-reported income but not third-party reporting. Such data is still rare, and

some papers make use of exogenous shifts in the threat of audit. For example, Almunia and

Lopez-Rodriguez (2018) exploit the revenue threshold for more thorough monitoring in Spain, while

Pomeranz (2015) investigate announcements of additional monitoring on transactions of Chilean

firms.

Consumption-based analysis is another big strand of the empirical literature on income under-

reporting. Established by Pissarides and Weber (1989), this approach is based on the assumption

that all income groups report food expenditures correctly, and compare food consumption for a

household group with respect to some compliant benchmark to reveal the level of income under-

reporting. The consumption-based approach is typically applied to evaluate the under-reported

income of the self-employed (see e.g. Hurst et al., 2014 for the US; and Kukk et al., 2020 for the EU

countries; see also Kukk and Staehr, 2014 for households with business income in Estonia). This

is not the only possible comparison, and Gavoille and Zasova (2021a) compare Latvian households

whose heads work in domestically-owned firms with households whose heads work in foreign-owned

firms (assumed to be compliant), suggesting that labour tax evasion by the former can provide an

alternative explanation for the wage premium for employees in foreign-owned firms.

One can also rely on discrepancies between different income data sources, when they usually

contain self-reporting or assessment data. For instance, Kumler et al. (2020) compare income data

from the social security agency with self-reported income from the household survey and discovers

substantial unreported income for the employees of Mexican firms, which is especially widespread

among small firms. Artavanis et al. (2016) replicate the banks’ estimate of household income to

compare it with officially reported information.
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3 Data

We use the availability of rich administrative and survey micro-level data in Latvia to perform our

task. There are three main datasets that were linked using anonymized firm and employee identifi-

cators.1 First, we use the employer-employee dataset provided by the State Revenue Service (SRS)

and Central Statistical Bureau (CSB) of Latvia. This administrative dataset contains monthly gross

wage for all employees reported by firms to Latvia’s tax authorities (excluding the self-employed

persons). In addition to income data, the dataset includes hours worked, age and gender of each em-

ployee. The monthly income dataset is accompanied by another employer-employee database that

records any changes in an employee’s status like hiring, firing, transfer to a new position, parental

leave, etc. Starting from July 2015, each such entry should contain a six-digit employee occupation

code corresponding to the Latvian profession classification.2 Although information on changes in

an employee’s status arrives infrequently, we are able to impute occupation information for many

observations in the monthly employer-employee gross income dataset. We assume unchanged occu-

pation following the moment of hiring or transfer to a new position until a new change in status;

similarly we trace back the occupation for months preceding the moment when the employee was

fired. Table 1 indicates that we were able to trace the occupation status for almost 15% of all

employer-employees pairs between 2016 and 2018.3,4

Despite the relatively low coverage for information on occupations, we still have enough ob-

servations to detect ”suspiciously low” wages at the individual profession level, which is a crucial

step in our methodology (see Section 4.1). The subsample of employees for whom we can identify

occupations is representative of the population in terms of reported gross wage statistics, as shown

in the last two columns of Table 1 comparing the average gross full time equivalent (FTE) wage

for employer-employee pairs with identified occupations and the aggregate statistics provided by

the statistical office (see also Figure A1 in Appendix for similar comparison by broad occupation

groups).

1Firm registration numbers and personal codes are replaced by unique hash codes. While making the identi�cation
of �rms and employees impossible, these unique hash codes are consistent across various datasets, allowing to link
datasets together.

2The �rst four digits of the occupation code coincide with ISCO-08 classi�cation.
3Information on occupation is missing if the employee’s status remained unchanged after June 2015. In addition,

a substantial fraction of �rms does not report occupation data even after July 2015. Finally, we assigned occupation
data only to employees working for at least four months within a respective calendar year to exclude short-term
employees.

4Latvia’s employer-employee level dataset is available for 2007-2020. However, �rms only report occupations since
July 2015. The sample ends in 2018 due to the lagged availability of �rm-level �nancial statements.
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Table 1: Employer-employee pairs with detected occupation

Year Total number of unique

employer-employee pairs

in the dataset

Pairs with

occupation

Share of

observations with

occupations

Average gross FTE

wage for pairs with

occupation, EUR

Average gross wage

according to CSB of

Latvia, EUR

2016 1’278’735 165’786 13.0% 875.53 859
2017 1’305’309 191’169 14.6% 961.34 926

2018 1’402’464 201’923 14.4% 1087.78 1004

Sources: SRS of Latvia, CSB of Latvia, own calculations.

The firm-level financial statements provided by the SRS and CSB of Latvia serve as the second

major source of information. It contains firm balance sheets and profit and loss statements, including

turnover, total compensation of employees and value added. It also indicates the four-digit sector of

activity according to NACE 2 classification, the year of establishment, NUTS3 region and ownership

code that allows detecting state-owned enterprises.5 The firm-level financial data is available until

2018, which limits the sample period of our research to 2016-2018. The number of firms included

in the dataset varies between 117’292 in 2016 and 107’880 in 2018; it does not include public

institutions, commercial banks and the self-employed. Moreover, data availability is scarce for

small enterprises due to non-reporting. To track the country of origin for foreign-owned firms in

Latvia, balance sheets and profit and loss statements are also linked with the information about

firms’ foreign assets and liabilities provided by Latvijas Banka. The merchandise trade dataset

provided by the CSB adds information on export and import operations.

The Labour Force Survey (LFS) collected and provided by the CSB is our third source of

information. The survey uses a rotating panel, collecting the data at household level for people

aged from 15 to 74. Each household is surveyed four times with intervals of 13, 39 and 13 weeks;

the survey covers more than 10 thousand households per year. This information can be linked with

administrative employer-employee data using an anonymised person identifier. Although the sample

size of the survey is substantially smaller than for administrative data, the LFS provides critical

information on personal characteristics like education, experience, contract type, family status,

etc. We need this information to evaluate the potential gross wage in Section 4.3. The survey

also provides another especially valuable information for our research – directly asking employed

respondents to report their net income in the previous month. As in Kumler et al. (2020), this

allows us to compare official wage data by tax authorities to a self-reported income data.

5The ownership code is available until 2016. We assume that enterprises that were labelled as state-owned in 2016
remained in state ownership also in 2017 and 2018.
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4 Methodology

This section describes our novel methodology to evaluate the size of unreported wage payments. It

consists of three stages. The first two stages are devoted to identifying tax-evading firms following

the approach suggested by Gavoille and Zasova (2021b). The third stage contains the main method-

ological innovation by evaluating unofficial payments at the employer-employee level. We describe

all three steps below.

4.1 Forming the treated and control group

First, we define the group of firms that are assumed to be ”definitely compliant”, and the group of

firms assumed to be ”definitely evading” the labour tax. The former serves as control group, while

the latter serves as treatment group for the second stage model predicting the probability that a

firm evades labour taxes.

Foreign and state-owned firms as a control group

The control group contains firms that is assumed to be ”definitely compliant” and do not evade

labour taxes. Ideally, one can use data from audits performed by fiscal authorities (e.g. Kleven

et al., 2011) to define both control and treated groups. Such data is rarely available and we do

not have it at hand for Latvia. Instead we follow the approach of Gavoille and Zasova (2021b)

who assume full compliance of Scandinavian-owned firms in Latvia. They base this assumption on

the existing empirical evidence of higher transparency among firms whose owners originate from

countries with a low corruption environment. For instance, DeBacker et al. (2015) employ the US

audit data to show that such firms are less likely to evade taxes, while Braguinsky et al. (2014) and

Braguinsky and Mityakov (2015) use Russian administrative data to find higher wage transparency

in multinational firms.

We use a similar approach, although we expand the set of firms that are assumed to be ”definitely

compliant” in order to increase the size of the control group and to improve the stability of estimates

in the second step. We expand the set of compliant firms in two ways. First, instead of owners

from Scandinavian countries only, we use the top countries from the Corruption Perception Index.6

6We used the top 15 countries from the Corruption Perception Index of 2016 (see https://www.transparency.

org/en/cpi/2016/index/nzl) and removed the countries that have negligible direct investments in Latvia. The �nal
list consists of 11 countries: Denmark, Finland, Sweden, Switzerland, Norway, the Netherlands, Canada, Luxembourg,
Germany, the UK and Iceland.
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While this includes all Scandinavian countries, it adds several other OECD countries, increasing the

size of the control group considerably, as Germany and the UK are among the top sources of the

FDI in Latvia. Second, we add state-owned firms to the ”definitely compliant” group. These are

subject to more rigorous control, in particular from the State Audit Office of Latvia, minimizing the

opportunities for tax evasion. Also Braguinsky et al. (2014) suggest substantially higher compliance

among state-owned enterprises.

Low-wage firms as a treated group

Defining the group of ”definitely evading” firms is more complicated. Although various empirical

studies point at certain groups of tax evaders, like the self-employed (e.g. Hurst et al., 2014; Kukk

et al., 2020) or small enterprises (e.g. Kumler et al., 2020; Braguinsky and Mityakov, 2015), this does

not mean that all firms within such a group evade labour taxes. In the absence of tax audit data,

one feasible solution suggested by Gavoille and Zasova (2021b) is to select firms with ”suspiciously

low” wages. Due to the flexibility of the Latvian labour market (see Fadejeva and Opmane, 2016),

it is reasonable to assume that employees only agree to receive an official wage substantially below

the level considered to be normal if this difference is compensated by some unofficial payment in

cash.

Gavoille and Zasova (2021b) use various firm-level information, as well as employee-level char-

acteristics from the LFS to spot firms with ”suspiciously low” wages, since the survey contains

information on education, experience, occupation and other characteristics of the employee that are

important determinants of the wage level. However, the LFS dataset imposes two serious restric-

tions. First, the sample size is small compared to the number of employees and enterprises. As a

result, the decision to label a firm as ”definitely evading” is typically based on a single employee

receiving a very low wage, which can be an outlying observation within a firm. Second, the informa-

tion on occupations in the LFS is not sufficiently detailed, containing only the two-digit occupation

code.

We take the advantage of the very detailed occupation information at hand and modify the

algorithm. Our occupation data comes from the administrative employer-employee dataset and

contains a six-digit code. Despite the low coverage (see Table 1 above), we still have 150-200 thou-

sand employer-employee pairs with very detailed occupation each year. The same administrative

data source includes the age and gender of each employee. Thus, we can detect employees with
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”suspiciously low” reported wages controlling for detailed occupation, age and gender. The in-

formation on education and experience is absent in the dataset, but detailed occupation partially

compensates, since many professions require a certain level of education.

We proceed as follows. We regress the log of reported gross wage on the set of occupation

dummies controlling for gender and age. We also include the year-region fixed effects to account for

region-specific changes in the labour market conditions. Then, we label employees as receiving a

”suspiciously low” wage if legal gross wage falls below the 10th percentile for a respective occupation

in a given year and region controlling for age and gender.7 Several comments are necessary here.

First, we use the four-digit occupation code instead of the six-digit code due to the small size of

Latvia’s economy and the self-imposed restriction of at least 100 observations for each occupation-

year-region group. Nevertheless, the four-digit code provides 412 unique occupations, which is a

much finer classification than in the LFS. Second, we exclude all enterprises subject to the micro-

enterprise tax.8 Although such firms form a non-negligible part of total employment, we cannot

compare them to other firms due to a specific labour tax regime. Third, observations with reported

gross wage below the 1st or above the 99th percentile were censored, as were employees with less than

500 hours worked in a given year. Finally, we did not control for the industry effect when identifying

the ”suspiciously low” wages. Implicitly we assume that employees with a certain occupation can

freely move between different industries within one region, e.g. a bookkeeper (ISCO-08 code 2411)

can freely move from manufacturing to construction or administrative services.

Our procedure detects 10-15 thousand employees with a ”suspiciously low” wage each year.

However, this does not mean that all corresponding firms evade labour taxes, as some wages may

seem suspiciously low because of unobserved worker characteristics (like insufficient qualification).

We want to avoid labelling firms as evading based only on one case, so we require two conditions

to be satisfied: a) the share of employees with ”suspiciously low” wage in a given year equals 50%

or more of all classified employees in the firm (i.e. employees with imputed occupation data); b)

at least one third of employees, or at least 10 employees in the respective firm have occupation

7To account for the possibility of a low wage variance within a given profession, year and region, we labelled
employees as receiving a "suspiciously low" wage only when the reported wage was at least 10% below the average
(controlling for age and gender). This additional condition, however, was never binding.

8The micro-enterprise tax is a single tax payment, which includes mandatory state social insurance contributions,
personal income tax, corporate income tax, and personal income tax of the micro-enterprise owner. See the State
Revenue Service for more details at https://www.vid.gov.lv/default.aspx?tabid=8&id=5831&hl=2. Although we
do not have a variable pointing to the micro-enterprise tax payers in our dataset, we exclude �rms that comply with
all micro-enterprise tax requirements.
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data.9 These conditions ensure that we observe enough employees with occupation information in

the respective firm, and a substantial part of them appears to receive under-reported wages.

4.2 Predicting the probability of evading labour taxes at firm level

The second step of our methodology assumes that labour tax evasion, as any illegal operation,

should leave some traces in the firm’s financial reports. Establishing a systematic relationship

between the probability of fraud and reported financial information allows one to detect fraudulent

firms (see Beneish, 1999; Cecchini et al., 2010; Hajek and Henriques, 2017). Gavoille and Zasova

(2021b) apply a random forest algorithm based on pre-defined treated and control groups, using

several financial indicators to detect evading firms. Validating the classification through LFS and

Household Budget survey data proves the relevance of their approach.

Instead of a random forest algorithm, we stick to a simple probit model. Despite potential losses

in predictive power, we have two reasons for this. First, probit models are more transparent, as we

can report the sign and the significance for coefficients on the firm-level indicators. Second, and

more importantly, the evaluation of unofficial payments in the next step requires an estimate of the

probability that the firm is involved in tax evasion, not just a binary classification.

We run the following probit model:

Pr (Eit = 1|Xit) = Φ (Xitβ + uit) , (1)

where Eit denotes a dummy variable that equals 1 for the treated group (”definitely evading”

firms) and 0 for the control group (”definitely compliant” firms); t denotes the year, but i stands

for the firm, and i ∈ C, where C represents a set of firms labelled as ”definitely evading” and

”definitely compliant” during the previous step; Xit denotes the set of (primarily financial) firm-

level characteristics that may correlate with labour tax evasion.

After estimating (1) we use the probit model to predict the out-of-sample probability of evading:

p̂it = Φ
(
Xitβ̂

)
, (2)

where p̂it is the predicted probability of labour tax evasion for the firm i in year t. Note that now

9For example, a �rm with 15 employees would be labelled as evading if we have occupation information for 7
employees and 4 of them have "suspiciously low" wage (i.e. below the 10th percentile for the respective occupation-
year-region after controlling for age and gender).
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i ∈ I, where I is the set of all firms that provide the necessary financial information Xit. Finally,

we assume that the probability of tax evasion equals zero for firms that were labelled as compliant

during the first stage of our algorithm, namely state-owned firms and firms where the owner comes

from countries with a low corruption environment (p̂it = 0 if Eit = 0).

4.3 Evaluating the size of the unreported wage payments

The third step of our methodology evaluates the size of the unreported wage payments at employee

level. Intuitively it is clear that employees with very low wages have a higher probability of receiving

unreported payments, as the size of such payments is linked to the gap between the observed and

the ”normal” gross wage. Mincer earning regressions (Mincer 1958; Mincer 1974) have a long

tradition in empirical labour economics (see Heckmann et al. 2003; and Lemieux 2006) and serve as

a natural choice to determine ”normal” or potential wage levels using data on education, experience,

occupation, industry, as well as other firm and employee-level characteristics.

Two problems arise. First, Mincer earning regressions use the reported wage rate as a dependent

variable. However, we know that some wages are under-reported. One could use only compliant

firms in Mincer earning regression estimates, but this reduces the sample size and creates a sample

selection bias, since compliant firms differ systematically from evading firms (e.g. in size or sectoral

composition). Unobserved determinants of earnings pose the second problem. Even with a very

rich micro-level data at hand we are unable to explain differences in wage levels completely due to

unobserved personal and firm-level characteristics (like the ability of the employee or technology of

the firm). Consequently, we cannot solely attribute the gap between the observed and predicted

wage to illegal cash payments solely. Also, it is not clear how to interpret the case when the reported

wage rate exceeds the wage predicted by the Mincer earning regression.

Earning regression estimated by the Stochastic Frontier Analysis

The main methodological innovation we propose in this research is to use the Stochastic Frontier

Analysis (SFA) to overcome the above problems. Although SFA models, introduced by Aigner et al.

(1977) and Meeusen and van Den Broeck (1977) to estimate the production frontier, have a long

history, to the best of our knowledge, they were not used to evaluate unreported wage payments.

The SFA fits our needs perfectly, as it assumes two stochastic terms in the earning regression instead

of one. The random or so called idiosyncratic error term would account for all unobserved firm- or
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employee-level factors influencing the potential wage level. The inefficiency term would account for

unobserved illegal cash payments. The inefficiency term in the SFA is non-negative by definition,

which corresponds to the fact that unreported wage payments cannot be negative.

We define the Mincer earning regression determining the potential level of gross wage as follows:

ln (wijt) = xijtβ + vijt − uijt, (3)

where wijt stands for the reported gross wage for the employee j working in the firm i in year t,

and xijt denotes the observed determinants of potential gross wage. Note that the set of deter-

minants includes employee-level characteristics, firm-level characteristics, as well as various fixed

effects (time, sector, occupation). vijt corresponds to the idiosyncratic error term assumed to be

independently normally N(0, σv) distributed. It captures unobserved firm- and worker-level poten-

tial wage determinants not accounted by xijt. The inefficiency term uijt is the most important for

us – it is assumed to be independently half-normally N+(0, σu) distributed. Since uijt ≥ 0, it can

be interpreted as the gap between the logarithm of the potential gross wage and the logarithm of

the reported gross wage net of the idiosyncratic term. For the moment, we can approximate the

size of the unreported payments (relative to the potential wage) by uijt.

Heterogeneity in the inefficiency and idiosyncratic term

Straightforward estimates of (3) would not produce meaningful results, since the default model

with a homoskedastic inefficiency term (E(σ2u|xijt) = const) does not distinguish between com-

pliant and evading firms. Heterogeneity in the inefficiency term should be allowed. On the one

hand, unreported payments are expected to be zero if the firm is not involved in under-reporting

wages (corresponding to σ2u = 0 for compliant firms). On the other hand, we can expect some

positive unreported payments in tax-evading firms (although the size of cash payments may differ

for individual employees) and σ2u > 0.

We relate the variance of the inefficiency term σ2u to the predicted probability that firm i is

involved in unreported payments (p̂it), obtained in the second step. In particular, we model the

heterogeneity in the inefficiency term as:

σ2u = eψ(p̂it), (4)
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where p̂it stands for the predicted probability that firm i is non-compliant in the year t from (2).

We approximate the function ψ() by a second-degree polynomial, and we expect that σ2u → 0 when

p̂it = 0. Note that the use of the estimated probability p̂it instead of a binary variable allows the

variance of the inefficiency term to differ for firms which are almost certain evaders (p̂it → 1) and

firms that look suspicious, but are not definite evaders (e.g. p̂it = 0.7).

As pointed by Kumbhakar and Lovell (2000, p. 117), failing to account for the heteroskedasticity

in the idiosyncratic term may lead to biased estimates of the inefficiency term. We follow the

theoretical and empirical observations in Mincer (1958) that income dispersion increases with age,

education and occupational skills. Thus, we assume that the variance of the idiosyncratic term vijt

depends on the employee-level characteristics:

σ2v = ezjtγ , (5)

where zjt stands for employee-level determinants of the inefficiency variance: age, education and

occupation.

Expected inefficiency term

After estimating the system of equations (3)-(5), obtaining the residual from (3) is straightforward;

namely, ϵ̂ijt = ln (wijt)−xijtβ̂. There is no unique way, however, to split this residual into inefficiency

and idiosyncratic terms. The only possible evaluation for unreported wage payments comes from

the mean of the conditional distribution f(uijt|ϵijt). The expected value of the inefficiency term is

the following:

E (uijt|ϵijt) = µ∗i + σ∗

(
ϕ (−µ∗i/σ∗)
Φ (−µ∗i/σ∗)

)
, (6)

where µ∗i and σ∗ are defined for the SFA model with half-normally distributed inefficiency term as

µ∗i = −ϵij
σ2u

σ2u + σ2v
; σ∗ =

σuσv√
σ2u + σ2v

,

but estimates of σu and σv come from (4) and (5) respectively (for more details, see Kumbhakar and

Lovell, 2000). The use of the expected inefficiency term as a proxy for the unreported payment does

not allow for strong conclusions about each individual employee. However, we can still evaluate the

average size of unreported wage payments, as well as their distribution by different types of firms
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and workers.

5 Detecting tax-evading firms

Now, we briefly overview the results of the two first steps of our methodology yielding the firm-

level estimate of the probability of labour tax evasion. Although this is not the main focus of our

research, these intermediate results provide some useful insights into tax evasion in Latvia.

5.1 Compliant and evading firms

According to the procedure described in section 4.1, we assume that firms owned by foreign in-

vestors from the low-corruption countries (mostly Scandinavia and a few other OECD members)

are ”definitely compliant” and form the control group along with state-owned firms. Ownership

of 10% or more is required for the foreign-owned compliant firms (similarly, with regards to the

definition of foreign direct investments) to proxy for a lasting interest and a significant degree of

influence. State-owned firms include state and municipal enterprises, as well as firms with non-zero

state-owned share in equity, assuming that any state involvement imposes certain business ethics

and compliance.10 The treated group consists of firms that were classified as ”definitely evading”

due to a large share of ”suspiciously low” wages: at least half of employees with occupation data

have reported wages below the 10th percentile for the respective occupation-year-region group after

controlling for gender and age.11 We report the number of firms in each category in Table A1 in

Appendix.

We also check the validity of our assumption about the compliance of foreign- and state-owned

firms. Table 2 reports the share of workers with ”suspiciously low” wages among employees with

detailed occupation information. The share is close to 80% for firms labelled as ”definitely evading”

in all years. On the other hand, the share of employees that probably receive illegal cash payments

appears to be very low in firms labelled as compliant. Although we did not use any wage-related

information in defining the control group, the firms assumed to be compliant indeed have sub-

stantially higher reported wages compared to firms classified as definitely evading. The number of

10We lack detailed information on the share of state ownership, as we can only distinguish between �rms with at
least 50% of state ownership and below 50% state ownership. We check the robustness of our results by applying
a stricter de�nition, requiring at least 50% foreign or state ownership for "de�nitely compliant" �rms. Despite the
smaller set of the control group, the main results of our analysis remained unchained to this alternative de�nition.
Even more, the main �ndings remained almost unchanged when we restricted the set of control �rms to foreign-owned
�rms with at least 50% ownership only. Results are available upon request.

11We also control for the square of age to account for possible non-linearities.
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foreign- and state-owned firms classified as ”definitely evading” by our algorithm is very small, and

such firms were excluded from the control group.

Table 2: The share of ”suspiciously low” wages in compliant and evading firms

Year Share of ”suspiciously low” wages
in ”definitely evading” firms

Share of ”suspiciously low” wages
in ”definitely compliant” firms

Number of ”definitely compliant”
firms also classified as ”definitely

evading”

2016 78.2% 3.2% 3

2017 78.9% 8.1% 13
2018 79.1% 6.7% 13

Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

Figure A2 in Appendix shows the distribution of reported employee-level wages for the various

categories of firms: the differences are striking. The wage distributions for firms owned by the state

or by foreign investors from low-corruption countries are shifted to the right, and the share of very

low reported wages remains negligible. The opposite can be observed for firms that are labelled

as ”definitely evading” – most wages are concentrated just above the minimum wage.12 Table 3

reports the final size of the treated and control groups: we are left with more than seven thousand

observations for the probit model (substantially larger than the sample used by Gavoille and Zasova,

2021b).

Table 3: The size of the treated and control groups

Year Number of ”definitely compliant”

firms (control group)

Number of ”definitely evading”

firms (treated group)

Total number of firms

2016 563 1’953 28’791
2017 330 2’429 30’216

2018 315 2’873 31’838

Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

Tables A2 and A3 in Appendix report the distribution of compliant and evading firms by firm

size and industry. Firms that were labelled as ”definitely compliant”, namely foreign- and state-

owned firms, are well represented in all size categories. Most firms classified as evading have less

than 10 employees, while none of the large firms (250 employees or more) paid low enough wages

to be labelled as ”definitely evading”. The more active involvement of smaller firms in under-

reporting wages is consistent with the results found by Putniņš and Sauka (2021). Regarding the

distribution by industry, we have enough observations from both control and treated groups for

most industries. The only exceptions are mining, energy, and water supply and sewerage industries

that were excluded from further analysis.

12Almost half of employees from "de�nitely evading �rms" received less than 110% of minimum wage in 2018.
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5.2 Probability of paying unreported wages

Now we estimate the probit model on the subset of firms from the treated and control groups defined

above, determining the probability that firms evade labour taxes. We keep the set of explanatory

variables short, focusing on financial indicators like turnover or debt ratio. In addition, we control

for the age of the firm and some other variables related to ownership and business activities. We

avoid variables directly related to wages like the share of labour costs in total expenses13 or the

share of employees at the minimum wage, since our definition of the treated group was directly

based on wage information. We do not control for the number of employees for the same reason –

taken together with turnover it implicitly provides information on labour productivity that should

be directly linked to wages. Finally, we also control for region, year and sector fixed effects.14 The

results of the probit model are reported in Table 4.

The signs on most coefficients coincide with economic theory. In particular, the probability of

tax evasion is higher for small and young firms, as confirmed through the survey results by Putniņš

and Sauka (2021) for Latvia. Also Beneish (1999) reports that evading firms tend to be smaller

and more leveraged, which is consistent with our findings that a higher debt-to-assets ratio (in

particular the short-term debt ratio) is associated with more probable tax evasion. In line with

DeBacker et al. (2015), foreign ownership (in addition to owners from low-corrupted countries)

serves as a good indicator of tax compliance, especially when owners are from OECD countries.15

Participation in merchandise import operations is another compliance indicator that can be related

to a more intense control of such companies by tax authorities. We observe a higher probability of

tax evasion for firms with a higher turnover to assets ratio and a lower share of intermediate inputs

to turnover (although the latter indicator is only of marginal statistical significance), which might

be related to an abnormally high turnover of evading firms. The coefficient on the ratio of cash to

assets suggests that firms with relatively large cash holdings tend to be more compliant.16 The only

13We include the ratio of intermediate inputs to turnover, however. While this ratio is inversely related to the share
of labour costs, this relationship is not strong due to variation in pro�ts.

14In addition, we include sector-year dummies to control for any sector-speci�c developments over time. These �xed
e�ects also address the problem of varying ratio of "de�nitely compliant" to "de�nitely evading" �rms in Table 3.
Although we use administrative data, the information on occupation is available only for a subset of employees, and
the coverage tends be lower at the beginning of the sample. As a result, the number of �rms labelled as "de�nitely
evading" increases over time in absolute terms, as well as in comparison with the number of "de�nitely compliant"
�rms. This can be misinterpreted as a growing probability of evading labour taxes over time, so we control this by
�xed e�ects.

15Note that both ownership dummies exclude foreign owners from low-corruption countries. Moreover, removing
ownership dummies from the probit model has only a marginal e�ect on the performance of the model and the
evaluation of the unreported wages. Results are available upon request.

16Firms that evade labour taxes and pay envelope wages obviously need cash, but this cash is not reported in the
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counter-intuitive effect comes from the low profits dummy17 – extremely low profits serve as a sign

of compliance, which may be due to correlation with turnover and indebtedness variables.

Table 4: Probit model for the probability of tax evasion in 2016-2018

Variable Coefficient p-value

Log of turnover -0.511*** 0.000

Debt to assets 0.0550* 0.007

Short-term debt to assets 0.267*** 0.001
Cash to assets -0.339*** 0.004

Turnover to assets 0.0104*** 0.002

Intermediate inputs to turnover -0.00475 0.118
Age of the firm -0.0552*** 0.000

Low profits dummy -0.987*** 0.000

Merchandise imports dummy -0.298*** 0.000
Foreign owner from other OECD (excl. low corruption countries) dummy -1.311*** 0.001

Foreign owner from non-OECD dummy -0.451** 0.062

Region dummies Yes -
Macroeconomic sector Yes -

Year Yes -

Macroeconomic sector * Year dummies Yes -

Number of observations 7’494 -

Note: (*), (**), (***) indicate statistical signi�cance levels of 10, 5 and 1 percent respectively.
Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

The results of the probit estimated on the subsample of 7’494 pre-classified compliant and

evading enterprises are used to predict the probability of tax evasion for the entire set of firms with

the required financial statements. Altogether we are able to predict the probability for about 60

thousand Latvian firms each year.18 Although we are primarily interested in the probability of tax

evasion in our next step, we can also report the share of firms classified as tax evaders by year,

industry and firm size. A subjective decision about the probability threshold splitting compliant

and evading firms should be made – we set the threshold at 0.84, namely firms with predicted

probability above 84% are classified as evading and the others as compliant.19 All numbers reported

below should be interpreted only in relative terms, however, as the absolute share of evading firms

depends crucially on the level of this threshold. Table 5 reports aggregate statistics by year.

o�cial balance sheets.
17We de�ne this dummy as an indication that the pro�t to turnover ratio is below the 20th percentile for a respective

industry and year.
18As mentioned above, we exclude micro enterprises from this exercise due to the speci�c nature of labour taxation.

Also, several industries were excluded due to the small number of observations in the treated and control groups.
19This choice was based on the predicting performance (AUC) of the probit model for di�erent levels of thresholds.

We run the 10-fold cross-validation, randomly splitting our sample into 10 folds of equal size, re-estimating the model
using the data for 9 folds and classifying �rms in the 10th fold (10 repetitions were made to classify all �rms in the
sample). We were able to classify correctly 86.5% of �rms, 86.9% of evading �rms were classi�ed correctly by the
model and 96.8% of �rms classi�ed as evading by the probit model were actually labelled as evading in the �rst step
of our algorithm. The area under the receiver operating characteristics curve (AUC) equals 0.853, which, although
below the performance of the model by Gavoille and Zasova (2021b), still indicates a good performance.
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Table 5: Evading and compliant firms by years

Year Number of

classified firms

Number of

compliant firms

Number of

evading firms

Share of evading

firms

Share of employees

working in evading firms

2016 60’828 15’569 45’259 74.4% 25.2%

2017 56’779 13’372 43’407 76.4% 25.5%
2018 57’389 11’639 45’750 79.7% 30.3%

Note: we classify a �rm as evading if the predicted probability of labour tax evasion exceeds 80%.
Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

For the given threshold of 0.84, the model classifies between 75 to 80% of Latvia’s firms as evading

labour tax, depending on the year. The share of tax evaders increases in 2017-2018 compared to

2016, which is in line with evaluations of Putniņš and Sauka (2021). These numbers are considerably

higher than those reported by Gavoille and Zasova (2021b) (37%), which can be attributed to several

differences in the datasets.20

Table 6: Evading firms by firm size class in 2018

Size class Number of evading
firms

Share of evading firms Share of employees working in
evading firms

1 to 9 employees 42’246 88.6% 81.3%

10 to 19 employees 2’332 49.7% 48.5%
20 to 49 employees 764 25.9% 24.0%

50 to 249 employees 88 6.0% 5.1%

250 or more employees 0 0.0% 0.0%

Note: the size class of 1 to 9 employees does not include micro enterprises. We classify a �rm as evading if the
predicted probability of labour tax evasion exceeds 80%.
Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

The share of employees working in tax evading firms is much smaller, however, due to substan-

tially better compliance among large firms – for the given level of threshold we estimate that around

25-30% of Latvia’s employees work in tax-evading enterprises. One should remember that these re-

sults do not include micro enterprises, the self-employed or several important industries, and these

figures by no means represent the size of the shadow economy, or the overall size of unreported wage

payments in Latvia. Still, these estimates are rather close to the evaluation by Gavoille and Zasova

(2021b) for four major industries in 2011-2013 (23.7%) and do not contradict the 36% share of the

respondents who reported they know someone working without declaring part of their income, see

Eurobarometer (2020).

The tight relationship between labour tax evasion and firm size is confirmed by Table 6. While

20Gavoille and Zasova (2021b) focus on �rms with at least 6 employees in four major industries (manufacturing,
construction, trade and transportation), while we also include smaller �rms that are not subject to the micro-enterprise
tax and broaden the industry scope. The higher share of tax evading �rms in our results appears natural given the
prevalence of tax evasion behaviour among very small �rms and several industries like professional or administrative
services (see Tables 6 and 7).
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most of small firms are classified as evading by the probit model, the share of tax-evading enterprises

drops substantially already for medium-sized firms, and becomes negligible for large firms. Although

the share of tax evading firms does not vary a lot by industries, the more substantial differences

can be observed for the share of employees working in tax-evading firms (see Table 7): evasion is

most common in construction and in professional and other services, while it is less common in

manufacturing and ICT. Despite the subjective choice of threshold to classify evading firms, our

conclusions about the distribution of tax-evading firms by size and sector are in line with previous

findings by Putniņš and Sauka (2015), Putniņš and Sauka (2021), and Gavoille and Zasova (2021b).

Table 7: Evading firms by sectors in 2018

Industry Number of evading
firms

Share of evading firms Share of employees working in
evading firms

A: Agriculture, forestry and fishing 2’234 79.7% 30.1%

C: Manufacturing 4’444 75.2% 20.1%

F: Construction 4’585 85.6% 45.5%
G: Trade 13’019 78.9% 30.0%

H: Transportation 3’618 80.7% 26.5%

I: Hotels and restaurants 2’057 81.5% 40.6%
J: Information and communication 2’261 79.0% 20.5%

L: Real estate 3’525 69.8% 30.4%
M: Professional services 5’364 84.3% 45.0%

N: Administrative services 2’347 89.8% 42.9%

RST: Other services 1’824 90.2% 43.6%

Note: we classify a �rm as evading if the predicted probability of labour tax evasion exceeds 80%.
Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

To validate the classification of firms into evading and compliant, we replicate the exercise

performed by Gavoille and Zasova (2021b), although in a much simpler way. Table A4 in Appendix

reports the effect of increasing the minimum wage on changes in employment. Gavoille and Zasova

(2021b) found that firms with larger shares of workers at the minimum wage (or close to it) tend

to reduce the number of employees after an increase in the minimum wage. However, this effect

is much smaller or even absent for firms classified as evading, since such firms compensate by

reducing unreported wage payments and only face the increase in tax-related costs. We use the

fact that the minimum wage was increased twice within our sample period: from 370 to 380 EUR

in 2017, and further to 430 EUR in 2018.21 Our results lead to similar conclusions. First, the

negative and significant coefficient on the interaction term between changes in the minimum wage

and the share of employees close to the minimum wage confirms the negative effect of minimum

wage increases on employment due to growing labour costs. Second, the positive and statistically

21We have no years in our sample without changes in the minimum wage, so our identi�cation is based on the size
of the adjustments.
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significant coefficient on the triple interaction term (changes in the minimum wage, share of workers

close to the minimum wage, and dummy indicating labour tax evasion), shows that evading firms

tend to reduce employment less, adjusting unreported wages instead.

6 Evaluation of the unofficial wage payments

6.1 Evaluation of the potential gross wage

We estimate the Mincer earning equation (3)-(5) by the SFA to evaluate the potential gross wage for

each employee.22 The earning regression includes an extensive list of potential wage determinants,

both employee- and firm-level. As the LFS remains the only available source of detailed employee-

level information in Latvia, we can only estimate the potential wage for employees who were included

in the LFS in 2016-2018, and who were employed by firms for which we have predicted the probability

of labour tax evasion in Section 5.2.23 This narrows our sample to approximately 11 thousand

employees between 2016 and 2018, which is still enough to run the SFA. The set of employee-

level variables includes the traditional Mincer earning equation determinants – education dummies,

age and experience in the current working place (as well as squared terms; age is included in

logarithmic form to reduce correlation with experience). In addition, our regression includes the

usual demographic variables (gender, ethnicity, citizenship) and variables describing the type of

working contract. Firm-level variables control for the size and the age of the enterprise, ownership

type, international trade in goods and location. Finally, we also control for numerous fixed effects,

including industry, region, occupation, year and month. Summary statistics for the employee- and

employer-specific variables included in the potential gross wage regression are reported in the Table

A6 in Appendix.

22Each observation is weighted according to the individual LFS annual weights.
23We use the data on gross reported wage and hours worked from the employer-employee data at the respective

date to link it with LFS data. In order to avoid non-regular income or hours worked due to vacations or bonuses, we
take the mode gross wage and hours worked during the centered three-month window.

21



Table 8: Potential wage regression with heteroskedastic inefficiency and idiosyncratic terms

Variable SFA regression SFA regression with inverse Mills ratio

(1) (2)

Employee-level variables

Education: secondary general 0.0483*** 0.0229

Education: secondary professional 0.0854*** 0.0612***

Education: professional 0.0789** 0.0492

Education: higher 0.183*** 0.179***

Graduation year 0.00406*** 0.00550***

Experience in the current working place 0.00821*** 0.00800***

Experience in the current working place squared -0.00017*** -0.00017***

Logarithm of age 1.449*** 1.416***

Logarithm of age squared -0.197*** -0.186***

Female -0.142*** -0.145***

Non-Latvian -0.0803*** -0.0770***

EU (but not Latvian) citizen 0.0853 0.159*

Non-EU citizens, aliens 0.0478*** 0.0620***

Temporary contract -0.118*** -0.120***

Partial time contract -0.0863*** -0.0863***

Pensioner -0.0459 -0.0465

Disabled person -0.118** -0.116*

Other employees -0.0811* -0.0794*

Firm-level variables

Logarithm of number of employees 0.0124*** 0.0124***

Logarithm of firm’s age 0.0111 0.0121*

State owned 0.0406** 0.0418**

Foreign-owned (top non-corrupted countries) 0.0763* 0.0753*

Foreign-owned (Baltic countries) -0.193*** -0.195***

Foreign-owned (other OECD countries) 0.164** 0.162**

Foreign-owned (other non-OECD countries) 0.0786 0.0798

Exporter of goods -0.0532*** -0.0541***

Importer of goods 0.0266 0.0274

Located in averagely inhabited territory -0.0541*** -0.0501***

Located in rarely inhabited territory -0.0994*** -0.0938***

Inverse Mills ratio - -1.966***

Industry fixed effects Yes Yes

Region fixed effects Yes Yes

Occupation fixed effects (2-digit level) Yes Yes

Year fixed effects Yes Yes

Quarter fixed effects Yes Yes

Variance of inefficiency term: ln(σ2
u)

Constant -9.258*** -9.267***

Probability to pay envelope wages 14.454*** 14.443***

Probability to pay envelope wages square -7.234*** -7.219***

Variance of idiosyncratic term: ln(σ2
v)

Constant -8.302*** -8.242***

Logarithm of age 3.939*** 3.907**

Logarithm of age squared -0.558*** -0.554**

Professionals -0.398*** -0.407***

Technicians and associate professionals -0.423*** -0.421***

Clerical support workers -0.638*** -0.634***

Services and sales workers -1.159*** -1.156***

Skilled agricultural, forestry and fishery workers -0.445** -0.451**

Craft and related trades workers -0.668*** -0.667***

Plant and machine operators and assemblers -0.534*** -0.528***

Elementary occupations -0.723*** -0.721***

Education: secondary general 0.0892 0.0914

Education: secondary professional 0.0607 0.0659

Education: professional 0.272*** 0.282***

Education: higher 0.208*** 0.216***

Number of observations 10’712 10’712

Note: (*), (**), (***) indicate statistical signi�cance levels of 10, 5 and 1 percent respectively.
Sources: SRS of Latvia, CSB of Latvia, own calculations.
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Table 8 reports the results of two SFA regressions. The first column contains the outcome of

the SFA regression with heteroskedastic inefficiency and idiosyncratic terms. Although it includes

an extensive list of determinants, we may face the classical problem of sample selection bias since

only employed persons are included in the sample. To deal with this problem, we use the fact

that the LFS also contains data on unemployed persons and apply Heckman’s two-step approach

(see Heckman 1979) to estimate equations (3)-(5). In the first step we estimate the probit model

that explains the probability of employment for economically active individuals depending on their

available personal characteristics. We use the number of children and family status (as well as

interactions with gender) as instruments for the first stage – the results can be found in Table A5

in Appendix. Then, in the second stage, the inverse Mills ratio is added to the SFA model with

heteroskedastic inefficiency and idiosyncratic terms to account for the potential sample selection

bias. Overall, despite the significance of the inverse Mills ratio, the coefficients of the earnings

regression do not change substantially (except for a few education-related variables). Below, we

refer to the results of the simple SFA regression with heteroskedastic inefficiency and idiosyncratic

terms as our baseline results.

According to Table 8, the potential gross wage depends significantly on various employee- and

firm-level variables. Most of the signs are in line with prior expectations and economic theory.

For instance, we observe higher potential gross wages for males, Latvians, employees with regular

contracts, higher education, recently graduated and longer experiences in the current working place.

As to firm-level variables, the potential gross wage tends to be higher in larger and older firms

located in cities. Finally, foreign-owned firms (by investors from non-Baltic OECD members) and

state-owned firms tend to have higher potential wages compared with domestic firms.

The last two blocks of Table 8 are devoted to the variance of idiosyncratic and inefficiency

terms. Figure 1 reports the predicted level of the variance of the inefficiency term (σ2u). Although

we imposed no specific restrictions on the function ψ(), except its polynomial form, the estimated

inefficiency variance appears to be almost zero for firms with predicted probability of tax evasion

p̂i below 0.2, meaning that employees from firms predicted to be compliant are expected to receive

negligible unreported payments (proxied by the inefficiency terms). The variance of inefficiency

term increases rapidly when p̂i exceeds 0.5-0.6 and flattens when probability of a firm to be evading

exceeds 90%. Thus, employees working for tax-evading firms are expected to receive on average

high unreported payments, while there are almost no unofficial wage payments for compliant firms.
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Figure 1: Variance of the inefficiency term (σ2u) depending on the predicted probability to evade
labour taxes (p̂i)

Note: the results come from the outcome of the SFA regression, see Table 8, column (1).
Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

Note, however, that our approach allows the size of unreported wage payments to differ for employees

within a single firm, since it is driven by the employee-level characteristics and the reported gross

wage.

As to the variance of the idiosyncratic term, our results are in line with the classical observation

by Mincer (1958). In particular, the variance of unexplained potential wage component (e.g. ability)

increases with age. Managers have the highest variance of the idiosyncratic term, while service and

sales workers – the lowest. Finally, the largest variance of idiosyncratic term is predicted for the

employees with higher and professional education. In other words, the potential wage rate of elder

managers with professional education has the largest variability conditional on observed firm and

personal characteristics, while the salary for young and uneducated services and sales workers is

more standardised.

6.2 The gap between the potential and reported wages

After estimating the equation for the potential gross wage, one can use equation (6) to evaluate the

expected inefficiency, i.e. the gap between the predicted potential gross wage and reported gross

wage net of the expected idiosyncratic term.

Figure 2 shows kernel density of the above gap in logarithmic terms. The density graph reveals

24



Figure 2: Distribution of the gap between the logarithm of potential and reported gross wages

Notes: the graph reports the kernel density function of the expected ine�ciency term { the gap between the
logarithm of the potential and reported gross wages net of the expected idiosyncratic term.
Individual weights from LFS are used to calculate the summary statistics.
Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

that approximately half of the employees have a very small positive gap (below 0.05), that is, the

difference between the potential and reported gross wages associated with tax evasion does not

exceed 5% of the reported wage. We should flag that the SFA model produces positive expected

value of the inefficiency term for all observations, thus a very small gap most probably points to the

absence of tax evasion for the respective employees. However, the expected inefficiency term is not

negligible for all employees. The distribution is skewed right with the largest observations going up

to 0.65: 25% of employees have expected inefficiency above 0.194 (corresponding to the 21.4% gap

in terms of the reported gross wage), but 5% – above 0.352 (42.2% gap). This points to sizeable

unofficial wage payments to some employees.

Figure A3 in Appendix shows that the distribution of the gap differ by firm size and industry. For

instance, Putniņš and Sauka (2021) report that small firms engage in shadow activities more often

than large firms. The left part of Figure A3 confirms this finding, since the proportion of employees

with substantial gaps between the potential and reported wages is obviously higher for firms with

less than 20 employees. As to industries, the distribution for construction and professional services

(the ones with the highest share of tax evasion according to Table A4) in comparison with other

industries demonstrates a lower share of employees with small gaps (presumably no unreported

payments) and a higher share of employees with large gaps. Construction is mentioned as the most

evading industry in Latvia by Putniņš and Sauka 2015, Putniņš and Sauka 2021 and Gavoille and

Zasova 2021b).
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One should remember, however, that in addition to unreported wage payments in cash, the

gap between the potential and reported gross wages may include unobserved individual and firm

characteristics. This can be related to the misspecification of the Mincer earning equation or the

idiosyncratic term’s variance. Also, we only obtain the expected rather than the actual value of

the inefficiency and idiosyncratic terms. Keeping these caveats in mind, we now proceed to the

evaluation of the unofficial wage payments.

6.3 From the expected inefficiency term to the size of the unofficial wage pay-

ments

While the expected inefficiency term corresponding to the gap between the potential and reported

gross wages net of the expected idiosyncratic term may serve as a proxy for unofficial wage payments,

it still provides biased estimates. First, the expected inefficiency term always exceeds zero. Second,

the potential gross wage predicted by (3) corresponds to the potential legal gross wage that includes

all necessary labour tax payments. The amount of labour tax payments reduces by paying some

part of the income unofficially, providing an additional gain for employer and/or employee. The

actual size of unreported payment depends on the way the gains from the unpaid labour taxes are

split between the employee and the employer.

To solve the latter problem, we assume that the unpaid labour taxes are split fifty-fifty between

the employer (in the form of reduced labour costs) and employee (in the form of unreported pay-

ments). A simple numerical example is necessary here. Assume that the reported gross wage equals

518 EUR, but the expected inefficiency term equals 0.24 that corresponds to the gap of 27.5% rela-

tive to the reported wage, so the potential gross wage for the expected level of the idiosyncratic term

equals 660.57 EUR. Accounting for the labour tax in Latvia, the reported net wage equals 381.3

EUR, but the employee would get 506.32 EUR net wage if her potential wage of 660.57 EUR paid

legally. Reporting 518 EUR gross wage instead of 660.57 EUR reduces the labour tax payments by

80.53 EUR. This sum is equally split between the employer and the employee (40.27 EUR each).

Thus, the size of the unreported payment is 506.32 – 381.30 + 40.27 = 165.29 EUR (the difference

between the potential net wage in case everything is paid legally and the actual net wage plus

50% of gains from lower tax payments). Note that the size of unreported payment differs from the

gap between the potential and legal gross wages (142.57 EUR). The fifty-fifty split is a strong but

natural assumption: the extreme split of unpaid labour taxes would be unreasonable. Adding all
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gains from the unpaid labour taxes to the unreported payment does not reduce the costs of labour

for the firm, while a risk of being audited and caught appears. On the other hand, leaving all gains

from the unpaid labour taxes to the firm by reducing the labour costs would not satisfy the worker,

as she gets the same net payments as in the case of 100% legal payments, but loses part of social

protection that directly depends on the social security contributions. We provide the robustness

check of our results for the alternative splits of unpaid tax gains in the robustness section.

To reduce the effect of strictly positive inefficiency term, we assume that any monthly unofficial

cash payment below 50 EUR or below 10% of the reported gross wage is negligible (compliant worker

with no illegal payments). The reasoning for such conditions is the following: the firm (and also

the worker) has no incentive to receive small unreported payments, as gains from tax reductions

become small compared to the potential costs if being audited and caught. The difference between

the potential and reported gross wages should be large enough both in absolute and relative terms

for gains to outweigh costs. There is no way to determine the thresholds based on some statistical

criteria, so our decision is purely subjective and based on intuition. Later we check the robustness

of our findings to these thresholds.

6.4 The distribution of unreported wage payments and the effect on inequality

This subsection reports our estimates of unreported payments given the previous predictions about

the probability to evade labour taxes, the potential gross wage and the assumption on the split of

unpaid labour tax gains between the employer and employee. Table 9 shows the share of employees

receiving unreported wage payments and the average size of this payment by predicted probability

to evade (p̂ijt), given the above assumption regarding the minimum absolute and relative size of

unofficial payment. There is a clear threshold for the firms’ probability to evade labour taxes at

around 40-50% level. The share of employees with unreported payments is zero or just negligible

for firms with p̂ijt < 0.4, while the vast majority of employees working in firms with p̂ijt > 0.5

receive some unreported wage payments. The average size of such payments for the employees who

actually receive unreported payments varies depending on p̂ijt: the size is small (slightly above 10%)

in the relative terms for averagely compliant firms, but approaches 40% of the reported gross wage

or about 200 EUR when firms are predicted to be almost certain labour tax evaders. This average

size of unreported payments may seem small, but one should remember that it masks substantial

heterogeneity of illegal cash payments at individual level. Moreover, the relative size of unreported
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payments to net wage (reflecting an employee’s perception) appears substantially higher, and for

workers receiving minimum wage it exceeds 60%. Finally, we may still underestimate the importance

of unreported payments, as some firms may also under-report the number of hours worked. The

Mincer earning regression in Table 8 evaluates the potential full-time equivalent wage and does not

account for such a kind of fraud.

Table 9: Estimated size of unreported payments by probability to evade in 2018

Predicted

probability to
evade for the

firm (p̂i)

Number of

employees in
the

respective

firms

Average

expected
inefficiency term

(E (uijt|ϵijt))

Share of

employees
receiving

unreported

wages

Average size of the

unreported payment
relative to the official

gross wage for employees

receiving unreported
payments

Average size of the

unreported payment
in EUR for

employees receiving

unreported
payments

[0.0− 0.1) 825 0.0096 0.0% 0.0% 0.00

[0.1− 0.2) 310 0.0212 0.0% 0.0% 0.00
[0.2− 0.3) 264 0.0393 0.0% 0.0% 0.00

[0.3− 0.4) 241 0.0640 0.7% 11.5% 50.16

[0.4− 0.5) 189 0.0987 66.7% 12.8% 100.01
[0.5− 0.6) 196 0.142 96.8% 17.3% 136.20

[0.6− 0.7) 204 0.177 94.1% 22.1% 175.37
[0.7− 0.8) 237 0.231 96.3% 29.5% 177.19

[0.8− 0.9) 248 0.259 94.5% 33.5% 184.54

[0.9− 1.0) 482 0.299 91.5% 39.9% 198.50

Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

The aggregate statistics for unreported wage payments are shown in Table 10. Around 45% of

Latvian employees receive unreported wages, and the average size of such payments (conditional on

receiving them) is slightly below 30% of the reported gross wage in 2018. This means that the overall

size of unofficial wage payments is close to 10% of the official gross wage fund. These results should

be treated with caution. First, the number representing the share of unreported wage payments

in the total official gross wage fund can by no means serve as estimates of the shadow economy in

Latvia. Our research deals only with unreported payments but does not consider non-labour tax

evasion or illegal employment. Both phenomena are sizeable and form a substantial part of the

shadow economy in Latvia according to Putniņš and Sauka (2015) and Putniņš and Sauka (2021).

Second, our estimates can be biased due to the sample issue. On the one hand, our estimates

exclude the self-employed and the employees of micro enterprises. This most probably leads to

the underestimation of overall unreported payments, since the self-employed tend to participate in

labour tax evasion (see e.g. Kukk et al. 2020), but micro enterprises may act in much the same

way as other small enterprises participating in labour tax evasion more actively than on average.

On the other hand, several industries were not included in the analysis due to data constraints.

The industries like finance, education, healthcare and energy are expected to be mostly compliant,
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which means that the numbers reported in Table 10 are overestimated. The net outcome of both

effects is unclear. Finally, although the number of employees in the LFS for whom we were able to

estimate the size of unofficial payments is large (more than 3 thousand every year), we cover less

than a quarter of all employees who participated in the LFS due to missing data and a narrowed set

of enterprises. This does not allow us to make strong conclusions about the changes in unreported

wage payments over time. Finally, the levels reported in Table 10 may depend on the assumptions

about the minimum level of unreported wage payments, as well as on other assumptions.

Table 10: Aggregate statistics on unreported wage payments by year

Year Share of employees in

the LFS with
evaluated size of the

unreported wage

payments

Share of employees

receiving unreported
wage payments

Average size of the unreported

wage payments relative to the
official gross wage for employees

with non-zero unreported

payments

Share of unreported

wage payments in the
total reported gross

wage fund

2016 23.4% 36.9% 29.6% 7.3%
2017 19.4% 40.7% 29.6% 8.5%

2018 19.0% 46.5% 29.5% 9.5%

Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

The comparison of our finding with other evaluations for Latvia is not straightforward due

to differences in methodologies, data sources and the ways to report the output. According to

the survey conducted by Eurobarometer (2020), only 7% of respondents acknowledged that they

received part of their salary in cash without declaring it, which is substantially below our numbers

and may be related to untruthful responses. On the other hand, the size of cash payments was

evaluated as approximately 40% of the gross yearly income, which exceeds our estimates of the

average unreported wage payments. However, these estimates in Eurobarometer (2020) are based

on the answers of only 24 respondents. According to Gavoille and Zasova (2021a), the households

whose head works in a domestic firm conceal 26% more income compared with the households whose

head works in a foreign-owned firm, while Putniņš and Sauka (2015) report that 34% of total wages

in Latvia are paid unofficially. Even if we consider the difference in time periods and samples,

the numbers in Table 10 suggest a smaller role for the unreported wage payments. One possible

explanation for that relates to the difficulties in splitting the idiosyncratic and inefficiency term. To

some extent this can also be driven by unaccounted informal employment.

The major advantage of our empirical approach is the possibility to see the difference in frequency

and size of labour tax evasions by industry, firm or employee group. In particular, we clearly observe

that both the frequency and size of unreported wage payments in small firms substantially exceed
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the ones in large firms. According to Table 11, two thirds of workers in firms with less than 10

employees receive unofficial wage payments representing around 18% of the total official gross wage

fund. While the share of employees receiving unofficial wages, as well as the size of such payments is

still non-negligible for very large enterprises, the overall amount of unreported payments is evaluated

to be around 1% of the total gross wage fund.24 These findings are in line with both the recent

empirical results for Latvia (see Putniņš and Sauka, 2021) and other countries (see e.g. Kumler

et al., 2020).

Table 11: Aggregate statistics on unreported wage payments by firm size in 2018

Firm size class Share of employees

receiving unreported wage

payments

Average size of unreported wage

payments relative to the official

gross wage for employees with
non-zero unreported payments

Share of unreported wage

payments in the total

reported gross wage fund

1 to 9 employees 66.2% 34.7% 17.5%

10 to 19 employees 59.0% 28.5% 12.7%
20 to 49 employees 60.0% 25.7% 11.1%

50 to 249 employees 25.1% 22.6% 4.2%

250 or more employees 7.2% 23.2% 1.1%

Note: the size class of 1 to 9 employees does not include micro enterprises.
Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

Tables A7 and A8 in Appendix provide similar statistics by industry and firm age group. Al-

though the average size of unreported wage (for the employees with unofficial payments only) is

comparable across sectors and lies in the range of 25-33% of reported gross wage, the largest share

of employees with illegal payments (and also the ratio of overall illegal payments to the reported

gross wage bill) remains the highest in agriculture, construction, real estate, professional and other

services. As to the age, young firms tend to be more involved in unreported wage payments, which

is in line with findings by Putniņš and Sauka (2015).

The distribution of unreported payments can also be analysed by employee type, in particular

by the level of reported gross wage (see Table 12). As expected, the largest share of evaders, as

well as the largest unreported payments (both in absolute and relative terms) are observed for the

employees receiving the wage equalling or slightly exceeding the minimum wage (430 EUR in 2018).

More than two thirds of such workers receive some additional unofficial payment of almost 200 EUR

on average. The share of evaders tends to diminish with the increase of reported gross wage. As to

24While Table 6 reports no tax evasion for large �rms in Latvia, we should remember that it shows only �rms
with probability to evade exceeding 84%.However, Table 11 reports that 7.2% of employees in large �rms receive
an unreported wage (84% threshold is not binding in the third step of our methodology). These employees mostly
concentrate in a few large �rms. The smaller average size of unreported wage relative to the o�cial gross wage can
be explained both by a higher o�cial gross wage (as large �rms tend to be more productive) and a higher risk related
to fraud due to larger attention from tax authorities.
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the size of unreported wage, it clearly diminishes in relative terms with higher reported gross wage,

but stays roughly unchanged in absolute terms, ranging between 150 and 200 EUR on average for

any reported wage interval (except for employees with the official wage exceeding 2000 EUR, where

the estimated average unreported wage exceeds 300 EUR). This, however, does not account for the

heterogeneity of unreported wage payments within each group of employees.

Table 12: Aggregate statistics on envelope payments by the official gross wage in 2018

FTE gross

wage in EUR

Share of employees

receiving unreported wage
payments

Average size of the unreported wage

payments relative to the official gross
wage for employees with non-zero

unreported payments

Average size of the unreported

wage payments in EUR for
employees with non-zero

unreported payments

[430, 435) 69.0% 47.0% 185.13

[435, 450) 62.5% 38.5% 152.11
[450, 500) 64.3% 39.3% 161.14

[500, 550) 67.0% 34.7% 156.19

[550, 600) 50.8% 28.0% 139.94
[600, 700) 53.9% 27.6% 159.40

[700, 800) 44.8% 24.3% 158.81
[800, 900) 44.5% 21.9% 160.66

[900, 1000) 40.8% 21.5% 166.57

[1000, 1250) 30.1% 19.3% 188.47
[1250, 1500) 34.4% 19.6% 216.09

[1500, 2000) 23.8% 18.4% 207.73

[2000,+∞) 24.5% 15.5% 337.46

Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

Figure 3: Distribution of reported, potential and actual wages (in natural logarithms) in 2018

Note: the distribution is based on the subsample of employees participating in the LFS, conditional on the
estimation of the unreported wage.
Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

Instead of focusing on the average size of unreported payments for particular groups of firms

and employees, we can directly look at the distribution of the reported and actual gross wages (that
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also includes the estimated unofficial wage payments). Figure 3 also reports the distribution of

the potential gross wage obtained from the model in Table 8 for comparison. The major difference

between the distributions of the (logarithm of) reported gross wage and actual gross wage is observed

in the left part of both distributions. A substantial share of reported gross wages is observed in

the range of 430-500 EUR (corresponding to 6.06-6.21 in logarithmic terms) in 2018. Not all such

workers get unofficial payments, but, as shown above, the majority of employees with low reported

income receive additional 40-50% in cash, moving the mode of the actual gross wage to 665 EUR

approximately (6.5 in logarithmic terms). There are few employees with the income below 600 EUR

when the payments in cash are taken into account. Both distributions become very similar above

the gross income of 1400 EUR, which corresponds to the smaller size of unreported payments in

high gross wages. Figure 3 makes a very clear point of the effect of unreported payments on income

inequality, i.e. it appears to be lower when unofficial wage payments are taken into account. Table

13 quantifies the difference in conventional Gini coefficient and S80/S20 income ratio. Note that

these are the measures of the wage income that do not account for social transfers and undeclared

employment, therefore, Figure 3 only provides a partial information on the income distribution in

Latvia.

Table 13: Inequality measures for the official and actual gross wages

Year Gini coefficient for the
official gross wage

Gini coefficient for the
actual gross wage

80/20 income ratio for
the official gross wage

80/20 income ratio for
the actual gross wage

2016 0.454 0.432 4.70 4.23

2017 0.532 0.506 4.84 4.49

2018 0.485 0.447 4.78 4.36

Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

Both measures point to a lower level of inequality when the unreported wage payments are taken

into account. The difference is substantial and remains stable over time.25 Two conclusions can be

derived from these results. First, the real situation concerning wage income inequality appears to

be better than it looks from the point of view of the official income statistics, since many seemingly

low-paid workers receive part of their income in the form of unofficial payments. Second, the level

of social protection (unemployment benefits, future pensions) for a significant share of employees

with low-to-medium income is low due to unreported income.

25We expect smaller e�ect on inequality when social transfers are taken into account, since unreported wage pay-
ments cannot a�ect the disposable income of pensioners, the unemployed and inactive persons.
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6.5 Validation of the estimates of unreported wage payments

The estimates of unreported wage payments are based on various strong assumptions at each step

of our methodology. Although the actual size of unofficial payments is unobservable due to the

absence of audit data, we can still check the validity of our results. The LFS contains a question to

respondents on their net monthly income, which allows us to follow the approach of Kumler et al.

(2020) and check the discrepancy between the self-reported net wage and the official information

on legal net wage available from the administrative database. Although it is hard to expect that

respondents will report their actual net income precisely and honestly, we still can expect that

employees participating in labour tax evasion may report at least some part of these unofficial

payments in answering the survey.

One hurdle we need to overcome before the validation of our results relates to the fact that

respondents are asked to report their net income, while the administrative data contains gross wage.

We calculate the legal net wage from the legal gross wage using the information on corresponding tax

rates, the status of the employee (e.g. working pensioner) and the potential number of dependants

that affect the size of deductible income. Our estimates can differ from the actual net legal wage26,

but we can validate our calculations by the information from the LFS. A large share of the LFS

respondents (around one third) does not report their net income, and the CSB of Latvia imputes

this information from the administrative data. Since CSB experts have access to the information

on the reported net wage, we can compare our calculations with the net wage data imputed by the

the CSB of Latvia. Figure A4 and Table A9 in Appendix show that despite some differences at

individual level, we capture the distribution of net wages correctly.

Next we compare the distribution of self-reported net income by LFS respondents (only for the

respondents who actually answered this question, excluding imputed answers) with the net wage

data from the administrative dataset. We do this comparison separately for the employees who were

estimated to receive an unreported payment and for the compliant employees. Figure 4 reports the

outcome of validation.

Let’s focus on the subset of compliant employees who, according to our analysis, do not receive

any unreported payments. Presumably compliant LFS respondents tend to under-report their net

income, which can be observed by comparing both distributions. Table A10 in Appendix confirms

26For example, we cannot precisely de�ne the number of dependants for each employee in the family with two adult
employees and two kids (potential dependants).
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Figure 4: Distribution of official and self-reported data on net wage

Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

that the average compliant employee self-reports lower net income (by 7-10%) compared to the

official information. The situation reverses when we focus on the employees that were predicted to

receive unofficial payments. The distribution of self-reported net wage is now shifted to the right

compared with official data, which is also confirmed by the results of the Kolmogorov-Smirnov test.

Evading employees over-report their net income (by 3-7% on average). This difference between self-

reported and official net income confirms validity of our classification into evading and compliant

employees.

To check the validity of unreported payment estimates, we compare the gap between the self-

reported and official net wage for the employees with different size of unreported wage payments.

Figure 5 shows the corresponding distributions of the gap. Again, the results confirm our estimates

of unreported payments. The higher relative size of predicted unofficial payment corresponds to

a larger right shift in the distribution of the gap between the self-reported and official net wage.

Table A11 indicates that the difference between the distributions is statistically significant.

6.6 Robustness check

Finally, we test the robustness of our findings to the changes in two assumptions made during the

last step of our methodology. The left part of Figure 6 shows the sensitivity of wage distribution
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Figure 5: Distribution of the gap between the self-reported and official net wage

Note: the gap is calculated as the di�erence between the logarithm of self-reported net wage and the logarithm of
o�cal net wage.
Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

to the assumption about the split of the gains from unpaid labour taxes between the employer

and employee. We re-evaluate the actual wage for two extreme splits: (a) when all gains are

acquired by employees (0/100), and (b) all gains are acquired by employers (100/0). Both extremes

are unrealistic from the economic point of view: in the former case, a firm obtains no labour cost

reduction, while in the latter case workers remain less socially protected for the same actual nominal

income (although the reported income becomes lower than the actual one). However, these scenarios

can serve as the upper and lower bounds for the estimates of unreported wage payments. Indeed,

Figure 6 shows that the distribution of the actual wage remains shifted to the right compared with

the distribution of the reported gross wage, the magnitude of this shift is sensitive to the split of

the gains.

Table 14 reports a higher share of employees receiving unreported payments (as more unreported

payments exceed the threshold), a higher average size of unreported payments and a larger share of

unreported payments in the total gross wage fund when unpaid labour tax gains are solely obtained

by employees. The outcome naturally reverses when all gains from unpaid labour taxes are acquired

by firms. As mentioned above, both extreme splits can serve as the lower and upper bounds for the

evaluation of unreported payments. In particular, the share of unreported wage payments in the

total reported gross wage fund is evaluated to be in the range of 6.6-12.4%.

Another assumption was related to the minimum level of unreported wage payments when the
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Figure 6: Robustness of the distribution of actual wage in 2018

Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

employee is classified as compliant. We relax the baseline threshold (at least 50 EUR and at least

10% of the reported gross wage) in two ways. One scenario assumes that the size of the unreported

wage payment should be at least 25 EUR, the other – at least 5% of the reported wage. The

distribution of the actual wage is almost insensitive to the change in the threshold: while the number

of unreported payment receivers goes up, the sum of such payments is small and does not change

the distribution of actual income (see the right part of Figure 6). The share of employees receiving

unreported payments naturally increases, and the average size of unreported wage – declines (see

Table 14), but alternative assumptions regarding the threshold do not affect our evaluation of the

total sum of unreported wage payments.

Table 14: Robustness of aggregate envelope payments statistics in 2018

Estimate Share of

employees
receiving

unreported
wage

payments

Average size of the

unreported wage payments
relative to the official gross

wage for employees with
non-zero unreported

payments

Share of

unreported
wage payments

in the total
reported gross
wage fund

Gini co-

efficient
for the

actual
gross
wage

Official gross wage - - - 0.485

Actual gross wage (baseline) 46.5% 29.5% 9.5% 0.447

Actual gross wage (all gains to employees) 50.3% 35.1% 12.4% 0.438

Actual gross wage (all gains to employers) 40.9% 23.6% 6.6% 0.456
Actual gross wage (envelope≥25 EUR) 67.3% 22.7% 10.9% 0.456

Actual gross wage (envelope≥5%) 60.2% 25.5% 10.5% 0.450

Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

Despite some substantial changes in the evaluation of the average size of unreported payments or
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the share of employees involved in unofficial wage payments, the last column of Table 14 shows little

impact on the Gini coefficient. Any assumptions regarding the split of the gains or the threshold

for unreported wage preserves the conclusion about lower wage inequality after accounting for the

unofficial payments.

7 Conclusions

We propose a novel approach to evaluating the size of unreported wage payments at employee

level based on the employer-employee official income data combined with the survey information on

various person-level characteristics, including education, experience, occupation and contract type.

After the detection of tax-evading firms, we estimate the Mincer earning equation by the SFA. This

allows for two stochastic components: (a) the idiosyncratic error term accounting for unobserved

wage determinants like ability, and (b) the inefficiency term representing the unobserved illegal wage

payment. The key point of the methodology is to allow for the heterogeneity in the inefficiency term,

relating the variance of the inefficiency with predicted probability of the respective firm to evade

labour taxes. Thus, we restrict unreported payments to be negligible in compliant firms, while

allowing positive unreported payments for the tax-evading enterprises.

Our approach represents an alternative to the existing methodologies evaluating the unreported

wage payments: audit data and surveys, a consumption-based approach and detection of discrep-

ancies between different income data sources. Compared with direct surveying approaches, our

estimates use administrative data on income, thus reducing the impact of untruthful responses. A

larger sample size is another potential advantage compared to the alternative evaluation techniques:

the estimation of Mincer earning regression by the SFA does not require data on self-reported in-

come or consumption. The reliance on administrative data combined with a larger sample leads to

the main advantage of our approach – the opportunity to observe the distribution of unreported

wage payments and the actual wage income.

We find substantial differences in the degree of labour tax evasion for different types of firms

and employees in Latvia. In particular, we confirm the previous empirical findings that small and

younger firms are involved in the labour tax fraud more often. Agriculture, construction, professional

and other services are the least compliant industries. Regarding the difference between employees –

the unofficial wage payments are more frequent and relatively more sizeable for the employees with
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a smaller reported wage. More than two thirds of workers receiving the minimum wage (according

to the official information) get on average another 50% in cash on top of their reported gross wage.

As a result, the wage income inequality in Latvia appears to be less pronounced if the unreported

wage payments are taken into account. This, however, reflects only the current income situation, as

workers with low-to-medium official wages are less socially protected and will receive lower pensions

in future.

Measuring unobserved tax-evading behaviour is based on numerous strong assumptions. We need

to define a set of truly compliant and evading firms to decide on financial indicators containing traces

of tax evasion, to assume how the gains from unpaid labour taxes are split between the employer

and the employee, to set the lower threshold for the unreported wage payments. The estimated

level of labour tax evasion is sensitive to those assumptions and should be taken with caution, while

the conclusion on the lower wage income inequality after accounting for the unreported payments

remains robust.

Some of the above assumptions can be improved given the better data availability, i.e. the audit

data can help forming the control and treated firm groups. Another limitation of our approach is

related to the fact that there is no unique way of splitting the residual of the SFA earnings regression

into idiosyncratic and inefficiency terms: we use the expected level of the inefficiency instead. This

reduces the reliability of the unreported payment estimates for each individual employee and masks

the heterogeneity of unreported payments at individual level, without affecting our conclusions

about the distribution. Finally, one should remember that our approach works only for the under-

reported wage, but does not capture unofficially employed workers and does not account for the

possibility of under-reported working hours. All in all, our novel methodology gives an imperfect,

but useful alternative way to reveal the fraudulent behaviour at disaggregated level, providing an

additional tool to researchers and policy makers.
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Appendix

Figure A1: Average gross FTE wage by broad occupation groups in 2018, %

Sources: SRS of Latvia, CSB of Latvia, own calculations.

Figure A2: Distribution of the natural logarithm of wages by different employees in 2018

Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.
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Figure A3: Distribution of the gap between the reported and potential logarithms of gross wage
by firm size and industries

Notes: the graph reports the kernel density function of the expected gap between the reported and potential
logarithms of gross wage net of expected idiosyncratic term. Individual weights from the LFS are used to calculate
the summary statistics.
Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

Figure A4: Distribution of net wage: CSB imputations and own estimations from the SRS data

Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.
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Table A1: Compliant and evading firms by year

Year ”Definitely compliant” firms: firms owned

by investors from low-corruption countries

”Definitely compliant” firms:

state-owned firms

”Definitely evading” firms: large

share of ”suspiciously low” wages

2016 219 348 1956

2017 190 153 2442
2018 174 156 2886

Note: low-corruption countries are Sweden, Finland, Norway, Denmark, Iceland, Switzerland, the Netherlands,
Germany, Luxembourg, Canada and the UK.
Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

Table A2: Compliant and evading firms by size class

Firm size class Number of ”definitely

compliant” firms (control
group)

Number of ”definitely

evading” firms (treated
group)

Total number of firms

1 to 9 employees 124 2’578 22’235

10 to 19 employees 60 208 4’686
20 to 49 employees 65 78 3’149

50 to 249 employees 58 9 1’560

250 or more employees 8 0 208

Note: the size class of 1 to 9 employees does not include micro enterprises.
Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

Table A3: Compliant and evading firms by industry

Industries Number of ”definitely

compliant” firms (control

group)

Number of ”definitely

evading” firms (treated

group)

Total number of firms

A: Agriculture, forestry and fishing 17 120 1’479
B: Mining and quarrying 3 6 105

C: Manufacturing 50 327 3’851

D: Energy 2 5 209
E: Water supply, sewerage 1 8 178

F: Construction 19 245 3’068
G: Trade 114 1’038 9’115

H: Transportation 29 291 2’797

I: Hotels and restaurants 11 153 1’808
J: Information and communication 15 129 1’320

L: Real estate 12 97 1’569
M: Professional services 24 202 2’555
N: Administrative services 6 110 1’313

RST: Other services 5 105 1’201

Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.
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Table A4: Regressions for the effect of raising minimum wage on changes in employment in 2017
and 2018

Variable Model 1 Model 2 Model 3

Share of minimum wage (t-1) - -0.119*** -0.0928***
Log-changes in minimum wage * Share of minimum wage (t-1) -0.851*** 0.234** -0.201

Log-changes in minimum wage * Evading dummy (t-1) - - -0.599***
Share of minimum wage (t-1) * Evading dummy (t-1) - - -0.0375*

Log-changes in minimum wage * Share of minimum wage (t-1) * Evading

dummy (t-1)

- - 0.637**

Log of turnover (t-1) 0.0565*** 0.0556*** 0.0521***
Log of number of employees (t-1) -0.179*** -0.179*** -0.183***

Merchandise exports dummy (t-1) 0.0466*** 0.0453*** 0.0405***

Debt to liabilities (t-1) 0.0000016 0.0000016 0.0000018
Profits to turnover (t-1) 0.0000006 0.0000005 0.0000004

Sector * Year fixed effects Yes Yes Yes

Region * Year fixed effects Yes Yes Yes

Number of observations 96’524 96’524 96’524

R2 0.0872 0.0887 0.0897

Note: (*), (**), (***) indicate statistical signi�cance levels of 10, 5 and 1 percent respectively.
Sources: SRS of Latvia, CSB of Latvia, own calculations.

Table A5: Probit regression for the probability to be employed

Variable Probit model

Logarithm of age -0.853

Logarithm of age squared -0.00220
Not married -0.563***

Number of kids 0.0689

Female -0.242
Female * Number of kids -0.0599

Female * Not married 0.511**
Non-Latvian -0.0570

EU (but not Latvian) citizen -0.743

Non-EU citizens, aliens -0.221
Education: secondary general 0.454**

Education: secondary professional 0.379**

Education: professional 0.535*
Education: higher 0.0418

Graduation year -0.0209*

Located in averagely inhabited territory -0.0722
Located in rarely inhabited territory -0.105

Region fixed effects Yes

Years Yes
Quarters Yes

Number of observations 11’769

Note: (*), (**), (***) indicate statistical signi�cance levels of 10, 5 and 1 percent respectively.
Sources: SRS of Latvia, CSB of Latvia, own calculations.
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Table A6: Descriptive statistics of potential wage determinants

Variable Mean Standard

deviation

Minimum Maximum Number of

observations

Employee level variables

Logarithm of official gross wage 6.63 0.509 5.86 8.28 10’712

Logarithm of age 3.72 0.308 2.71 4.32 10’712
Female 0.428 0.495 0 1 10’712

Non-Latvian 0.403 0.490 0 1 10’712

EU (but not Latvian) citizen 0.00209 0.0457 0 1 10’712
Non-EU citizens, aliens 0.148 0.355 0 1 10’712

Temporary contract 0.0162 0.126 0 1 10’712

Partial time contract 0.0557 0.229 0 1 10’712
Pensioner 0.0391 0.194 0 1 10’712

Disabled person 0.0112 0.105 0 1 10’712
Other employees 0.933 0.251 0 1 10’712

Education: secondary general 0.171 0.377 0 1 10’712

Education: secondary professional 0.236 0.425 0 1 10’712
Education: professional 0.0495 0.217 0 1 10’712

Education: higher 0.0998 0.300 0 1 10’712

Graduation year 1995 13.1 1959 2018 10’712
Experience in the current working place 7.25 7.30 0 54 10’712

Firm level variables

Logarithm of number of employees 3.606 1.813 0.00 8.94 10’712

Logarithm of firm’s age 2.36 0.700 0 3.33 10’712
State owned 0.0527 0.223 0 1 10’712

Foreign-owned (top non-corrupted countries) 0.0122 0.110 0 1 10’712

Foreign-owned (Baltic countries) 0.00436 0.0659 0 1 10’712
Foreign-owned (other OECD countries) 0.00429 0.0654 0 1 10’712

Foreign-owned (other non-OECD countries) 0.00648 0.0802 0 1 10’712
Exporter of goods 0.0905 0.287 0 1 10’712

Importer of goods 0.149 0.356 0 1 10’712

Located in averagely inhabited territory 0.222 0.416 0 1 10’712
Located in rarely inhabited territory 0.314 0.464 0 1 10’712

Sources: SRS of Latvia, CSB of Latvia, own calculations.

Table A7: Aggregate statistics on unreported wage payments by industry in 2016-2018

Industry Share of employees

receiving unreported

wage payments

Average size of the unreported

wage payments relative to the

official gross wage for employees
with non-zero unreported

payments

Share of unreported
wage payments in the

total reported gross wage
fund

A: Agriculture, forestry and fishing 46.2% 27.8% 9.1%
C: Manufacturing 39.7% 28.7% 7.9%

F: Construction 45.4% 31.4% 10.0%

G: Trade 40.6% 29.8% 8.2%
H: Transportation 34.3% 29.4% 6.9%
I: Hotels and restaurants 38.8% 30.0% 8.2%

J: Information and communication 40.2% 28.4% 7.8%
L: Real estate 46.4% 29.5% 10.4%

M: Professional services 43.5% 29.6% 8.9%
N: Administrative services 36.5% 29.0% 6.5%

RST: Other services 39.0% 30.4% 8.4%

Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.
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Table A8: Aggregate statistics on unreported wage payments by firm age in 2016-2018

Age of firms Share of employees

receiving unreported

wage payments

Average size of the unreported wage

payments relative to the official gross wage

for employees with non-zero unreported
payments

Share of unreported wage

payments in the total

reported gross wage fund

less than 3 years 70.4% 32.6% 19.4%

3 to 5 years 65.8% 31.5% 17.0%

more than 5 years 38.0% 29.0% 7.4%

Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

Table A9: CSB and own net wage data

Year Average net wage,

imputed by CSB

Average net wage,

own imputations

Correlation Kolmogorov-Smirnov statistics

(p-value in parentheses)

2016 602.32 610.15 0.968 -0.0424 (0.396)

2017 596.48 610.09 0.939 -0.0491 (0.189)
2018 643.17 651.36 0.953 -0.0370 (0.390)

Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

Table A10: Self-reported and imputed net wage

Year Average

self-reported net
wage

Average estimates

for official net
wage

Correlation Kolmogorov-Smmirnov

statistics (p-value in
parentheses)

Employees without

unreported

payments
2016 525.13 567.98 0.752 -0.137 (0.000)

2017 535.44 597.59 0.779 -0.138 (0.000)
2018 606.85 673.52 0.802 -0.140 (0.000)

Employees with

unreported

payments
2016 456.49 428.86 0.787 0.169 (0.000)

2017 471.29 459.31 0.698 0.131 (0.000)

2018 528.37 492.86 0.610 0.197 (0.000)

Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.

Table A11: Pairwise Kolmogorov-Smirnov test results for the distributions of the gap between the
self-reported and official net wage

Envelope 10-25% Envelope 25-40% Envelope ¿40%

No envelope 0.118 (0.000) 0.336 (0.000) 0.416 (0.000)

Envelope 10-25% 0.243 (0.000) 0.312 (0.000)
Envelope 25-40% 0.111 (0.064)

Sources: SRS of Latvia, CSB of Latvia, Latvijas Banka, own calculations.
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