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Abstract 

This thesis aims to check whether variance in corruption risk exists among Latvian 

municipalities. We use the Red Flag method and a database of all public procurement tenders 

performed by municipalities in Latvia between 2013 and 2021 to create a public procurement 

risk score. Additionally, we provide time-based and geographic descriptive statistical analysis of 

what drives municipal corruption risk. The results indicate that the risk of municipal corruption 

is geographically dispersed. The municipality with the most corruption risk is Varakļāni and 

Riga, while Līgatne - has the least. We find faint links between corruption risk scores and 

distance from the capital and political party ties in the government. Since there has historically 

been a gap in the research surrounding municipal corruption, the results and the ranking ascertain 

the variance of corruption in Latvia and help shape further research in the field of fighting 

municipal corruption.
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1. Introduction 

Public procurement refers to purchasing goods or services by the government or a 

government-owned entity (OECD, 2022). Corruption in this context would mean corrupt actors 

taking advantage of the inefficiencies in the system to influence contracts and get a desirable 

result for themselves. Usually, when measuring corruption, the result is homogeneously 

attributed to the whole country (Transparency International, n.d.), which leaves out an important 

dimension - municipal variations.  

Public procurement makes up around 12% of GDP in OECD countries (OECD, 2019). It 

might sound small, but it still comprises billions of Euros spent annually. Even if a small portion 

of this is lost due to corruption, millions of taxpayers’ Euros are not reaching their intended goal. 

Wensik and de Vet (2013) estimated that roughly 13% of public procurement costs are lost due 

to corruption. If we apply these EU and OECD average numbers to Latvia, that will mean around 

500 million euros lost to corruption each year. 

Corruption has long been present in the again independent Latvia. Corruption was 

rampant in Latvia just after the fall of the USSR, and while the situation undoubtedly has 

improved, the rule of law has never truly gained trust. The Latvian parliament and ministries 

regularly rank amongst the least trusted institutions in Latvia (KNAB, 2022). Interestingly, 

municipal institutions often rank high in trust surveys, while at least from a theoretical point of 

view, the more dispersed scrutiny might be a breeding ground for corruption. 

Most countries employ a public procurement system that has elements of both centralised 

and decentralised systems. A municipal - decentralised system has advantages and disadvantages 

- voters might be more in tune with what their politicians are doing, which could decrease 

corruption risks. However, it also decreases oversight potential, increasing corruption risks 

simultaneously. Since 2010, Latvian municipalities and municipally owned enterprises have 

procured around 37 thousand contracts worth more than 5 billion euros, roughly 11% of the 

money spent in total (IUB, n.d.). Despite the volume of deals, Latvian municipality public 

procurement deals are often found to be involved in corruption, like the various scandals in the 

Riga municipality over the years (Puriņa, 2018). The understanding of local-level corruption 
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risks remains weak and is mainly derived from the national level, which limits policymakers’ 

possibilities to introduce new and innovative monitoring or mitigating measures.  

Research question nr. 1: Does the public procurement corruption risk vary across 

Latvian municipalities? 

Research question nr. 2: What drives corruption risk in Latvian municipalities? 

In this paper, we will use the academically widely used Red Flag method to analyse 

corruption risk on a municipal level. The chosen corruption indicators or red flags, among 

control variables were regressed onto single bid using the Ordinary Least Squares regression 

method. Using the regression coefficients created in the first part of the analysis, we attributed a 

risk score to each contract and aggregated it to the municipal level. Afterward, we ran a 

regression using municipal variables to understand the factors influencing our created corruption 

index. 

2. Literature Review 

2.1. Short Overview of Corruption 

2.1.1. Definition of corruption 

Corruption is an important and relevant problem in general and especially in the case of 

Latvia and its municipalities. While the concept of corruption is often portrayed in the media 

without much thought, academically, the definition of corruption and the factors affecting it are 

vague and the subject of intense debate. Many definitions like Transparency International’s are 

pretty broad: “... abuse of entrusted power for private gain.” (Transparency International, n.d.). 

For our research, we need to clearly define the forms of abuse that come with it, define the 

variables, and draw their impacts. Forms of abuse related to corruption can be split into two: 

“bribery” and “extortion” (Morris, 2011). Bribery can be defined as corrupt actors making illegal 

payments to change the outgoing legislation (Morris, 2011). 

On the other hand, extortion refers to the abuse of power by political actors to coerce an 

illegal payment from an affected party (Morris, 2011). Additionally, corruption may occur on 

several levels of authority - from a policeman/woman taking a bribe to the head of the state - 

corruption that is happening on the highest levels of the bureaucratic apparatus and the lowest. 
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For the scope of this study, we will look at the possible corruption occurring on the municipal 

level, so the actors of the act of corruption will have to be defined as the people responsible for 

approving and issuing public procurement contests and the companies that take on the project. 

We define corruption in this as corrupt actors taking advantage of the inefficiencies in the system 

to influence contracts and gain personal benefit. 

2.1.2 Theoretical framework 

Public procurement pits two interests against each other, which can be described as an 

extended principal-agent relationship (Dahlstrom, 2009). The principal - the municipality or 

other governing body performing the tender, grants power to a decision-maker unit - usually a 

panel of bureaucrats or elected representatives, which evaluates bids of the agents - entities 

supplying goods or services. Per our definition, in this scenario, the decision maker would 

mutually agree with the agent to exchange goods or services in favour of abusing power granted 

by the principal. While the principal’s aim most of the time is to receive a set of goods or 

services for the lowest possible price, the agent’s aim is to offer the goods or services for the 

highest possible price to extract the corruption rents. Petrovska (2008) uses a simplified 

principal-agent model and introduces public procurement contract monitoring costs to find 

break-even points where an increased penalty would increase corruption savings. While 

Petrovska proposes to increase penalties through ex-ante assessment of public tenders, our 

approach focuses on increasing the productivity of existing monitoring agencies by pinpointing 

the riskiest contracts to check first. 

The mutual agreement between the decision maker and the agent can be executed in 

multiple ways. Fazekas, King, and Toth (2016) propose three ways of influencing tenders: 

limiting bidders in the submission phase, excluding bidders in the evaluation phase, or modifying 

conditions ex-post. 

2.1.3. Corruption Drivers 

 Besides defining corruption, it is also essential to understand what influences it to 

prescribe the correct solutions for the identified problems. For this study, we will refer to 

corruption drivers as the leading force impacting the presence of corruption. Corruption drivers 
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are the factors that knowingly or unknowingly influence the political actors and tender 

participants to act corrupt. There are national and municipal level corruption drivers. 

 The national drivers of corruption affect the entire country, as to say, on a macro level, as 

opposed to impacting only the given municipality, for example. In previous literature, there are 

various factors explaining the presence of corruption. Mishra A. (2006) finds a pattern that 

corrupt activity is linked to how much corrupt activity is currently happening in society, meaning 

that corruption levels are affected by historical corruption. In addition to that, national corruption 

levels are also found to be affected by three factors: frequency of changes in the constitution, 

possession of wealth deriving from public goods, and the concentration of authority in the hands 

of a single individual (Goutte, Péran & Porcher, 2022). Additionally, unlimited and exclusive 

access to information and access to endowments from abroad can be thought of as a corruption 

driver (Soreide, 2014). Unlimited access to information can induce the risk of corruption, as 

some actors in the procurement would be acting with knowledge that is not available to the 

public, giving them an unfair advantage in securing favorable deals. The corruption-driving 

nature of the funds from abroad mainly refers to the natural resource-rich nations, depending on 

the revenues generated from selling the said resources. The link between the availability of funds 

from abroad and corruption risk in the form of oil can also be seen in the work of Shaxson, N. 

(2007). 

Unlike the national drivers, municipal corruption drivers stem mainly from the 

differences between the studied municipalities. Charron et al. (2016) find that the risk of 

corruption is lowered if the bureaucratic apparatus enables bureaucrats' careers to be less reliant 

on their political connections. This suggests that lower corruption on the municipal level is 

achieved by enforcing the professional competencies to rule over the connections that a given 

bureaucracy has. The research on municipal corruption drivers is relatively scarce, indicating we 

could contribute to closing a gap in research. 

2.2. Public Procurement 

Public procurement is the purchase by governments and state-owned enterprises of 

goods, services, and works. (OECD, 2022). Latvian law, specifically, has different monetary 

thresholds on what it considers public procurement and what it defines as spending.  
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 Following the proposed definition, it is important to look at the actors of the two-sided 

exchange - the principal or government enterprises and the companies or agents providing said 

services. From the government’s perspective, public procurement often falls into 3 venues - 

procurement by the central government, municipal authorities, and by state-controlled or owned 

enterprises that fall under the jurisdiction of the government. From the other side of the coin, the 

fulfillers of the contract can be all entities, disregarding the country's origins or sector. For the 

purposes of this research, the receivers of the procurement will be the municipalities, i.e. we will 

only be looking at the tenders procured by the municipalities, disregarding all other 

governmental contests. 

2.2.1. European Union regulations 

Before delving into the legal intricacies of the country of interest, Latvia, it is important 

to understand the roots of the Latvian regulation - European public procurement directives. With 

14% of EU GDP being the cause of public procurement activities (European Commission, n.d.), 

even a 1% improvement in efficiency, would result in savings of more than EUR 20 billion.  

In 2017 the European Union issued a communication on how to improve the public 

procurement process in the member states. These recommendations included boosting the 

digitalization of public procurement and improving the availability of access to public 

procurement markets. 

To establish the influence of European Union public procurement laws, it has to be stated 

that the European Union does not impose a joint public procurement basis in all member states of 

the union, but rather imposes that the context of the EU public procurement directives must be 

carried through to the national directives (Sigma, 2016). Additionally, the European legislative 

framework does not set out to directly influence all public procurement on the national level, but 

rather the contests of a significant size, which could attract parties from other member states. 

Following this, the basis of EU legislature is to ensure that the notion of a market without 

barriers is followed. Thus, the main role of the directives is to ensure equal competition of 

procurement actors of all nationalities, to evade the notion of choosing a national supplier of 

goods and services.   
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2.2.2. Latvian regulations 

In Latvia, public procurement is regulated by the public procurement law (Saeima, 2022) 

based on European Union and Parliament directives. The law outlines the classification of 

various contracts, the procedure, and other exceptional cases. 

Several state organizations are involved in public procurement's facilitation and 

regulatory process. The drafting of the law is the responsibility of the Ministry of Finance. The 

State Regional Development Agency is responsible for managing the e-procurement service. 

However, more applicable to our research is the Procurement Monitoring Bureau, which under 

the supervision of the Ministry of Finance, is responsible for compliance and guidelines for 

public procurement. The Bureau also acts as the central data aggregator and first-instance review 

in case of disputes. In cases of misconduct, police and prosecution are involved, but the 

Corruption Prevention and Combating Bureau (KNAB) or the Competition Council may get 

involved if appropriate. Furthermore, the State Audit Office audits public procurement, 

especially EU-co-funded projects (EU, 2014). 

In general, the public procurement system in Latvia is plagued by similar problems as 

other sectors – low pay and subpar execution. State institutions often struggle to attract and 

maintain high-quality staff, which can lead to the low-quality implementation of even the best 

legislature. Execution deficiencies in many cases happen due to various irregularities, as the law 

is often vague and highlights the administrative focus on detection rather than prevention of 

wrongdoings (EU, 2014). 

2.3. Risk-Based Measurement 

2.3.1. Measuring corruption 

Corruption measurement often is not straightforward. The major problem is that 

corruption is an accumulation of activities like small-level bribery, influencing public 

procurement contracts, extortion and abuse of official power, and more. The general view is that 

no one approach can capture all types of corruption single-handedly. However, when narrowing 

it down to public procurement corruption, it is possible to address the positives and drawbacks of 

each approach. As such, multiple measurements have been employed to measure corruption, the 
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most popular of which are: 1) perception indices, 2) investigation of specific cases, and 3) the big 

data approach. 

Most national corruption levels are explained using the first perception type, like the 

Corruption Perception Index (CPI) developed by Transparency International (TI). The CPI 

combines 13 different data sources, which ask experts or citizens of a country questions aimed at 

discovering the frequency, amount, and direction of corruption (Transparency International (TI), 

2020). The major problem with perception indices is that they are quite good at capturing low-

level bribery, the involved parties, and frequency but lack in detecting grand corruption, which 

involves significantly fewer actors, like in public procurement. Moreover, survey or interview-

based research is time-consuming and requires much funding, illustrated by the fact that TI 

enjoys a near-monopoly over corruption perception index publishing. Moreover, although not 

unique to the perceptions index solely, surveys require good sampling; otherwise, the results 

might be swayed by personal interests or experiences, i.e., perceptions do not always reflect 

reality due to reverse causality or time lags (Andersson & Heywood, 2009). We find the 

perception approach unsuitable for our research, as building a representative sample in each 

Latvian municipality would be unfeasible during the allocated time frame. 

Less often used are the other - individual case review & convictions. This approach uses 

investigative methods to uncover suspicions about an individual selection of procurement cases 

or analyse ongoing trials and accusations. The main problems of this approach include 1) 

dependence on the limited size of a sample leading to swayed or non-representative results 

(Kenny, 2017); 2) difficulties in comparing data across countries or, in our case, across 

municipalities due to data availability or legal framework differences; & 3) consistency over 

time. Moreover, the complexity of case review investigation makes it hard to produce 

comparatively regular results like the perceptions index, often released yearly (Bello y Villarino, 

2021). Similarly to the perception approach, we find case reviews unfeasible as our goal is to 

compare Latvian municipalities. 

An emerging type of measuring corruption is the so-called Big Data approach. The issues 

of inconsistency, regularity, and comparability are fixed using public data on procurement. A Big 

Data approach is more reliable, as it mostly takes out the subjectiveness of the interviewees or 

the reviewers. It also meets our goal of making the measurement of corruption more consistent 
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over time and across countries. Similar datasets can be quickly adjusted to fit the research 

method used (Fazekas, Cingolani, & Toth, 2018). 

As for data-based approaches, there are several, but we highlight the two most widely 

used - the two-stage residual approach involving data envelopment analysis and the red flag 

method. Most of these methods use some regression and variables to calculate the index. Both 

have several advantages and disadvantages.  

Generally, the Big Data approaches still suffer from subjectivity in selecting variables. 

Regression models can be overloaded or undervalued based on the variables selected. Data 

models also need data that is still not always available freely, depending on the country. The 

two-stage residual approach is more advanced, as it also looks to split the risk impact into 

corruption or active waste and other impacts of passive waste like low-quality procurement 

inefficiencies (Lisciandra, Milani, & Millemaci, 2022). Compared to the two-stage residual 

approach, the red flag method is more straightforward, thus more replicable, and easier to 

describe to key stakeholders. On the other hand, data approaches still do not measure corruption, 

only the risk involved (Kenny & Musatova, 2010). 

Another set of literature (Heywood (2016), Søreide (2006), & Cobham (2013)) criticises 

the idea of ranking itself, as it creates perverse incentives. Indices like TI’s CPI generally check 

perception and might indicate risk, which does not paint a complete picture. As poorer countries 

generally have poorer governance, they can be found at the bottom of corruption indicator lists, 

but this does not directly imply wrongdoing. Instead, the conception of heavy corruption further 

corroborates a vicious cycle in which foreign direct investment might be pulled due to low 

corruption scores, removing funds from strengthening governance. Furthermore, wrongdoing can 

be hidden instead of addressed properly to inflate scores and attract foreign direct investment. 

This puts the investment in danger and does not contribute to the welfare of the country’s 

inhabitants, as problems are not fixed but hidden. While these are appropriate concerns, we 

believe such problems are much more prominent while comparing countries, as more 

considerable differences come down to national-level institutions. When comparing 

municipalities, they all are under the same national-level institutions. Thus, differences in our 

results should suggest some inefficiency or risks directly associated with implementation 

problems. 
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2.3.2. Red flag method 

The Red Flag method of analysis or quantitative indicator method collects theory-based 

characteristics that might impact the public tender in the form of corruption risks, which are then 

regressed onto independent variables following regression analysis. The regression analysis, as 

will be seen from the research studied by other authors, can come in the form of many regression 

forms, as the red flag method is not limiting in parameters. However, the overall presence of red 

flags does not grant the presence of corruption - it is only an indicator that the studied subject 

might be linked to a higher risk of corruption. The coming section will discuss the flags or the 

risks associated with corruption. This section will overlook the usage of the red flag method 

work by other authors researching corruption. 

Historically, the red flag method has been primarily used to study the national corruption 

level. Decarolis, F. and Giorgiantonio, C. used the red-flag method to assess the corruption levels 

in the roadwork industry in Italy. Their findings concluded that there is a link between a higher 

risk of corruption and the use of multi-parameter criteria for awarding the public tender. The red 

flag method is also employed in other parts of research, excluding corruption. Popovic et al. 

(2018) have used quantitative indicators or red flags that can be used to determine social 

sustainability. The work of Vargas and Schlutz (2016) also uses the red flag method, as they 

create an index of the effort of financial disclosure of a given country to study corruption levels. 

Red flags have also been used to study corruption in World Bank projects. A paper from 2010 

found that most of the World Bank projects analysed contracts displayed a level of red flags, 

meaning that there was a risk of corrupted contracts. (Kenny, Musatova, 2010). Lastly, 

quantitative indicators were used to study corruption by Fazekas & Kocsis. In their 2017 paper, 

the authors create a composite score of procurement red flags from the contract level, which can 

be used to study national corruption. (Fazekas & Kocsis, 2017). 

2.3.3. Risks of Red Flags 

The list of red flags used in academia for public procurement corruption research is long 

and regularly updated. Looking at the red flags or indicators of corruption, we will base our 

division of variables on Fazekas, Cingolani, and Toth (2016), who provide a comprehensive 

review of corruption proxies. The authors of the review state that the proxies, or red flags in this 
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case, that previous researchers employed are contract lengthening, contract modification, and 

length of eligibility criteria, among a plethora of other indicators. 

The red flag indicators can be grouped into four major groups: 1) tendering risks; 2) 

political connections; 3) supplier risk; 4) contracting body risk (Fazekas, Cingolani, & Toth, 

2016). In the upcoming sections, we will discuss these indicators in the context of municipal 

procurement. 

Tendering risk 

Tendering risk pertains to indicators of the public procurement contracts themselves. 

Such indicators are often the most used, as they are easy to derive from the public procurement 

contract databases. Tendering risks can further be divided into bidder number, procedure, 

changes in delivery, and price. 

The number of bidders is one of the more classical red flags, linking to the basic 

economic theory of competitiveness – less competitive markets allow firms to push prices up and 

exert pressure on authorities and other firms through rising entry costs. The number of bidders is 

often also used as the independent variable. Coviello and Gagliarducci (2010) proved a link 

between one additional term as a mayor and deteriorating public spending, decreasing the 

number of bidders, and winning rebates. 

The procedure relates to how the contract is announced. If the procedure type is closed, 

decreased transparency levels increase corruption risk. Similarly, the complexity and length of 

the tendering description could indicate swaying the contract towards a particular firm. Also, an 

expedited and shorter submission process can lead to firms being unable to launch their bids at 

all. For example, public procurement corruption flourished due to emergency tendering during 

the Covid-19 crisis (Derby, & Wright, 2020). 

Changes in delivery are easy to interpret as red flags. Changes to the requirements, price, 

or delivery term could mean that there is corruption involved, as such modifications often benefit 

the firm. Modifications can also happen due to unforeseen events like increasing material costs 

or economic downturns. 

The final group of tendering risks is related to the price. Olken (2007) used independent 

engineer calculations of the price of Indonesian road projects to measure the differences between 

independent and actual project costs. Although highly efficient, such methods are also highly 
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costly, especially in developed countries where thousands of public procurement projects are 

executed each year. 

Political connections 

The connection between the key agents – firms, municipalities or national institutions – 

can be present in several ways, but most often through direct ties and revolving doors. Direct ties 

imply that the firm's decision-makers, be owners or high-position managers, are tied by kinship, 

friendship, or other membership to the key decision-makers in the procuring institution, be that 

in a voted-in position or, for example, on the procurement board. Similarly, the revolving door 

describes the process where a former politician or high-ranking government worker takes a role 

in a firm to facilitate a relationship with the institutions they were working at. Luechinger and 

Mose (2014) look at the defence sector in the US and find a link between former politicians' 

corporate appointments and increased public procurement. 

Supplier risk 

There is an abundance of supplier risk indicators due to the extensive literature on firm 

attributes and, in many cases, the availability of a wide array of firm-level information. We 

divide the supplier risk attributes similarly to Fazekas, Cingolani, & Toth (2016) into attributes 

of the registry, the financials, the owners, and governance.  

Basic company register information is available in many countries. Furthermore, such 

variables are often easily comparable and interpretable, making company register variables 

perfect for cross-country comparisons. Company registers variables include the number of 

companies on the same address, and the company’s incorporation age. The number of companies 

on the same address often indicates that the company might be a shell company. Similarly, the 

number of years since the company incorporation also indicates shell companies, as firms are 

often incorporated for the specific reason of participating in a tender without having the 

necessary resources to fulfil the contract. Caneppele, Calderoni, and Martocchia (2009) find that 

both variables impact their criminological model significantly in Italian regions. 

Company financial evaluation is a heavily researched topic on its own. Regarding public 

procurement, company financial risk variables can be divided into growth and concentration of 

public procurement. The growth variables deal with sudden spikes in income, specifically after 
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an ownership or political party in charge changes. The overall idea is that severe outliers are 

risky. Growth changes are a red flag as companies often grow naturally. The concentration of 

public procurement is also a red flag, as it might show favouritism. Fazekas and David-Barrett 

(2016) use sales growth as one of their variables to explain firm favouritism differences between 

Hungary and the UK. 

Several red flags regarding ownership and governance have been used, like complex 

ownership structures, incorporation in tax havens, and general transparency of the firm of their 

ownership. Ownership and governance red flags would indicate that there is some reason that the 

firm is hiding its actual owners, which might be related to political connections. Less to say, such 

red flags are often hard to aggregate on a large population focused on one country due to data 

availability. 

Contracting body risk 

Contracting body risk indicators are used for national research. Most often, contracting 

body risk variables are other aggregates of corruption, governance, or transparency that could be 

linked to the country's corruption risk. As such indicators are often not developed for 

municipalities, it leaves a gap in research to investigate municipalities on other fronts to help 

make decisions regarding the corruption risk at a more regional level. 

3. Methodology 

3.1. Data Collection and Manipulation 

The central database used for the study on public procurement was retrieved and 

combined with Opentender data (Opentender Latvia, 2022). Opentender is a data source that 

gathers publicly available tender information from more than 20 sources for a country using 

government data (Opentender Latvia, 2022). The timespan of our extracted database is from 

2013-2021 to capture two complete election cycles. We are also limited by the Latvian 

municipality reform carried out in 2021, which changed the borders of most municipalities.  

The created database has information about all public procurement tenders that took place 

in Latvia between 2013 and 2021, with variables like the monetary size of the contract, year of 

the tender, length of the contract, and the tender type and whether the tender was EU-funded, 
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among other factors. The dataset has 66056 unique data entries that provide information about 

the tender buyer and seller, in our case - the municipality and the entity which won the contract. 

As many tenders had several smaller lots, we combined the data for a single tender by 

calculating the average or the sum of the values for the lots, resulting in a dataset with only 

information about a single tender. We do this to minimise noise from contracts, some of which 

had more than 20 different lots. 

 Additionally, we also add several more databases. First, a significant problem with the 

Opentender database is that it does not include the Latvian entity registration codes, thus making 

it challenging to combine our base data with other databases. We mitigate this by introducing the 

Entity Register database (LR Uzņēmumu reģistrs, n.d.). We are unable to identify the entity for 

3546 contracts.  

We extract information about all elected public officials in municipalities and the central 

government from the website of the Central Election Commission of Latvia (Central Election 

Commission of Latvia, n.d.). Then we add the beneficial owners of the tender-winning entities 

from the Entity Register database (LR Uzņēmumu reģistrs, n.d.). Lastly, we extract all relatives 

of the elected municipal public officials from the State Revenue Service income declarations 

website (Valsts amatpersonu deklaracijas, 2022). We then can combine this database to check 

whether the beneficial owners of the winning entity are related to the elected official in the 

municipality. The relatives most often listed in the declarations were spouses, children, and 

siblings. This means the potential risk is underestimated, as connections through close friends, 

parents, or more distant relatives could also be used to influence tender results. From this dataset, 

we create a dummy variable, nepotism, described in more detail in the next section. We also use 

the elected official database to extract information about the political party representation in 

Latvian municipalities, like whether a party has more than 50% of the seats. 

We also add information about donations to political parties from the Corruption 

Prevention and Combating Bureau (KNAB, 2023). We use a similar method; we reconcile 

whether the tender-winning entity’s beneficial owner has donated to a political party and whether 

that party has representation in the respective municipality. 

 We extract NACE industry codes from a Lursoft catalogue (Lursoft, n.d.)). We reconcile 

them with the registration codes and assign the first and second NACE levels. We are unable to 

identify NACE codes for 12 981 contracts. 
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We also obtain information about the financial data for registered entities from the Entity 

Register (LR Uzņēmumu reģistrs, n.d.). We combine the data by using the tender and financial 

data years and the entity registration number. We are unable to retrieve financial information for 

21 495 tenders.  

The final dataset used for this study is a database describing differences between the 

studied municipalities. To fit the scope of this study, the datasets were amended to match the 

time span of the central database, taking the municipal characteristics for the period of 2013-

2021. We extract the municipal area, public sector wages, and population from the Central 

Statistical Bureau’s databases (Official Statistics of Latvia, n.d). We extract the municipal 

centres' coordinates using Google Maps (Google, 2023). We also add municipality budgets from 

the Financial Ministry’s website (Finanšu ministrija, 2020). Additionally, we retrieve a territorial 

development index from the State Regional Development Agency of Latvia (VRAA, 2020). 

3.2. Variables 

3.2.1 Red flags (explanatory variables) 

In our research, we use red flags - variables that indicate corruption risk and are used in 

our regression. The creation and usage of red flags will be outlined in this section. 

The OpenTender database uses three sets of red flags - integrity, administrative, and 

transparency. Integrity indicators include single bid for the lot, calls for tender publication, 

advertisement period sufficiency, procedure type, decision period length, whether the bidder is 

from a tax haven, and whether the bidder is a new company. 

Administrative indicators include whether the contract had centralised procurement, 

whether the process was electronic, whether it is covered by the World Trade Organization’s 

Agreement on Government Procurement, whether the agreement was based on a framework, 

whether the tender was also published in English, and whether there were any discrepancies 

between the data presented at the notice and awarding stages. 

Transparency indicators include variables that indicate whether any information is 

missing from the tender, like bidder name, value, address of implementation, award criteria, 

duration, funding, selection method, and subcontractor information. 
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From the indicators created by the authors of the Opentender databases, based on data 

availability and economic theory outlined in the literature review, we continue with a selection of 

red flags: nepotism, tender publication, description length, procedure type, missing 

subcontractors, area match, and donations. 

Nepotism 

 The variable Nepotism was created by us, as described in the section above, with data 

collection on the related persons of municipal electives. The variable was created as a dummy 

variable, taking a value of 1 if the person relating to the tender matched with the created related 

person database and taking a value of 0 otherwise. The risk-inducing nature of this red flag on 

the output of the tender transaction is relatively straightforward, as persons relating to the 

municipal electives won the tender. The choice for this indicator was also based on the paper by 

Stéphane Straub, in which the indicator defining firms' connections to political parties was used 

(Straub, 2014). 

Tender Publication 

 The indicator was created by the OpenTender database for tender data for Latvia. The 

indicator is a binary variable, taking the value of 0 if the occurrence of the tender was not 

announced and taking the value of 1 if the announcement was published to the public. The 

reasoning for the risk-inducing nature of this variable follows the logic that if the tender was not 

publicised, possibly fewer parties made their bids, creating a suspected leniency towards 

informed bidders. The choice for this variable stems from the paper by Fazekas, Cingolani, and 

Toth (2016), in which objective risk indicators or corruption proxies, were overlooked. Among 

them, the announcement of the tender was outlined as a valuable corruption proxy.  

Description length 

The indicator was created by the OpenTender database for tender data for Latvia. This 

particular red flag shows how long the description of the tender was in characters. The usage of 

this indicator in our regression analysis was based on the findings of the paper by Fazekas, 

Cingolani, and Toth (2016), in which they found that the length of the description for the 

eligibility criteria captures tendering risks. 
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Procedure type 

The indicator was created by the OpenTender database for tender data for Latvia. The 

indicator looks at whether the procedure of winning the bid on the tender is non-open, meaning 

not available for the public to participate, has a higher probability of becoming a single bid, or is 

open to competition. This binary red flag takes the value of 0 if the procedure type was deemed 

not open to other bidders and 1 if the bid was open to others. The openness of the tender 

procedure as a corruption (risk) indicator has been shown by many researchers. Chong, Klien, 

and Saussier find that public contracts, which are negotiated without any publication or 

competition in mind, are associated with lower quality of governance. 

Missing subcontractor 

 The authors of the OpenTender database for Latvia created this indicator. It denotes 

whether information regarding a subcontractor is present in the description of a tender or not. 

The logic of including this variable as a red flag to our regression analysis and the municipal 

score calculation stems from the fact that excluding information about a subcontractor creates a 

basis for the risk of corruption for a tender. The binary variable can be described as having a 

value of 0 if a contract has no information about a subcontract and a value of 1 if such 

information exists in its description. 

Area Match 

 We created the indicator by matching the bidder's location that won the contract against 

the municipality. This binary variable checks whether the winning bidder is from the respective 

municipality where the contract occurred. The reasoning for including this variable was to check 

whether geographical favouritism impacts the corruption score. The binary variable can be 

described as having a value of 1 if the municipality where the tender took place matches the 

corresponding municipality of the bidder, and a value of 0, if it does not. 

Donation 

 The variable Donations was created by us, using the combined data from the Opentender 

database along with the KNAB database (KNAB, 2023). The creation of this variable started 

with extracting information about all of the political donations made in the studied timespan. 
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After this, we matched the person that has donated to a political party with tender information in 

our main database, whilst simultaneously checking if the political party that has received the 

donation has a seat in the corresponding municipality the tender took place. If all these 

conditions were satisfied, the variable took a value of 1, and if any of the conditions were not 

satisfied, it took a value of 0. The choice of using this variable stems from the fact that political 

donations have long been the target of anti-corruption research, with many linking donations 

with possible corruption risks. 

3.2.2. Dependent variables of the first regression analysis 

The basis of the usage of the dependent indicators follows Fazekas & Kocsis (2017), who 

created a high-level corruption revealing proxy. We pick variables that are associated with 

competition and include both objective reasons and possible corruption risk impacts. 

Single bid 

The indicator was created by the OpenTender database for tender data for Latvia. The 

indicator looks at the number of participants in the tender - if a tender only has one participant, it 

deems the tender a single bid. The variable single bid is 0 for tenders with only one bidder and 1 

otherwise. 

Number of bidders 

 Number of bidders also is derived from the OpenTender database. The variable describes 

the number of bidders who submitted a bid on the tender. 

Market share 

Market share is calculated based on the second NACE code hierarchical step. Market 

share denotes the decimal amount of contracts won in the specific municipality by the winning 

entity, based on the bid price. 
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3.2.3. Control (explanatory) variables of the first regression analysis 

Price 

This continuous variable has values of the contract price in EUR. The basis for using this 

variable stems from a comprehensive review of corruption risk factors, in which the contract's 

size was shown to be a good indicator of corruption (Fazekas, Cingolani & Tóth, 2016). 

Tender year 

This variable shows the year of the tender for the studied period of 2013-2021. Using this 

variable in the regression was since corruption risks differ by year, as major infrastructural 

contracts can obscure the risks linked to the tenders. 

EU funding 

The indicator was created by the OpenTender database for Tender data for Latvia. The 

binary indicator can be described as having a value of 0 if the tender did not receive EU funding 

and 1 if it had. The link between an EU-funded tender and possible corruption has literature 

backing, as a 2019 study by Fazekas & King found that EU funding raises the risk of corruption 

by 34% compared to other forms of funding. (Fazekas & King, 2019) 

NACE  

 We created the indicator to denote the industry in which the tender is taking place. The 

variable was split into 19 dummy variables, representing the tender companies' various 

industries. The choice to include this variable in the regression comes from the differences in the 

industries participating in public tenders, as some industries have larger contracts than others. 

Additionally, corruption is attributed more commonly in some industries compared to others, as 

Transparency International indicates that extractive industries are more prone to corruption risks 

when compared to other industries (Transparency International, n.d.) 

Distinct winner 

 The distinct winners variable was created by counting the number of entities of the 

second hierarchical step of NACE which have won any tenders during the period of our 
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database. We introduce this variable to account for the objective measure of having a small 

number of companies working in a specific industry. 

3.2.4. Independent variables for the second regression analysis 

 Based on economic theory and potential hypothesis, considering the availability of 

information, we select area, distance from the capital, population, public sector wage, budget per 

capita, development index, absolute power, governmental ties, and period as our municipal 

variables. 

Municipal score 

 The calculation specifics of the municipal score variable can be found in section 3.2.3. 

The variable can be described as a risk score given to a single municipality based on the scores 

its tenders received from the calculation in the first regression. It was calculated as the average of 

all the tender-level calculated scores for the specific municipality. This variable will be used as 

the dependent variable in the second regression, as, in line with the research question, we want to 

see what influences the municipality score. 

Area 

This independent variable is the size of the municipality expressed in km2. The choice 

for this variable stems from the fact that larger municipalities by area tend to have larger 

monetary public tenders, as they might have larger infrastructural projects, among other factors. 

Distance from the capital 

This independent variable is the calculated difference between a given municipality and 

the capital of Riga, calculated in a straight line expressed in kilometres. The choice for this 

variable comes from the study by Kopczewska (2013), which shows that the benefits of social-

economic policies differ for central and outer Polish municipal bodies. 

Population average 

 This variable denotes the average population in each municipality in the studied period. 

An average of 2 values was taken: the population in 2013 and the population in 2021. The choice 
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for this variable follows the logic that larger municipalities attract larger contracts, which in turn 

are commonly captured by single bidding companies, such as in the roadwork industry. 

Average public sector municipal wage 

 This variable can be defined as the average wage of the municipal workers in the 

respective municipality. The wage in the public sector has long been discussed in the literature 

on corruption. As found by Cornell & Sundell, higher compensation in the national sector, when 

compared to all other industries, results in lower corruption risk. (Cornell & Sundell, 2019). 

Budget per capita 

This variable can be defined as the municipal budget for 2020 divided by the number of 

people in the municipality. The basis of using this variable in the second regression model is 

similar to that of the average municipal wage, as higher municipal budgets might indicate 

increased corruption risks or the bidder being a singular entity. 

Development index 

 The Ministry of Environmental Protection and Regional Development creates the 

territorial development index. It considers economically active entities for 1000 people, level of 

unemployment, people below the poverty line, crime rate, natural migration, long-term 

migration, population above the working age, and the personal income tax level. Our index was 

calculated as an average of the observed development indexes for a given municipality between 

2013 and 2020. We use this variable as a proxy for governance and development. If the 

development of a municipality is high, it could also have the needed processes and controls in 

place to prevent or minimise corrupt deals. 

Absolute power 

 We constructed this municipal dummy variable by checking whether a single party in the 

municipality has 50% of the seats or more. The reasoning being this variable is a theoretical 

assumption that parties that have most of the power do not have to take into account the views of 

other parties, by such increasing the risk of corruption-like behaviour. 



 

 

26 

Government 

We created this dummy variable by checking whether the party that has won the majority 

of seats in a municipality has representation in the national government or “Saeima.” In the case 

that the following is true, the dummy variable takes a value of 1, 0 otherwise. Including this 

variable follows the theoretical assumption that the parties with both municipal and national 

presence might suffer from bias, for example, when monitoring or making decisions about 

questions directly relating to the corresponding municipalities. 

Period 

 We introduced a dummy variable for the observed period. The dummy variable took a 

value of 0 if the observed period was from 2013-2017 and one if the observed period was from 

2017-2021. The inclusion of this variable assumes that there is a difference between the observed 

variables in the two periods, either for political reasons, as the municipal election was in 2017, or 

for general reasons, such as the development index following a naturally increasing trend 

because of country-wide effects. 

3.2.5 Descriptive statistics 

The descriptive statistics for the central database used in the regression analysis can be 

seen in Appendix A, table 1. The dataset contains 66056 observations of Latvian public tenders. 

Single Bid has a mean of approx. 0.72, indicating that most tenders had multiple bidders (or 

multiple lots), though there still are some single-bidding tenders, visible from the minimal value 

of 0. The same observation can be made for all of our red flags used in calculating the municipal 

scores, as they also had varying results around the mean. Lastly, the mean of the variable EU 

funded, which is approx. 0.11 shows that the number of tenders that only around 1 in 10 tenders 

that have happened in Latvia in the studied period have been funded by the European Union. 

When checking years, seen in appendix A, table 2, we can see that the number of 

contracts has fallen over the years, closing out recent years at around the 5-7 thousand mark. The 

average values have fluctuated from around 7 thousand to 23 thousand. The percentage of 

multiple-bidder contracts also fluctuates around 70%, reaching its highest point in 2015 and the 

lowest in 2020. Similarly, for average bidders, which fluctuates around 2, but had 3.45 bidders 
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on average in 2013 and only 2.48 in 2019. The average market share is consistently low, around 

0.02 to 0.03. 

Looking at summary statistics by the bidder industry (Appendix A, table 3), we first note 

that for 12 981 contracts we could not identify the industry, due to the fact we could not 

reconcile it with the company register or the NACE code databases. The most contracts are in 

trade and transportation, roughly 13 and 17.5 thousand each. Only seven contracts have been 

registered under public administration & defence, as most likely, the majority of these are 

procured by the central government instead. The average value of contracts by industry varies 

greatly, with the highest, more than 900 thousand euros in the water supply. The lowest value of 

20 thousand euros is again for the public administration & defence industry. From average 

bidders, we can observe that human health and recreation contracts get the least number of 

bidders per contract. At the same time, the competition is highest for other service contracts, 

where almost four bidders apply on average. The average market shares are highest in the 

mining, electricity & gas, water supply, and construction industries. The human health and 

information & communications industries have the lowest market shares. This is roughly in line 

with our understanding of market share, as we expect lower market shares in industries where 

resources can be moved across municipalities easier or where the companies have more national 

scope of operations. Distinct winners are approximately in line with the number of contracts, 

where the highest number of distinct winners are in the construction and trade industries but the 

lowest in public administration & defence. 

 When analysing the summary statistics of the municipal variables (Appendix A, table 4), 

a few trends can be spotted. The average municipal budget per capita varies quite a lot in 

different respective municipalities, as seen by the standard deviation of approximately 288 EUR 

per capita. Similarly, the average municipal wage is not constant for all the municipalities, 

indicated by the standard deviation of 140 EUR. This can be explained by the fact that the size of 

the studied municipalities differs, which respectively entails a different number of municipal 

workers in them, also seen by the minimum being around 500 EUR. 
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3.3. Research Methods  

3.3.1 Red flag regression 

As the purpose of this study dictates that we calculate and evaluate the risk measures for 

Latvian municipalities, the study's goal is to create a so-called municipal corruption indicator or 

“score.” Although the term for the indicator is arbitrary, we draw from the long-standing studies 

of credit scoring seen in use by financial institutions. In a 2010 study, Dong, Lai, and Yen 

outlined how the most used logistic regression with random coefficients can be used to improve 

the results of the industry-standing logistic regression (Dong, Lai, Yen, 2010). In this study will 

not use a complicated model such as a Scorecard model or employ machine learning approaches. 

However, we are going to calculate the municipal score using linear regression. 

Public procurement corruption can be summarised as extracting corruption rents. To 

extract corruption rents, the contract-winning company has to be pre-selected to maximise the 

profit, and the price has to be either higher or the quality has to be lower than in a competitive 

market. As estimating competitive market prices and quality for every contract is impractical, 

and comparisons can only be made between homogenous deliveries, we must rely on other 

contracts, financial, or nepotism variables associated with corruption risks through literature.  

 We can identify potential risks using our datasets of public procurement contracts, 

company financials, and nepotism. We use regression to link inputs associated with corruption, 

i.e., red flags, to outputs associated with corrupt rent extraction like single contract bidder. We 

also look to control for other variables like years, which illustrate inflation effects, the contract 

price, and other variables. 

 The chosen regression model is a linear Ordinary Least Square model (OLS). The 

regression's goal is to determine whether a red flag should be included in our index, as well as its 

assigned weight. Furthermore, regressions also account for non-linearity, as we identify values 

where our corruption indices significantly increase. By doing this, we define market norms 

ranges and outliers that can be linked with corrupt outcomes (Kenny & Musatova, 2010).  

The benefits of using this model for the analysis are that it is simple in parameters and 

fits the type of databases collected for the study, cross-sectional databases. We will employ 

several techniques to account for all the assumptions of OLS. As we have the whole population, 
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we will not run into the problem of biased sampling. By averaging out red flags in the open 

tender database, we will minimise the impact of multicollinearity. 

 

The form of the red flag OLS regression can be seen below:  

𝑆𝑖𝑛𝑔𝑙𝑒 𝑏𝑖𝑑 = 𝛽0 + 𝛽1 ∗ 𝑁𝑒𝑝𝑜𝑡𝑖𝑠𝑚 + 𝛽2  ∗ 𝐷𝑜𝑛𝑎𝑡𝑖𝑜𝑛 +𝛽3 ∗ 𝑃𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛 + 𝛽4 ∗ 𝑃𝑟𝑜𝑐𝑒𝑑𝑢𝑟𝑒 

+𝛽5 ∗ 𝑚𝑖𝑠𝑠𝑖𝑛𝑔_𝑠𝑢𝑏𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝑜𝑟 + 𝛽6 ∗ 𝑑𝑒𝑠𝑐𝑟_𝑙𝑒𝑛𝑔𝑡ℎ + 𝛽7 ∗ 𝑎𝑟𝑒𝑎_𝑚𝑎𝑡𝑐ℎ + 𝛽8 ∗

𝑙𝑜𝑔(𝑆𝑢𝑚. 𝑜𝑓. 𝑏𝑖𝑑_𝑝𝑟𝑖𝑐𝑒_𝐸𝑈𝑅)  

+𝛽9 ∗ 𝑁𝐴𝐶𝐸 + 𝛽10 ∗ 𝑡𝑒𝑛𝑑𝑒𝑟_𝑖𝑠𝐸𝑈𝐹𝑢𝑛𝑑𝑒𝑑 + 𝛽11 ∗ 𝑡𝑒𝑛𝑑𝑒𝑟_𝑦𝑒𝑎𝑟 + 𝛽12 ∗ 𝑑𝑖𝑠𝑡𝑖𝑛𝑐𝑡_𝑤𝑖𝑛 +  𝑢𝑖,𝑡  

3.3.2 Creation of the municipal score 

The equation of how the risk score was calculated can be found below: 

𝑅𝑖𝑠𝑘𝑖,𝑡 = 𝛽1 ∗ 𝑑𝑒𝑠𝑐𝑟_𝑙𝑒𝑛𝑔𝑡ℎ +𝛽2 ∗ 𝑃𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛+𝛽3 ∗ 𝑃𝑟𝑜𝑐𝑒𝑑𝑢𝑟𝑒+𝛽4 ∗ 𝑎𝑟𝑒𝑎_𝑚𝑎𝑡𝑐ℎ + 

+𝛽5 ∗ 𝑚𝑖𝑠𝑠𝑖𝑛𝑔_𝑠𝑢𝑏𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝑜𝑟 

To calculate the risk score, we multiply the regression coefficients with the respective 

variables and sum the results. In other words, we calculate the contribution of our red flag 

variables. We do not use the explanatory variables for this step, as we view the impact as 

objective instead of a corruption risk. By summing, we also maintain the contribution of the 

variables provided by the regression in terms of the beta coefficients. 

 We weigh our initial base scores on each municipality's total sum of the tender values. 

Thus, we do not run into a problem when comparing large and small municipalities and prioritize 

the interest of the local municipality residents instead of a more national level. The bid price is a 

proxy for the impact of the municipal risk. We assume that residents would be more concerned 

when large contracts have more corruption risk, as the tenders are directly financed through their 

taxes.  

With the calculated weights being the bid price, we then aggregate the corruption risk 

score to a municipal level by calculating the average of the base score and by summing up our 

weighted scores. The resulting municipal score thus consists of the coefficients extracted from 

the regression outlined in 3.3.1 and the estimate from the same regression. For the weighted 

score, it is also multiplied by the municipal-level weight of the bid price.  
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3.3.3 Validation of corruption risk scores 

To check tender-level scores, we implement two validation methods - a selection of 

corruption cases portrayed in the media and a company financial validation. We select 8 cases 

from the Latvian national news portal LSM.lv for the media case validation by searching for 

municipal corruption (Appendix A, table 5). Not many municipal corruption cases have been 

reported, but we select cases in varying geography and years to obtain objective results.  

We extract the scores of the picked cases and perform a simple analysis, comparing the 

cases to the average contract and the top 25% based on the corruption risk score. 

There are several problems with validation from cases portrayed by the media. First, the 

cases portrayed by the media may constitute only a tiny part of the real corruption cases 

happening. Second, we might have an unintended bias when selecting the cases. Third, cases 

portrayed in the media are often based on assumptions and correlations and may not reflect 

actual corruption risk, which can only be proven in court. Fourth, our model could be better at 

finding certain corruption as it is based on a handful of picked red flags. 

We perform a similar analysis to Fazekas, King, & Toth (2016). We calculate the net 

profit margin by dividing net profit by total revenues for the year after the contract has been 

recorded in our dataset. We use net profit margin, as corrupt companies extract corrupt rents, 

which should make these corrupt companies more profitable than their peers, providing an unfair 

advantage. We then split our dataset into thirds based on the net profit margin, calculate the 

means of the corruption risk scores and compare the scores in the three samples by performing a 

t-test to make sure they are distinct. 

Nevertheless, this approach is also not fool-proof, as corrupt companies could be, for 

example, less well managed, thus also providing a disadvantage at the same time. An example of 

this can be found in the study of Vu, Tran, Nguyen & Lim (2018), who found that although cases 

of bribery might not be linked to the worse financial performance of a firm, it can be impacted 

negatively if it has illicit expenses to secure government contracts or licences. Even so, we 

believe validation is an essential step in testing our results and might provide insights into how to 

improve the model going forward. 
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3.3.4 Municipal regression 

To understand the municipal-level impacts of the corruption risk scores, we regress the 

variables outlined in section 3.2.1. onto the municipal risk score and the weighted municipal risk 

score. The choice of regressing the chosen variables on both the weighted and non-weighted risk 

scores stems from the theoretical assumption that the impact differs for municipalities when 

accounting for the sizes of the contracts. The chosen form of the regression model was OLS 

because of its simplicity and other merits. 

 

(𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑) 𝑀𝑢𝑛𝑖𝑐𝑖𝑝𝑎𝑙 𝑠𝑐𝑜𝑟𝑒𝑖,𝑡 = 𝛽0 + 𝛽1 ∗ 𝑎𝑟𝑒𝑎𝑖,𝑡 + 𝛽2 ∗ 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑓𝑟𝑜𝑚 𝑐𝑎𝑝𝑖𝑡𝑎𝑙𝑖,𝑡 + 

+𝛽3  ∗ 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑚𝑢𝑛𝑖𝑐𝑖𝑝𝑎𝑙 𝑤𝑎𝑔𝑒𝑖,𝑡 +𝛽4 ∗ 𝑏𝑢𝑑𝑔𝑒𝑡 𝑝𝑒𝑟 𝑐𝑎𝑝𝑖𝑡𝑎𝑖,𝑡+𝛽5 ∗ 𝑑𝑒𝑣𝑒𝑙𝑜𝑝𝑚𝑒𝑛𝑡 𝑖𝑛𝑑𝑒𝑥𝑖,𝑡  

+𝛽6 ∗ 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑟𝑡𝑖𝑒𝑠𝑖,𝑡  + 𝛽6 ∗ 𝑎𝑏𝑠𝑜𝑙𝑢𝑡𝑒 𝑝𝑜𝑤𝑒𝑟𝑖,𝑡 + 𝛽6 ∗ 𝑔𝑜𝑣𝑒𝑟𝑛𝑚𝑒𝑛𝑡𝑖,𝑡   

+𝛽6 ∗ 𝑝𝑒𝑟𝑖𝑜𝑑𝑖,𝑡  +  𝑢𝑖,𝑡 

4. Findings 

In this section, we first analyse the results of the first step red flag regressions. Then, we 

proceed with contract-level data validation using cases portrayed in the media and company 

financial data. After, we aggregate contract-level data with the municipal-level data and proceed 

with further analysis. We conclude this section with various robustness tests to validate the 

findings that we gathered. 

 

4.1 Regression Results 

We first analyse the results of all our collected variables using the three independent 

variables of single bidder, number of bidders, and market share. These results will decide which 

variables to include in our corruption risk score calculation. While there is no agreed-upon 

threshold for variable acceptance, we generally look for statistical significance <0.001 and 

coefficient signs in line with our expectations. The regression results can be seen in Appendix A, 

table 6. 

While the results align with our previous expectations, there are some significant outliers. 

First, our nepotism dummy variable is statistically significant only in the market share 

regression. Nevertheless, it also changes the sign from the expected negative to a positive effect. 
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We decided to exclude it from our final corruption risk calculation for these reasons. Although 

hard to prove, our theory is that we lack observations for the nepotism variable to be significant. 

We cannot collect more data at this stage due to the incomplete political relationship databases 

by not including identification codes. 

 Secondly, we decided to exclude the created donation variable. We expected the 

coefficient to be negative to reflect the bidders' ties with the municipality's winning party. 

However, the coefficient is only negative in the number of bidder regression and is not 

significant. We expect that this variable could be refined further by introducing a time dimension 

of how recently the bidder has donated to the party and linking the winning party in the 

municipality and others. Overall, we believe these links could be studied separately as they 

would be too time-consuming to address in the scope of this thesis. 

 We will use area match as a proxy variable to still include some nepotism links in our 

score. Area match is statistically significant across all of our independent variables and 

consistent with our expectation of it having a negative effect. While there might also be objective 

reasons for a bidder from a local area to win, we believe it still poses a risk, as local communities 

are often close-knit, especially between local politicians and businesspeople. 

 There are also some inconsistencies with the publication and description length variables. 

The publication variable changes its sign in the number of bidders and market share regressions, 

while the description length variable is not statistically significant in the market share regression. 

We still decided to keep them, as we have a solid theoretical and economic understanding 

outlined in the literature review part and a whole population. 

We also decide to proceed with the single bid regression for further analysis, as we note 

several conceptual issues with the number of bidders and market share variables. Although they 

might serve a purpose as an extra robustness check in the initial stage, the number of bidders 

might be problematic due to how we created it. To avoid unwanted noise in our results, we 

averaged the number of bidders between contract lots and assigned this value to the overall 

contract. This left us with some high outliers that might skew the results. Similarly, when 

creating the market share variable, we calculate the percentage of contracts which the entity has 

won in a certain period, thus already absorbing some of the risks, as corrupt entities are likely to 

have inflated measures. 
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Based on the analysis above, we remove the nepotism and donation variables and proceed 

with the single bidder as the only independent variable (Appendix A, table 7). As these 

coefficients will also be used to calculate our municipal risk scores, we can interpret the beta 

coefficients of our risk variables. Most of our variables are binary. As such, an increase of 1 in 

our variable increases the probability of a single bidder contract by beta coefficient *100 

(percent). 

The red flags are in line with our expectations. If the tender is not published, the 

probability of a single bidder increases by 26%. Similarly, if the tender procedure is deemed 

closed, the probability of a single bidder also increases by 25%. If a subcontractor is not 

reported, the probability of a single bidder increases by 12%. Furthermore, if the area matches 

between the bidder and the municipality, the probability of a single bidder also increases by 5%. 

The only non-binary red flag is description length. As we apply a natural logarithm due to 

skewness towards short descriptions, the interpretation changes to straight percent. As such, a 

1% increase in the description length corresponds to a 0.01% increase in the possibility of a 

single bidder. 

Aside from industry and year, we also have three additional explanatory variables. We 

use the log of bid price as a proxy for complexity. Hence as the bid price increases, the 

probability of a single bidder also increases. A 0.03% increase in the value corresponds to a 1% 

increase in the probability of a single bidder. The more complex the contract, the fewer 

companies can undertake it, supporting our reasoning that the bid price is an objective measure. 

We also use a binary variable of a project being EU funded. We use this dummy variable 

as a proxy for supervision. If the project is EU funded, it must undergo a more rigorous 

certification process and be checked by more overseers during production. As such, we suppose 

that the likelihood of corruption risk would be decreased, which is supported by our regression. 

If the tender is EU funded, it is 7% less likely to be a single bid. 

We use distinct winners as a proxy for competition. We construct this using 2nd step 

NACE codes to ensure that the results are not correlated with the NACE dummies used in the 

regression. If there are more competitors on the market, it is less likely that the tender will have a 

single bidder. If there is one more distinct winner, the probability of the tender being a single 

bidder falls by 0.02%. 
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4.2 Calculation of Contract-Level Scores and Analysis 

We calculate the contract-level corruption risk scores (Appendix A, table 8). We do this 

by applying the same logic as we explained the effects in the previous section and multiplying 

the beta coefficient effect with the true variable values present for each of the contracts in our 

database. We then sum the five red flag variable scores to obtain the contract-level corruption 

risk score. 

We can also analyse the corruption risk by year and by industry based on our calculated 

scores. Summary statistics for years reveal a positive trend in decreasing scores over time, with 

2020 being the lowest and 2016 - the highest (Appendix A, table 9). We also notice that years 

have some explanatory power in our regression. If a contract took place in 2015, the probability 

of a single bidder would be 14% higher, even though 2015 was the year with the lowest on-

record contracts with single bids. 

Looking at the industries (Appendix A, table 10), we can identify the riskiest and least 

risky industries based on our corruption risk scores. Human health, accommodation & food, and 

recreation are the most risky industries. While least risky industries are electricity & gas, and 

manufacturing, closely followed by finance & insurance, trade, and water supply. It is hard to 

make conclusions about these results, as many reasons could explain their ranking. One possible 

explanation might be the regulation of an industry, which could explain why utilities and finance 

would be among the lowest ranked. However, this conclusion also immediately contradicts itself, 

as human health is among the riskiest. There is an argument to be made about competition 

affecting our scores - both industries with the highest number of unique winners in construction 

and trade are amongst the lowest on our corruption risk scores. We also see that the dummy 

variables have some explanatory power, possibly accounting for competition, complexity, or 

other unexplained factors. The most significant coefficients are for the recreation, human health, 

and information industries, where the industry increases single bidder chances by 25-30%, 

possibly explainable by the specialization of these industries and relatively small competition 

between the specialised vendors. 
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4.3 Contract Score Validation 

Although we see statistical significance between our variables and the independent 

variables, to ensure our results are indicative of actual risk, we can perform simple validation 

analysis using municipal corruption cases portrayed in the media and company financials. 

4.3.1. Municipal corruption cases in media 

We extract the cases based on the compiled list. Sometimes, the media portrayed a link 

between municipal politicians and a company. In these instances, we extract all contracts signed 

between the parties from our dataset (Appendix A, table 11). 

Only one case concerning the purchase of legal services by the city of Riga falls in the 

top 25% of our calculated scores. All these contracts are single bids, which might partly explain 

why the corruption risk is rated so highly. At the same time, this is also positive news, as our 

model can pick up on corruption in more minor value cases. 

Half of the cases have a below-average score, indicating that there might be some bias 

involved either in our model or the portrayal of the cases by the media. There seems to be a faint 

link between the percentage of single bid contracts and the score, which is consistent with our 

model as the single bid is the independent variable used. Apart from this, we do not see any 

connection between the scores, contract number, total value, or average value. 

4.3.2. Financial performance validation 

We can draw several conclusions after performing financial validation (Appendix A, 

table 12). First, we can say that at the 95% confidence interval, the scores in our three samples 

are genuinely different. Second, the corruption risk score is slightly higher for more profitable 

companies, but even more curiously, it is not far behind the average score of the least profitable 

companies. This might support one of our initial theories, that companies engaging in corrupt 

rent extraction might improve profitability and decrease it either due to worse governance and 

operations or to paying corrupt officials for the corrupt rent extraction. Third, we also see that 

companies in the middle sample, with the lowest corruption risk score, are the largest by net 

turnover and employee count on average. This might indicate that larger companies either have 

better governance practices or a higher level of supervision. 
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4.4 Municipal Score 

 We calculate the municipal corruption risk score by aggregating contract-level scores as 

an average per municipality. For the weighted score, we weigh by the bid price of the contract, 

where the weights in one municipality sum up to one, thus accounting for the size of the 

municipality and the possible impact of the costlier tenders on the local residents. We then rank 

the scores where the higher the rank, the higher the corruption risk score. We also calculate the 

differences between the base score and the weighted score. Results of all the municipal scores 

can be seen in table 13, Appendix A. 

 We first extract the top 10 and bottom 10 municipalities by the average score (Appendix 

A, table 14 & table 15). The least corrupt municipality is Līgatnes, consistently having the lowest 

corruption risk in both scores and with a significant margin from the closest competitor of 

Varakļānu municipality. Tukuma municipality is the 10th least corrupt municipality. Tukuma 

municipality is of significant size, with total bid prices of over 100 million euros and around 900 

contracts over nine years. However, we can also observe that Tukums’ score does improve after 

weighting. 

 The municipality with the most corruption risk is Kandava municipality, followed by 

Baldone, Mazsalaca, Olaine, and Dundagas municipalities. Just behind, in sixth place, is the city 

of Riga, which falls in the ranking significantly after we apply weights. Rounding out the top 10 

is Cēsu municipality, which is also one of the bigger municipalities in Latvia with 1650 contracts 

of 91 million euro value in total over nine years. 

 There are also several municipalities where the weighting seriously changed the ranking 

(Appendix A, table 16 & 17). Most of these are small municipalities with few contracts, but, for 

example, the city of Ventspils & Mārupes municipality falls in our corruption risk rating 

significantly when weighted. This could signal a lot of minor corruption instead of grand 

corruption. 

Looking at the grouped municipal scores, a few tendencies can be spotted. From the 

results in table 18 (Appendix A) the city of Riga has the highest municipal corruption risk, 

followed by Vidzeme and Kurzeme. The region of Zemgale has the lowest municipal corruption 

risk.  

The trend of Riga having the highest municipal corruption risk follows when analysing 

the risks of the biggest cities (Appendix A, table 19). An observation could be made that the size 
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of the municipality might impact the municipal score of Riga, but this is disproven as the 

combination of the various municipalities not included, having a similar amount of contract size, 

has a lower municipal corruption risk than Riga. This shows that the size of the contract is not 

the underlying reason for bigger municipal units, namely Riga, having a higher corruption score. 

This is further disproven, with Vidzeme having the lowest corruption risk score but not the 

lowest in contract size. 

By comparing cities, we can exhibit that Riga and Ventspils, with the highest scores, also 

have the highest percentage of single-bidder contracts. This might show some bias of our model 

toward valuing single-bidding contracts more harshly. Furthermore, we can also see that other 

cities apart from Riga and Venstpils have less corruption risk and roughly similar scores. These 

scores are also similar to the average municipality scores, even though the average contract size 

and the single bidder percentages differ. 

To further analyse the scores, we extract the tender level scores for municipalities of Riga 

and Ventspils, which had the highest difference in score and the weighted score of the big cities, 

as well as Valmiera, which vice versa had the lowest difference between the two scores, and 

Kandava, which has the highest corruption risk according to our model. We divide the samples 

in increments of 10% by the contract value. We also perform the same summary for the whole 

dataset, including averages of our score components at each increment. The results of this 

analysis can be seen in tables 20-24 (Appendix A) 

We see several things. Scores tend to fall for larger contracts. Most components are 

consistent over the denary, except the procedure and missing subcontractor components. 

Procedure rapidly loses its contribution when reaching the top 10% of the contracts by size, 

which can be explained as larger contracts often come under much more scrutiny from 

authorities and the media. Missing subcontractor components, on the other hand, significantly 

increase when reaching the top 20-10% range. This could be explained by larger contracts 

having more subcontractors. Thus, more of them might also not be mentioned, whether done by 

mistake or knowingly. 

By comparing Valmiera to Ventspils and Riga, we conclude that the largest 10% of 

contracts decide the change the weighted score will have against the base score. This difference 

is much more prominent in Ventspils and Riga, by around 7 and 5 points, respectively, compared 

to the 3 points in Valmiera. The opposite can be said about Kandava, whose base score increases 
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for the largest 10% of contracts. Although there are significantly fewer contracts in Kandava 

municipality, we suppose that the largest contracts have not been announced or have a closed 

procedure, thus ranking higher in our corruption score. Another thing we notice is that the 

distribution of the contracts by value is very much skewed, with minor differences in contract 

values between the bottom 90% of contracts.  

4.5 Municipal Regression 

We regressed the chosen variables for the municipal regression outlined in section 3.2.4 

onto both the weighted and unweighted municipal risk scores. (Appendix A, Table 25). From the 

output of the regressions, municipalities had a municipal risk score that was lower by 4.37 

compared to 2013-2017, with under 1% statistical significance, keeping everything else constant. 

Additionally, if a municipal government has a seat in the national government, the risk of 

corruption is raised by 0.7, under 10% significance, keeping everything else constant. 

Furthermore, an increase in the average municipal wage by one euro does not yield conclusive 

results, as the sign of the impact changes whether the municipal score is weighted or not. Lastly, 

increasing the distance of the given municipality by 1 kilometre from the capital decreases the 

corruption risk by 0.01, under a 10% significance level, keeping everything else constant. 

Interestingly, this particular result differs from the research conducted by Kopczewska (2013) 

and our hypothesis. 

4.6 Robustness 

To test the robustness of the regression model, we used the rlm() function for the MASS 

package (Venables & Ripley, 2002) and calculated the robust standard errors for each 

regressions. In essence, the test checks the robust standard error of each regressions to check 

which model fits the selected database better. The RSE calculated for the Robust regression is 

lower than the RSE calculated for our regression models. For example, for the Red Flag model, 

the calculated RSE was 0.42 compared to 0.05, leading us to conclude that our selected models 

are robust and better fit the studied database. Additionally, further robustness checks regarding 

the data were not possible due to the studied dataset including the entire population, namely all 

the public tenders in Latvia from 2013 to 2021, so checking robustness by subsetting would not 

yield constructive results. 
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To test the heteroskedasticity of the regression results, we employed the Breush-Pagan 

test. The results of the Breush-Pagan tests revealed that the null hypothesis, of all error term 

variances being 0, had to be rejected. Thus, we see that heteroskedasticity is present in the 

primary regression. However, since we observe the entire population of public tenders in Latvia, 

the issue cannot be fixed, as removing outliers would mean removing large municipal tenders, or 

other important tenders, which would obscure the municipal results even more. 

Further on, we performed the Variance inflation factor test to test the correlation between 

the studied variables. In essence, the VIF test checks the multicollinearity of the chosen 

regression variables or whether the variables in the regression are correlated with each other. The 

results of the VIF tests for the Red Flag regression, as well as the municipal regressions, can be 

seen in table O. From the results, it is visible that none of the variables crosses a value of 10, 

which would indicate that multicollinearity is a severe issue in our regression analyses.  

Subsequently, when tested with the VIF test, the municipal regression variables also did 

not cross the value of 10. Although sometimes a rule of thumb value of 5 is used to test VIF, 

based on the literature review and the economical and logical understanding of variables, we 

believe the variables are different enough to remain in our regression analysis. 

5. Discussion 

5.1. Red Flag Regression 

 Looking at the results gathered from the red flag regression, namely the chosen 

regression model of using single bid as a dependent variable, as seen in Table 7, most results 

make economic sense. Firstly, we can see that all of the red flags used in calculating municipal 

scores (Tender publication, Missing subcontractor, Area match, Description length & Procedure 

type) impact single bid negatively, meaning that they raise the risk of a contract having only one 

bid. When checking the robustness of our main regression, it was concluded that the chosen 

model does fit the data. 

 Nevertheless, we see the potential for creating and testing other red flags. Further effort 

could be put into the nepotism and donation variables, completing the datasets and incorporating 

more rigid controls where possible. Our nepotism database had a small number of observations, 
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whilst donations were clouded by noise, as not all political donations can be attributable to 

corruption risks. 

 We also find the variance between the scores by industries. This can pave new ways of 

checking, for example, cartel likelihood or industry competition. Similar research on corruption 

risk can also be adapted not for municipalities but for industries, which can lead to introducing a 

different set of variables that check variables that may lead to higher-risk industries. 

 The calculated tender-level scores could also be used for case analysis or further 

investigation. Case analysis can be introduced as validation or further analysis. Either way, we 

see the potential for using the scores in academia and corruption prevention and detection. 

5.2. Municipal scores 

 Analysing the findings of the municipal scores, we can turn to tables 7-24 (Appendix A) 

and the created heatmap (Appendix A, figure 1 & 2). Summarising the results, it can be seen that 

the municipalities with the most corruption risk do not follow a geographic trend. This partly 

disproves the correlation of the distance from the capital as an indicator of corruption, which we 

inferred from Kopczewska (2013), whose study did show that distance from the capital had a 

negative impact. 

 We also identify the potential for further analysis by doing interviews. Interviews of 

government and municipal officials and experts could also provide more insights into our 

research's input and output sides. Officials and experts could guide new red flag variable 

introduction and explain the potential ranking and what impacts the score itself. Our created 

score could be the starting point, as we have identified the municipalities with the most and least 

corruption risk, which could be investigated first. 

 While weighing could be considered arbitrary, it might also point to a relative presence of 

small-scale and grand corruption in a municipality. If the results significantly change between 

the base and weighted scores, as they did in several municipalities, we could hypothesise the 

possibility of either small-scale or grand corruption being more present than the other. Although 

it is unclear how this could be researched further, the tenders could be sorted by elected officials 

and municipal worker involvement or by size and complexity. 
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5.3. Municipal regression 

 To summarise the results of the municipal regression, we can see that most of the results 

are not statistically significant, except for financial indicators such as public sector wage and 

distance from the capital and governmental ties. However, public sector wage has an inconsistent 

sign between the two regressions. Governmental ties increase corruption risk, as the municipal 

parties might have more favour in the central government and its institutions, thus decreasing 

supervision. Distance from capital seems to decrease corruption risk, which might be impacted 

by high scores in and around Riga. We can also infer from the results that the corruption risk 

decreases over time. As for the other results of the regression, we cannot conclude or make 

inferences about the results, as the results are not statistically significant. We acknowledge that 

the results of our regression might have been impacted by the fact that many more factors can 

impact corruption on the municipal level than the ones we have chosen in our regression model. 

 Although in our paper we try to introduce variables that could explain our scores on a 

municipal level, we conclude that there is a lack of governance metrics which could be used. We 

know that attempts to create governance proxies like Delna (2021) take significant time and 

effort. Nevertheless, we think municipal governance indicators like Delna’s or, for example, the 

amount and experience of procurement workers in the municipality could meaningfully explain 

corruption risk variance in Latvian municipalities.  

 We also checked whether the political parties in charge of the municipality impacted our 

scores. As the results were not significant, we decided not to include them. Most likely, our 

sample for such analysis is too small. We identify the possibility of sorting the political parties 

by political ideologies, but we also acknowledge that this might introduce researcher bias. 

Alternatively, the political party impact could also be amended to include the number of seats 

each party holds and the impact it has on the municipality decision-making process through the 

coalition or high-ranking municipal workers. However, this would require an extensive data 

collection effort. 

5.4. Limitations 

The first limitation in our work comes from the availability of information. Although the 

OpenTender database has much information about tenders in Latvia from 2013, many variables 



 

 

42 

are absent for most tenders. Furthermore, the OpenTender database proved challenging to 

combine with other datasets due to it not having locally recognised entity registration numbers. 

The usage of the secondary regression, which explains which variables impact the 

municipal score, could be further looked at and developed. Within the time constraints of this 

research, we could not fully find the correct variables of interest to explain the municipal scores. 

The complexity of corruption itself could also explain this, and it is caused not only by the 

variables chosen by us but by a plethora of other factors, which could prove to have a higher 

explanatory power. 

Lastly, it must be noted that it is extremely difficult to assess corruption itself, as it may 

take many forms. This paper introduces several decisions regarding variables that could impact 

the results. As such, it is possible that our model can explain only a part of the corruption 

present. 

6. Conclusion 

This paper contributes to the existing literature surrounding corruption risk measurement 

and is novel in measuring municipal corruption specifically. Even though national-level 

corruption has been researched extensively, municipal-level corruption has been eluded by the 

broader research community. We used the Red Flag method to calculate the municipal scores 

and analysed potential corruption risk drivers at the municipal level. 

Answering our first research question, “Does the public procurement corruption risk 

vary across Latvian municipalities?” we can state that the results do differ for municipalities 

across Latvia, and the risk score can be seen as being entirely dispersed, not following a 

geographical trend. Based on our red flag regression, we have created a ranking of corruption 

risk in Latvian municipalities. Based on the unweighted scores, Riga has the highest corruption 

risk, while the municipality of Līgatne - has the lowest. When weighing the scores, Kandava 

municipality has the highest corruption risk, while Līgatne remains at the bottom of the ranking.  

We could not fully answer the second research question, “What drives corruption risk 

in Latvian municipalities?”. We identify that the distance from the capital slightly decreases 

corruption risk while election-winning political party representation in the central government - 

increases the corruption risk. Despite this, other variables were statistically insignificant or 

inconsistent between regressions on unweighted and weighted scores. Our corruption scores also 
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differ by industry. The highest risk is present in human health and accommodation & food 

industries, while the lowest is in electricity & gas.  

We identify multiple avenues for further research. Researchers looking into municipal 

corruption could employ detailed analysis, analysis by industry, and develop further risk 

variables. We believe that introducing more municipal-level variables has the most potential, as 

confirming and understanding corruption risk drivers would potentially have important 

implications not only for Latvian municipalities but, if replicated correctly, for municipalities of 

other comparable countries. 
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8. Appendices 

Appendix A. Tables and figures 

 

Table 1  

Summary statistics of regression variables. 

 

Note. Created by the authors. 
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Table 2  

Summary statistics of tender database by year. 

 

Note. Created by the authors. 

 

Table 3  

Summary statistics of tender database by industry. 

 

Note. Created by the authors. 
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Table 4 

Summary statistics of municipal variables. 

  

Note. Created by the authors. 

 

Table 5 

Summary of media validation cases. 

 

Note. Created by the authors. 
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Table 6 

Regression output of the initial regression with three dependant variables. 

 

Note. Created by the authors. 
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Table 7 

Municipal scores by year. 

 

Note. Created by the authors. 
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Table 8 

Summary statistics of calculated score components. 

 

Note. Created by the authors. 

 

Table 9 

Municipal scores by year. 

 

Note. Created by the authors. 
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Table 10 

Municipal scores by industry. 

 

Note. Created by the authors. 

 

Table 11 

Corruption risk scores of media cases.

 

Note. Created by the authors. 
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Table 12 

Financial validation of media cases risks. 

 

Note. Created by the authors. 

 

Table 13 

Corruption risk scores of all municipalities. 
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Note. Created by the authors. 

Table 14 

Top 10 municipalities with least corruption risk. 

 

Note. Created by the authors. 

 

Table 15 

Top 10 municipalities with most corruption risk. 

 

Note. Created by the authors. 
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Table 16 

Highest increases of corruption risk due to weighing. 

 

Note. Created by the authors. 

 

Table 17 

Largest decreases of corruption risk due to weighing. 

 

Note. Created by the authors. 
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Table 18 

Municipal corruption risk by historic Latvian regions. 

 

Note. Created by the authors. 

 

Table 19 

Municipal corruption risk by biggest Latvian cities. 

 

Note. Created by the authors. 
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Table 20 

Risk score analysis by division in 10% increments on tender value, Riga. 

 

Note. Created by the authors. 

 

Table 21 

Risk score analysis by division in 10% increments on tender value, Ventspils. 

 

Note. Created by the authors. 
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Table 22 

Risk score analysis by division in 10% increments on tender value, Valmiera. 

 

Note. Created by the authors. 

 

Table 23 

Risk score analysis by division in 10% increments on tender value, Kandava. 

 

Note. Created by the authors. 
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Table 24 

Risk score analysis by division in 10% increments on tender value, Latvia. 

 

Note. Created by the authors. 

 

Table 25 

Results of the municipal regression. 

 

Note. Created by the authors. 
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Figure 1 

Heatmap of Latvian municipalities by risk score. 

 

Note. Ventspils municipality was merged into Ventspils by OpenTender database. Created by the 

authors. 

 

Figure 2 

Heatmap of Latvian municipalities by weighted risk score. 

 

Note. Ventspils municipality was merged into Ventspils by OpenTender database. Created by the 

authors. 



 

 

65 

Appendix B. VIF score results 

Table 26 

VIF scores of main regression variables. 

 

Note. Created by the authors. 

 

Table 27 

VIF scores of main regression variables. 

 

Note. Created by the authors.  
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Memo on AI tool usage 

 

We have not used any AI based tools for content creation in the thesis. 

 


