ISSN 1611-1699/elSSN 2029-4433

2026
Volume 27
(7 v B JOURNAL of BUSINESS e

Vilniu
Techni

B ECONOMICS & MANAGEMENT

https://doi.org/10.3846/jbem.2026.25748

- Pages 285-302

FINDING PREDICTORS OF CORRUPTION FROM EUROPEAN FIRM LEVEL
SURVEY DATA: A RANDOM FOREST APPROACH

Valentina VUCKOVIC 18 Marko DRUZIC 22

Department of Economic Theory Faculty of Economics and Business, University of Zagreb, Zagreb, Croatia

Article History: Abstract. Corruption remains a significant constraint for firms in Europe, despite
=received 21 January 2025 ongoing institutional reforms. The main goal of this paper is to obtain a list
= accepted 13 November 2025 of firm-level variables that can serve as predictors of corruption perception us-

ing a machine learning approach. Drawing on agency and institutional theory,
we analyse firm-level data from European firms from the World Bank Enterprise
Survey (WBES). We employ a Random Forest classifier, which is well-suited for
high-dimensional, categorical survey data, capturing non-linear relationships
and interactions often missed by traditional models. The model achieves strong
predictive performance (ROC AUC = 0.755; Accuracy = 79%). Results show that
the most important prediction factors of corruption perception include firm age,
size, ownership concentration, legal form, external financial audits, bribery ex-
periences, sector, country group (EU vs. WB), innovation activity, and informal
sector competition. The findings support the design of risk-based audits and
encourage reforms to reduce informality through streamlined registration pro-
cesses. The study contributes methodologically by applying machine learning
to the field of political economy and expands theoretical insights into firm-level
institutional barriers. It is one of the first research to apply Random Forest to
firm-level corruption perception in both EU and Western Balkans.

Keywords: corruption, Europe, institutions, firms, machine learning, Random Forest.

JEL Classification: 017, 052, D73, C5.

=Corresponding author. E-mail: vvuckovic@net.efzg.hr

1. Introduction

Despite ongoing policy efforts, corruption remains a significant barrier to economic and
institutional development across Europe. Although the European Union (EU) is regarded as
one of the least corrupt regions globally, there is significant variation among its individual
member states, as well as among candidate countries, particularly those from the Western
Balkans (WB). In the EU, issues with corruption control emerged after the fall of the Sant-
er Commission, triggered by corruption allegations, as well as with the accession of new
member states (NMS) that underwent incomplete transitions and faced economic challenges
(Mungiu-Pippidi, 2013). The latter is why we also included WB in the analysis, as they are
in the process of joining the EU and cooperate with the EU through various policies and
initiatives, which can influence regulatory, economic, and anti-corruption reforms, making
them relevant for analysis. The 2008 economic crisis worsened the situation, with research
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confirming a direct link between the crisis and an increased perception of corruption within
the EU due to weakened governance structures and the increased strain on public resources
(Gugiu & Gugiu, 2016; Dimant & Tosato, 2018; Cieslik & Goczek, 2018).

According to the latest data, the estimated cost of corruption in the EU ranges between
179 and 990 billion EUR annually, accounting for up to 6% of its GDP (European Commission
[EC], 2024). Also, 35% of EU businesses consider corruption as a problem in doing business,
and even a larger share of them, i.e. 59%, agree that bribery and the use of connections is
often the easiest way to obtain certain public services (according to 2023 Eurobarometer sur-
vey: Business’ attitudes towards corruption (EC, 2023)). Moreover, corruption diminishes the
quality of public services and diverts public resources away from critical projects (see various
Transparency International reports). As a result, it remains a persistent issue in public procure-
ment and the allocation of EU funds, further weakening governance quality (David-Barrett &
Fazekas, 2020; Dimant & Tosato, 2018). Although it can be concluded that corruption greatly
impacts various aspects of life, there is still a research gap from the perspective of exploring
factors that could predict it. This paper addresses this gap by identifying the key firm-level
predictors of corruption perception using machine learning (ML) techniques on a large-scale
survey data.

Our main research question (RQ) is: Which individual firms’ characteristics and groups of
similar characteristics are most predictive of corruption in European businesses? We approach
this question by applying Random Forest (RF) models to the World Bank Enterprise Survey
(WBES) data for both EU members and WB countries. Such analysis enables us to identify
patterns of corruption across firms that vary by size, sector, ownership, financing, and other
characteristics. However, the main limitation of the RF model is that it identifies associations
but does not establish causal relationships between firm characteristics and corruption ex-
posure. While RF models do not provide conventional measures of statistical significance
typically found in causal econometric approaches, they offer important complementary val-
ue by uncovering complex, non-linear relationships and interactions among predictors. As
such, they enhance the empirical approach by identifying key variables that can inform the
development of theoretically grounded hypotheses for further econometric causal analysis.
Finally, including WB countries is particularly relevant, given their EU accession trajectories
and engagement in governance and anti-corruption reforms, making them a significant group
alongside EU members.

The contribution of the paper is threefold. First, we apply RF models, which are well-suit-
ed for analysing survey data because they can handle complex, nonlinear relationships and
interactions between variables without requiring strict assumptions that standard econometric
models often rely on. RF also works well with categorical and missing data, and is robust
enough to overfit due to its ensemble nature. On the other hand, compared to other ML
techniques, RF has the advantage of requiring less tuning and is interpretable through feature
importance scores. These make RF an ideal choice for uncovering patterns in diverse and
noisy survey data. Second, the paper contributes to the three strands of literature, including
research on corruption and governance, business environment and institutions, on firm-level
and the application of ML in political economy. The obtained results contribute to discussions
on anti-corruption and governance reforms. Finally, this is one of the first studies to apply
Random Forest to firm-level corruption perception in both the EU and the WBs.

The paper is organised as follows. After the introduction, Section 2 reviews literature on
corruption and the use of ML in this domain. Section 3 presents methodology and data, while
Section 4 brings the discussion of results. Finally, Section 5 concludes.
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2. Theoretical background

2.1. Theoretical perspectives and empirical research on the causes and effects
of corruption

Although being analysed across different disciplines (economics, political science, sociology),
one of the most widely recognised definitions is the one from the World Bank, according
to which corruption is the misuse of public office for private gain (World Bank, 1997). Next,
the OECD expands this definition by explaining corruption as the abuse of both public and
private positions for personal gain (Organisation for Economic Co-operation and Develop-
ment [OECD], 2008), which is particularly relevant in cases where private firms also engage in
corrupt practices, such as offering bribes to secure contracts or bypass regulations.

The research in this paper is grounded in institutional theory (North, 1990) and in agency
theory and principal-agent model, in which corruption emerges due to the asymmetric in-
formation and weak accountability between agents (public officials) and citizens (principals)
(see Klitgaard, 1988; Tanzi, 1998; Rose-Ackerman, 2017). While agency theory explains how
corruption happens at the firm level, institutional theory offers the broader structural context.
It shows how formal and informal rules can enable or restrict the individual and collective
behaviours. The analysis of corruption in European firms through the lens of these theories
could reveal interesting findings, as corruption is embedded in organisational structures,
incentive systems, and broader institutional environments. However, the models often fail to
explain systemic forms of corruption such as state capture and business capture. Precisely,
when examining corruption within the business sector, Bartlett (2023) describes two phe-
nomena. First, state capture, where connections exist between political and business elites
that may resort to bribery and corruption to sway public policy in their favour. The second
phenomenon is business capture, in which the state exerts control over the business sector
through regulation (Bartlett, 2023). These are particularly relevant for post-transition countries
of Central and Eastern Europe (CEE) and WB, where incomplete reforms have resulted in a
hybrid system of formal institutions and informal influence (Grzymala-Busse, 2007; Mun-
giu-Pippidi, 2013).

Nonetheless, regardless of its level, there is a prevailing consensus in the literature that
the impact of corruption is detrimental, affecting individuals, businesses, and society as a
whole (see, e.g. Enste & Heldman, 2018; Lambsdorff, 2006; Burke & Cooper, 2009; Graeff
& Svendse, 2013; Tanzi, 1998; Rose-Ackerman, 2017). Specifically, corruption exerts adverse
effects through various channels. Some of these include undermining public trust and dem-
ocratic institutions (Transparency International, 2021); distorting resource allocation and slow-
ing economic growth (D'Agostino et al., 2016; Huang, 2016; Glaeser & Saks, 2006); increasing
income inequality or reducing access to public services (Glaeser et al., 2004; Uslaner, 2017;
Gupta et al,, 2002; Egger & Winner, 2005; Khan, 2022); hindering financial results of firms
(Fisman et al., 2024; Audretsch et al., 2022; Shleifer & Vishny, 1993; Djankov et al., 2002;
Campos et al.,, 2010; Belitski et al.,, 2021).

The other stream of growing literature, which is at the centre of our analysis, focuses on
various causes and determinants of corruption. These are typically attributed to increased
competition and a weak institutional framework where the dynamics of economic and po-
litical competition creates incentives and opportunities for corruption, while weak account-
ability structures within institutions increases its probability (Warner, 2011). Various analyses
demonstrate the importance of firm-level characteristics in explaining corruption, as they can
act as conduits, amplifiers, or inhibitors of corrupt behaviour. Although the results on this are
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somewhat mixed, they mainly focus on firm size, ownership structure, sector, innovation
activities etc. (e.g. Goel et al., 2021; Nguyen, 2020; Svensson, 2003; Jaggi et al., 2021; Cieslik
& Goczek, 2022). At the business level, the diversion of public spending due to corruption
can indirectly affect entrepreneurs by increasing costs within the broader economic context
in which they operate. Additionally, entrepreneurs who cannot afford to pay bribes to ob-
tain permits may choose to remain in the informal sector due to corruption, which, in turn,
increases the shadow economy, recognised as another a driver of corruption (Audretsch
et al,, 2022). Corruption typically hinders firms from securing financing, which in turn further
restricts their access to funds and increases the likelihood of informal payments. Garcia-
Gbémez et al. (2025) demonstrate that firms encounter fewer obstacles as countries enhance
their transparency and institutional quality. Although research on the causes of corruption is
expanding, there remains a limited understanding of the relation between firm-level charac-
teristics and corruption. Also, most analyses depend on national data or linear models. This
paper aims to fill that gap by employing RF technique to estimate predictors of corruption
perception among EU and WB firms, providing a fresh analytical and regional perspective.

2.2. Potential of machine learning techniques in assessing corruption at the
business level

Machine learning (ML) is becoming an increasingly popular tool for detecting and predict-
ing corruption, offering a range of models that can process large datasets and identify pat-
terns of fraudulent behaviour (see, e.g., Lima & Delen, 2020; Poltoratskaia & Fazekas, 2024;
Fazekas et al., 2022; Kdbis et al., 2022; Doria et al., 2022; Colonnelli et al., 2022). ML models
can predict corruption in the private and public sectors by analysing firm-level data and
sectoral characteristics. For instance, firms that frequently engage in public procurement
or have close ties with government officials are at a higher risk of public sector corruption
(Saha & Gounder, 2013). The models can effectively identify collusive interactions between
private companies and public authorities, as well as other corruption indicators. Precisely, in
large firms, where corrupt activities often involve bribe payments to government officials at
irregular intervals and uncovering evidence of corruption can be challenging, incorporating
ML into anti-corruption efforts shows great promise (Rusch, 2021).

There is already research that uses ML in this area, especially concerning public pro-
curement corruption and municipality-level corruption. For example, using data from Brazil,
Colonnelli et al. (2022) demonstrate that various ML models achieve strong performance
in predicting corruption at the municipal level concerning public spending. They identify
private sector activity, financial development, and human capital as the most significant
predictors of corruption, while factors related to the public sector and politics are second-
ary. Next, Decarolis and Giorgiantonio (2022) examine the relationship between various
public procurement characteristics and corruption risks in Italian municipalities. The authors
evaluate the predictive power of different indicators through LASSO, Ridge regression, ran-
dom forest, and OLS methods. They emphasise that competition among private companies
plays a key role in lowering corruption risk, and that the ability to easily access information
on tenders and submit bids systematically relates to corruption. On the other hand, they
point out that warning signs often do not relate to corruption or might even indicate the
opposite. For instance, this includes situations where special procedures are started due to
“urgency” or the degree of visibility surrounding tender announcements (Decarolis & Gior-
giantonio, 2022). Further, Lima and Delen (2020) analyse corruption using contemporary ML
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techniques to discover the most important corruption perception predictors and find that
the random forest is the most accurate prediction model. Their results show that the most
influential variables in defining the corruption level include government integrity, property
rights, judicial effectiveness, and education index.

An ML analysis can help policymakers and economists identify key firm-level and re-
gional factors that explain corruption risks. The WBES database, for example, offers rich,
firm-specific data, which, when combined with ML techniques, could identify patterns that
may not be obvious through traditional statistical methods. WBES asks a large, represent-
ative sample of firms about their experiences of corruption or about their perceptions of
corruption (Fazekas & Ferrali, 2023). The results obtained from such analyses can help in
developing anti-corruption measures by highlighting the areas where firms are more ex-
posed to corrupt practices. Furthermore, the analysis can contribute to predicting future
corruption trends, which would support more effective resource allocation and enforcement
strategies. By analysing firm characteristics, ML can uncover corruption depending on their
interactions with public institutions and market competitors. This interaction between public
and private sector corruption is essential for designing effective anti-corruption strategies
as public sector corruption tends to erode trust in government and weaken institutional
integrity, whereas private sector corruption may distort market competition and deter in-
vestment (Saha & Gounder, 2013; Lambsdorff, 2007).

3. Description of methodology

3.1. Dependent and independent variables

Since corruption is inherently difficult to measure, various indirect methods are used in
practice. In this paper, we focus on the micro and firm levels and use the latest World
Bank Enterprise Survey (WBES) data for European countries (EU member states and WB
countries that aspire to become EU members). The WBES asks firms questions concerning
corruption from different angles. First is the firms’ participation rates in public procurement,
which is estimated using the WBES data, where firms are asked whether they have secured
or attempted to secure a government contract in the 12 months prior to the interview.
According to the EC (2024), public procurement is among the activities most susceptible
to corruption within government operations. This is primarily due to several factors, includ-
ing the large volume and numerous transactions involving public funds, the intricate and
opaque nature of the procurement process, the close relationships between public officials
and businesses bidding for contracts, and the various stakeholders involved in the process
(EC, 2024). Second, firms are also asked the question on the amount of bribes that firms
like themselves pay to public officials to “get things done”, which is a proxy of the self-re-
ported incidence rate of bribery in public procurement (World Bank, 2023). Third, the WBES
provides data on petty corruption, which refers to the corrupt practices that businesses
encounter when seeking public services, licenses, and permits, including electricity and
water connections, construction permits, import licenses, operating licenses, and interacting
with tax officials through inspections or meetings. The measure of corruption in this case
is captured by an incidence of petty corruption, represented as a binary variable, which is
marked as 1 if a firm has faced a bribe payment or request related to any of the six trans-
actions mentioned above (Amin & Soh, 2019).

Finally, there is also a question on the degree to which corruption is an obstacle to the
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current operations of the firms (j30f. To what degree are each of the following an obstacle
to the current operations of this establishment? — Corruption). We opt for this aspect for
our corruption measure, since the degree to which corruption is perceived as an obstacle
to business can be beneficial for several reasons. First, it captures a broader view of how
corruption affects businesses beyond specific cases of bribe payments to public officials
to get things done (e.g. factors related to direct and indirect forms of corruption, such
as regulatory delays and favouritism). In this way, we take into consideration what was
regarded as the largest limitation of this dataset, and that is the criticism that information
on bribes is incomplete due to measuring only interaction between firms and public offi-
cials (Gray et al.,, 2004). Fazekas and Ferrali (2023) also note that measures of perceptions
of corruption are typically fine-grained. Additionally, by using the obstacle measure, one
can gain a better understanding of how corruption affects firms of varying characteristics
across sectors, which may not be fully captured by examining bribe payments alone. This
aligns with a view on institutional and governance quality in different regions or indus-
tries, as the dimensions of corruption that present the largest obstacles to doing business
are likely to vary across countries and firms within countries (Knack, 2006). Finally, firms
may misreport bribes due to the sensitive nature of admitting such practices, and using
a perception-based question could reduce social desirability bias (see, e.g. Jensen et al.,
2010 for a detailed discussion). The question on paid bribes is included as an independent
variable, as it is only one of the factors contributing to the perception of corruption as
an obstacle to doing business. Table 1 presents the list and descriptions of all variables
used in the analysis.

Table 1. List of variables (source: own compilation based on World Bank, n.d.)

Variable . " .
code Variable description Variable type

al Country Categorical

b1 The firm’s current legal status Categorical

balkans Thg firm is from the country in the WB Categorical
region

b3 Percentage of the f|rmbs largest owner Numerical
(ownership concentration proxy)

b4 Female owners Categorical

b5 Firms age Numerical
The firm has an internationally Categorical (1 if firm has an internationally

b8 . . e ) . P .
recognised quality certification recognized quality certification, O otherwise)

The firm uses technology licensed from
e6 a foreign-owned company, excluding
office software?

Categorical (1 if firm use technology licensed
from a foreign-owned company, 0 otherwise)

The firm competes against unregistered Categorical (1 if firm compete against

ell - ; unregistered or informal establishments, 0

or informal establishments .

otherwise)
) . Categorical (1 if firm introduced new or

The firm has introduced new or -ateg ( .
recent_ . S improved products or services and
. . improved products or services in the . .
innovation /or introduced any new or improved process,

last three years

0 otherwise)
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End of Table 1

Variable - _ .
code Variable description Variable type
The firm had FO pay for security, for Categorical (1 if firm pays for security, 0
. example, equipment, personnel, or .
i . . X X . otherwise)
professional security services, including
internet security
The firm had its annual financial Categorical (1 if firm had external audit, 0
k21 statements checked and certified by an | otherwise)
external auditor
3 The firm was visited or inspected by tax | Categorical (1 if firm was inspected, 0
) officials or required to meet with them | otherwise)
6a The firm has secured or attempted to | Categorical (1 if firm secured or attempted to
) secure a government contract secure a government contract, O otherwise)
Permanent, full-time workers at the end .
I ) Numerical
of last fiscal year
ada Firm sector Categorical

3.2. Methodological approach

While grounded in institutional and agency theory, our research differs methodologically by
using a data-driven RF approach to uncover empirical patterns in firm-level behaviour. The RF
algorithm, first proposed by Breiman (2001), has several advantages over more standard econo-
metric tools (such as logit and other parametric methods). Chief among these is the ability to
capture complex non-linear relationships between variables without imposing a specific func-
tional form (Breiman, 2001). RF is also highly resistant to undue outlier influencing its predic-
tions and results, making it a good choice for potentially noisy polling data. RF also has several
advantages in the context of polling data compared to other machine learning techniques, such
as SVM (support vector machines) and neural networks. Namely, RF handles missing and incom-
plete data better and can handle categorical variables without the need for one-hot encoding
and similar pre-processing techniques. Additionally, due to its ensemble nature, it has a lower
risk of overfitting than SVM or neural networks, as well as being more interpretable than both of
them due to the existence of built-in feature importance metrics. These, among other benefits
of RF are well documented in the economics and social sciences literature (e.g. Mullainathan &
Spiess, 2017; Varian, 2014; Lima & Delen, 2020). Specifically, Lima and Delen (2020) find that the
RF as an ensemble-type ML algorithm is the most accurate prediction classification model on
their selected dataset, with SVM and neural network coming in second. Possible disadvantages
of RF are potential interpretability issues, i.e. it is usually more difficult to find or determine
causal connections than with logistic regression. Another common disadvantage is high com-
puting cost compared with logistic regression and SVM, which, in our case, does not present a
problem since our data can be analysed by a single machine without issues.

More technically, RF is a type of decision tree classifier that collects many “weak” learners
(decision trees) into an ensemble that outperforms its precision constituents. For classification
tasks, a decision tree recursively subsets an independent variable into disjoint regions, making
predictions for each region based on the majority class. This forms a tree-like structure that,
at each node, makes a split in the data based on an independent variable characteristic. A
generic representation is given in Figure 1.
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| DepVar = x | | DepVar = w|

Figure 1. Generic representation of RF decision tree classifier (source: Murray & Scime, 2010)

Mathematically, for each node a split is chosen by selecting an independent variable
Xj from the independent variable set {X1,X2,...,Xd} and a threshold for that variable tj.
At each split, the algorithm chooses a variable Xj and a threshold tj that minimises Gini

impurity, defined as: c
G(p)=3 p(1-p).

where p; is the proportion of classes i in the subset, and C is the number of classes. The
innovation of the RF classifier is that at each node it does not use all of d available features,
but instead chooses a random subset k (usually defined as k = \/E) in order to reduce cor-
relation between decision trees to improve prediction accuracy. Each decision tree T, then
outputs a class prediction y, (X) where X is the input vector. The final RF prediction is then
given as a majority vote from all decision trees B:

Ye(X)= Z;argarg maxc1{j/b(X) = c} ,

where 1 is the indicator function and c is the class label.

All data analysis was done in the R programming language, using the tidyverse and ti-
dymodels families of packages, specifically implementing the Random Forest algorithm with
the ranger package. This choice dictates some feature/variable engineering for the data to
be usable. The raw data are coded as numbers, which R classifies as “numeric.” However, the
survey consisted mainly of categorical (multiple-choice) questions. All such variables were
reclassified as “factors.” If the respondent did not know or refused to answer, this was coded
as a negative number, even for numerical values, creating variables that were both numeric
and categorical. Our first step was therefore to turn all negative values into NA (Not Avail-
able). The question about the year of firm establishment was transformed into “firm age,”
representing the number of years a firm had been active. Several multiple-choice categorical
variables were recoded into dummy variables, including the dependent corruption perception
variable (1 if respondents perceive corruption in doing business, 0 otherwise), as well as legal
status, sales_local, recent innovation, bribes, and Balkans. Finally, we omitted NA values from
variables b1, b8, €6, e11, i1, k21, j3, and ada (each with 1% missing) and applied k-nearest
neighbours (kNN) imputation to the rest.

We ended up with 16081 observations of our variables. As a first step, observations
were divided into a train (consisting of 12060 observations) and test (4021 observations) set.
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Additionally, a process of cross-validation was used on the train set. Cross-validation is an
ML technique to assess a model's performance and generalizability. It involves dividing the
dataset into multiple subsets, or folds and then training the model on some of these subsets
while testing it on the remaining ones. The most widely used k-fold cross-validation is where
the dataset is split into k equally sized folds. The model is trained on k-1 folds and tested on
the remaining folds. This process is repeated k times, with each fold used as the test set once.
The performance metrics from all k iterations are then averaged to provide a more reliable
estimate of how well the model will perform on unseen data. This helps to prevent issues like
overfitting and ensures that the model is evaluated on different subsets of the data, leading
to a more robust assessment.

We used a more advanced version of cross-validation, which resamples the data in fold
creation, making each fold the size of the original train set and stratifying to keep the same
ratio of positive to negative cases of the dependent variable as in the original data. Ad-
ditionally, hyperparameter tuning is done concurrently, requiring each fold to be further
divided into a train and test set. Considering these additional modifications, we can define
our approach as stratified nested k-fold cross-validation. This is implemented by the vfold_cv
function with default settings in the rsample package. We opted for 10 folds, each consisting
of approximately 12050 observations in the fold train set, and 1340 in the fold test set.

3.3. Performance metrics

Our task was to predict whether a firm perceives the environment it operates in as corrupt
(positive result), or not corrupt (negative result). There are four possible outcomes: we predict
a positive result when in reality it is positive (this is called a true positive or TP), we predict a
positive result when in reality it is negative (a false positive of FP), we predict a negative result
when it is actually negative (a true negative or TN), or we predict a negative result when in
reality it is positive (a false negative, or FN).

These results are often summarised by a confusion matrix, which gives a summarised
view of the number of occurrences of the four possible results of a classification problem. A
generalised version of a confusion matrix is given in Table 2.

Table 2. Generalised version of a confusion matrix (source: own compilation)

Reality/Prediction Predict Positive Predict Negative
Positive TP FN
Negative FP TN

The confusion matrix is the core from which other standard performance metrics are
drawn, such as accuracy, which gives the total number of correct predictions defined as:

TP+TN

S L ) — 1
TP+TN +FN +FP M

accuracy =
True positive rate (TPR), also known as Recall or Sensitivity, which gives the proportion of
correctly predicted positive cases out of all positive cases:
TP

TPR=—— . @)
TP +FN
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Precision, which gives the ratio of the correct positive predictions out of all positive pre-
dictions, defined as:

3)

precision =

TP+FP’

True negative rate (TNR, also known as specificity), which gives the ratio of correctly pre-
dicted negatives out of all actual negatives, defined as:

N

TNR =— .
TN+ FP

4

These standard metrics, when taken separately, can be misleading (for example, for rare
events, you can have a very high accuracy simply by always predicting the negative result, but
you would correspondingly have a very low TPR, etc.), but are often difficult to interpret when
evaluated as a group. As a result, popular alternatives attempt to translate all the information
a confusion matrix gives into a single “"goodness of fit” number. One such combined metric
is the F1 score, which gives the harmonic mean between precision and TPR:

oy precisionxTPR

F1 — .
precision+TPR

()

An additional problem in classification tasks is that the output of a classification algorithm
is a probability of an event being positive or negative, which implies there must be a cutoff
point (for instance, 50%) above which the event is classified as positive. However, different
tasks require different cutoff points, resulting in vastly different confusion matrices and, con-
sequently, different performance metrics. A very popular metric that takes this problem into
account is ROC (Reciever Operating Characteristic) AUC (Area Under the Curve). The ROC
plots the TPR vs the FPR, each point representing the model’s ability to discriminate between
positive and negative cases with a specific threshold. The AUC of the ROC then gives a single
number of how well the model does, considering all possible thresholds. Mathematically it is
simply an integral of TPR as a function of FPR:

rTPR(FPR)dFPR. ©6)
0

It is a very widely used metric in classification tasks due to its all-encompassing character
and will be our default metric for choosing between models based on different hyperparam-
eter settings.

There are several ways to measure variable importance in an RF setting. We opt for the
classic gini impurity metric, a standard choice in classification tasks. Gini impurity is defined as:

k
Gini impurity:1—zi71p£2, @

where k is the number of classes (in our case we are dealing with a binary classification task
so k = 2), p; is the proportion of class i in the node. Gini impurity takes on a value of 0 if
there is a perfect split (i.e. a certain split is able to completely distinguish between positive
and negative cases of the dependent variable), and conversely takes on a value of 0.5 when
there is perfect uniformity in the post-split distribution of the dependent variable classes (i.e.
maximum impurity). In effect, this measures how much a variable contributed to a model
ability to distinguish between positive and negative cases in each split, and can therefore
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be used to ascertain variable importance in a model. Since an RF is composed of hundreds/
thousands of individual decision trees, each of which is composed of dozens of splits, a Gini
impurity-based variable importance measure will usually add up all of the reductions in Gini
impurity in each node and each tree for every independent variable in the model. This results
in an importance ranking of every variable by total impurity reduction, which is a number
that has meaning only relative to other variables, i.e., to obtain a ranking, its absolute value
is of little consequence.

One of the advantages of RF, as opposed to more state-of-the-art models like xgboost,
is that RF gives good values with default settings of hyperparameters; in other words, not
much tuning and computation time is required. While there are many hyperparameters to
choose from in RF, there are three main ones. These are the: mtry (number of random in-
dependent variables sampled at each node); ntrees (total number of trees created); min_n
(minimum number of data points in a node to allow further splits). We take the default total
number of trees (1000) as given and we are left with two hyperparameters for tuning: mtry
and min_n. We opt for a grid depth of 11, which gives 11 different combinations of the two
hyperparameters tested on our 10 folds. We plot our results in Figure 2. We focus on the
roc_auc metric as our main criteria when evaluating hyperparameter performance as well as
overall model performance. We can see that overall, a smaller number of randomly selected
predictors (mtry) gives better results, while the model seems to do well with a wide range of
minimal node sizes (min_n). We can observe (Figure 2) that after extensive cross-validation,
the model predicts an accuracy of 0.79 (79%) and a ROC AUC of 0.755, with the selected
hyperparameters of mtry = 3, and min_n = 9. We take this specification to finalise the model.
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0790 . .

0.785 — —
0.780
0775 . —*
07701

Minimal Node Size
. 1

foeinaae

0.1600
0.1575
0.1550
0.1525

SSE[37U811q

0740
0735
0.730 . —

0.725
0720
0715

T
i
5 10 15 10 20 30

Figure 2. Accuracy and ROC AUC (source: own calculation)

4. Results and discussion

After selecting the best-performing hyperparameters, we used them again on the entire orig-
inal train set to finalise our model. Then, we see how well our model performs on the original
test set, i.e., unknown data. The results are very close to cross-validation expectations. The
testing of our finalised model on the test set gives a ROC AUC of 0.755 and an accuracy of
0.79. Our final results are almost an exact match to our cross-validation expectations, which
suggests that the model is well-calibrated and the risk of overfitting or underfitting is minimal.

We can also obtain variable importance metrics with the vip function from the vip pack-
age. Of the several ways to measure variable importance, we opt for a gini impurity-based
technique, explained in Section 3. Our results are shown in Figure 3.
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Figure 3. Obtained results on variable importance (source: own calculation)

The RF model output provides rankings of firm-level features by their importance in
predicting corruption outcomes. While the model does not provide causal inference, it iden-
tifies the characteristics that most consistently differentiate firms experiencing corruption in
terms of the previously defined corruption variable. Precisely, we obtained that the variables,
i.e. factors that are best predictors for corruption are the following (in order of importance):
firm age (b5), firm size ({7), percentage of firm owned by the largest owner (i.e. ownership
concentration, b3), legal status of the firm (b7); financial statements checked and certified
by external auditors (k27); experience with bribe requests in any of the dimensions of doing
business (bribes); sector in which firm operates (a4a); countries non-members of EU (Balkans);
innovation activities (recent_innovation); and pressures from informal sector competition (e77).
These factors can be grouped into several categories. The first group is directly related to
firm characteristics; the second is related to various processes (financial or regulatory) to
which the firm is exposed; and the third is related to market competition stemming from the
informal sector. Table 3 presents how results align with agency theory and institutional theory,
and how they contribute to the existing research capturing the causality (through e.g. OLS,
Instrumental variables, logistic regressions).

Table 3. Relevance of variables from the agency and institutional theory setting (source: own
compilation)

Agency theory

Description

Previous research

Ownership concentration
(b3)

A higher concentration may reduce
corruption risk through tighter control, or
increase it through monopolised decision-
making.

Colonnelli and Prem
(2022), Nguyen (2020)

External audit (k27)

External monitoring reduces information
asymmetry and can act as a disciplining
device.

Farooq and Shehata
(2018), Cieslik and Goczek
(2022)

Bribes (bribes)

Indicates agent-level behaviour under weak
oversight and reflects direct corruption
experience.

Gray et al. (2004),
Fazekas and Ferrali (2023)

Innovation (recent_
innovation)

It can reflect an internal strategy that
increases interaction with regulators, raising
agency risk if institutions are weak.

Belitski et al. (2021),
Riaz et al. (2018)
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Agency theory

Description

Previous research

Legal status (b7)

Affects transparency, liability, and internal
control structures, which are central to
principal-agent dynamics.

Djankov et al. (2002),
Audretsch et al. (2022)

Institutional theory

Firm age (b5)

Older firms may navigate institutional
inefficiencies better or become embedded in
informal arrangements.

Colonnelli et al. (2022),
Campos et al. (2010)

Firm size ({7)

Larger firms face more regulatory interaction.

Fisman et al. (2024),
Djankov et al. (2002)

Country (balkans)

Captures institutional maturity and anti-
corruption enforcement differences.

Mungiu-Pippidi (2013),
David-Barrett and Fazekas
(2020)

Informal competition
(e17)

Reflects institutional failure to enforce market
rules.

Audretsch et al. (2022),
Dimant and Tosato (2018)

Sector (a4a)

Sectors vary in institutional exposure (e.g.,
construction and manufacturong) and
corruption risk.

Decarolis and
Giorgiantonio (2022),
Fazekas et al. (2022)

Our findings complement the existing research on the significance and causality of vari-
ous factors at the firm level for corruption that can be found in the literature and presented
in Table 3. For example, Cieslik and Goczek (2022) demonstrate that the level of corruption
is correlated with the time spent on regulations and inspections. They suggest that firms
investing more time in administrative tasks tend to perceive higher corruption levels and are
compelled to pay larger bribes. Additionally, while some initial studies suggested that larger
firms were less likely to pay bribes or pay lower amounts, analyses that account for reverse
causality by employing instrumental variables reveal a non-linear relationship, indicating that
increased firm size actually leads to greater corruption and bureaucratic burdens (Nguyen,
2020). Moreover, robust controls and transparent reporting directly address the information
asymmetry central to principal-agent theory. Farooq and Shehata (2018) demonstrate that
firms with robust external auditing practices are significantly less likely to engage in corrup-
tion, underscoring the importance of effective oversight. In addition, the findings confirm
the role of the informal sector (Jackson, 2023) and innovation activities (Riaz et al., 2018) as
potential factors influencing corruption. Additionally, our findings highlight the importance
of the balkans variable, as these countries are progressing towards EU membership.

In combination with previous research, our findings can inform policy in several ways,
which can help to promote broader institutional reforms. First, they point to the need for
institutional reforms to strengthen oversight in specific firm segments (e.g., medium-sized
firms in vulnerable sectors) and ensure that audit systems and ownership structures promote
transparency rather than enable discretion. Digitised reporting systems and blockchain tech-
nologies can lower the risk of corruption among high-risk firms by boosting transparency
and reducing discretion. For instance, tax authorities and licensing bodies could introduce
e-filing platforms with built-in flags for firms flagged by predictive models. Blockchain can
also improve integrity in high-risk processes like procurement or financial disclosures by re-
cording transactions and compliance data in tamper-proof ledgers, ensuring accountability
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and traceability. Adam and Fazekas (2021) provide a detailed overview of different types of
ICT-based anti-corruption interventions. Next, to address informal competition, governments
must simplify registration processes and offer incentives for formalisation. Finally, obtained
insights could also support EU accession evaluations by identifying structural corruption risks
in candidate countries’ business environments, particularly when aligned with other govern-
ance indicators.

5. Conclusions

The main goal of this paper was to assess the prediction capability of the various indicators
at the firm level through the application of the random forest ML approach. Based on the
analysis performed on a sample of firms from EU members and WB countries, and the results
obtained, we classified the indicators by their relevance into several categories. The first group
refers directly to the firm’s characteristics, the second to different processes (financial or
regulatory) to which the company is exposed, and the third to market competition from the
informal sector. The results provide a contribution to understanding the key factors related
to corruption in business and can help policymakers, regulatory bodies, and firms better un-
derstand and lessen corruption risks. In addition, the findings confirm the role of the informal
sector and innovation activities as significant factors of corruption. Additionally, our findings
highlight the importance of the balkans variable, as these countries are progressing towards
EU membership. From an institutional perspective, firms in WB countries face higher predict-
ed corruption risks, reaffirming that weak formal institutions and enforcement capacity are
critical drivers of corruption. The EU must thus prioritise reforms addressing corruption, par-
ticularly given that past enlargement rounds, which included countries with high corruption
and incomplete transitions, have resulted in increased corruption levels within the EU itself.

The findings confirm the main expectations from both agency theory and the institu-
tional perspective. First, from the principal-agent model perspective, corruption arises from
misalignment of incentives between principals, in our case, regulatory bodies, in terms of
auditors, whose presence can reduce information asymmetries, but on the other hand also
increase the possibilities for paying bribes. Next, the role of ownership concentration is rele-
vant from both the principal-agent problem within (owners-managers) and outside of firms
(owners-politicians). Also, the firm’s size and age are relevant, as larger and older firms have
more frequent interactions with agents and could have more resources to engage in or resist
corruption (depending on institutional constraints). Thus, the results also confirm institutional
theory expectations through variables related to WB countries, sectors, informal competition
and innovation activities. They imply that corruption could be predicted by the variables
that indirectly capture the quality of institutions. These are all insights useful for risk-based
supervision.

However, the research has some limitations, primarily related to the data and measure-
ment aspects of corruption. First, although the use of WBES data for corruption research is
well-established, this study is one of the first to apply Random Forest to firm-level corruption
perceptions in both the EU and the WB. Also, an important issue with survey-based corrup-
tion measures is whether respondents answer such potentially sensitive questions honestly.
This is especially important for experiences with corruption, as misreported or underreport-
ed experiences pose the most significant threat to measuring corruption. However, the in-
sights into existing literature showed that such reporting bias is negligible. Next, the feature
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importance metric of an RF model orders variables based on their influence on the model's
accuracy, but it does not provide direct evidence of causality. For example, some usual sus-
pects of corruption, such as securing government contracts, did not emerge among the top
predictors in our random forest model. While this may seem counterintuitive to corruption
literature, it likely reflects data-specific factors such as limited variation or lower predictive
relevance in this context. Nonetheless, this empirical exercise does give a good starting point
for further investigations into concrete causal links between factors and outcomes.

Future research could expand the analysis by including more determinants of corruption,
especially cultural and social factors that influence firm behaviour. Additionally, refining cor-
ruption variables to focus on areas like public procurement would allow for more targeted
insights into how corruption distorts competition among firms dependent on government
contracts. It would also be valuable to examine the long-term impact of corruption on firm
sustainability, innovation capacity, and competitiveness, thereby linking integrity risks to
broader economic outcomes. These would enable the design of more detailed models and
offer a stronger empirical foundation for developing policies, targeted audits, and institutional
reforms. Finally, the application of additional ML methods for the analysis of individual factors
could provide a more comprehensive insight into corrupt practices at the level of firms, and
enhance the explanatory power of models and capture complex, non-linear relationships
between firm characteristics and corruption exposure.
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