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Abstract This work proposes a multidimensional framework that is based on a latent
class model to identify various types of corruption and to outline their importance. A
dataset of Eastern European and Central Asian countries is used to identify four groups of
corrupt activities, which go beyond the usual classification of corruption into administra-
tive and political corruption. Our estimates are validated by means of a direct adminis-
trative corruption index that is derived from the same dataset and also by a comparison
with the corruption perception rankings that are published by Transparency International.
The potential of the proposed approach is illustrated with an application to the relationship
between firms’ competitiveness and the latent classes of corruption that we have identified.
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1 Introduction

Progress in fighting corruption on all fronts requires a measurement of corruption itself
to diagnose problems and monitor results. This recognition had renewed interest in many
international organisations and also among aid donors, aid recipients, investors, and civil
society. Many recent estimations have emphasised the considerable detrimental effects of
corruption on growth rate.

! Several studies have shown that a one standard-deviation increase in corruption lowers investment rates
by three percentage points and also lowers average annual growth by about one percentage point (Mauro
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The question of exactly how corruption can be estimated has been widely debated
(Kaufmann et al. 2007). In several cases, corruption is measured by drawing informal
views of relevant stakeholders and the composite subjective index is an aggregate meas-
ure of these perceptions,? which involve an irreducible element of uncertainty® and a lack
of transparency, especially in combining information from different sources. However,
because corruption usually leaves no paper trail, perceptions of corruption based on an
individual’s actual experiences are viewed as the best—and sometimes the only—informa-
tion available.

A related concern is the excessively narrow current definition of corruption, which is
characteristically described as the misuse of public power for private benefit,* which leaves
many conceptual ambiguities open to question (Svensson 2005). For example, although the
term “private benefit” may describe the receipt of money or some kind of asset of value,
it may involve increased political power or status, in addition to advantages deriving from
receiving promises for future favours or benefits for closely connected persons (nepotism
or favouritism). In addition, this definition does not consider corruption as a multidimen-
sional phenomenon. For example, there is a certain degree of consensus in recognising
at least two relevant dimensions of corruption—defined as political and administrative
corruption—which should be taken into account when anti-corruption policies are imple-
mented (Bardhan 1997, 2006; Warren 2004).

Based on this strand of the literature, this paper intends to examine some of the meth-
odological issues concerning the identification and measurement of multidimensional cor-
ruption indices from multiple indicators. We exploit data from the Business Environment
and Enterprise Performance Survey 2002 (BEEPS) to evaluate the multiple dimensions
of corruption across the countries of Eastern Europe and Central Asia. The multidimen-
sional framework (M-IRT) that was proposed by Bartolucci (2007) includes latent class
(LC) analysis (Goodman 1974, 1978) along with Item Response Theory (IRT). It allows
us to characterise the role that is played by the various types of information contained
in responses to the questionnaire (items) and to identify the underlying LCs of corrupt

Footnote 1 (continued)

1995; Knack and Keefer 1995), while d’Agostino et al. (2016a, b) find that the negative impact of corrup-
tion at least doubles the reduction in the real per capita growth, irrespective of location.

2 As alternatives to perception corruption measures, new data sources allow us to measure corruption
based on actual episodes. For example, Seligson (2006) used victim surveys to obtain quantitative data on
the prevalence of bribery, and Reinikka and Svensson (2006) used public expenditure tracking surveys to
quantify embezzlement of public funds and enterprise surveys to quantify bribery at the micro level. Olken
(2009), and Ferraz and Finan (2008) relied on external audits to measure fraud in local government offices.
Gorodnichenko and Sabirianova-Peter (2007) use gaps between the incomes and expenses of public officials
for similar purposes. Lastly, Dimitrova-Grajzl et al. (2012) measured an index of the perception of cor-
ruption using responses to eight questions regarding the frequency of making unofficial payments/gifts. In
particular, these authors considered aspects such as resorting to the courts for civil matters and requesting
official documents from authorities.

3 The measurement error stems from two main problems: (1) a specific measurement noise in specific
corruption measures, and (2) specific measures of corruption are imperfectly related to overall corruption
(Kaufmann et al. 2007).

4 For a discussion of the various definitions of corruption, see Lambsdorff (2007).
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activities.” This method also includes the well-known multidimensional Rasch model
(Rasch 1961), as a particular case.

Although the IRT model was initially used in psychometrics to examine ability/achieve-
ment tests (see, Bock 1997), it has since been applied in social and economic research. For
example, Cappellari and Jenkins (2006) applied the IRT model to explain several prob-
lems in the deprivation scales of widely used sum-score deprivation indices. Similar meth-
ods were used by Kuklys (2004) to analyse housing and healthcare functioning and Faye
et al. (2009) used a set of food insecurity indicators to derive a food deprivation scale. The
M-IRT extension was also applied in identifying the latent health status of elderly patients
who are currently receiving healthcare assistance in Italy (Bartolucci et al. 2010, 2012).

The proposed analysis identifies a multidimensional structure of corruption and finds
that four LCs exist, with increasing levels of corruption. The contribution of our findings
is emphasised by the robust association of our identified LCs of administrative corruption
with the indices of (mainly) administrative corruption derived from BEEPS and the CPI
of Transparency International (TI). In addition, our illustrative example, which uses our
different LCs to estimate the relationship between firms’ competitiveness and corruption,
attempts to disentangle several contrasting expected signs that an aggregate indicator of
corruption generally yields in the cited relationship.

The rest of this paper is organised as follows. Section 2 describes the dataset that is used
for our analysis. Section 3 discusses the empirical framework that we use to quantifying
the number of LCs and presents our main results. Section 4 shows the robustness of these
results by comparing the aggregate indices of firms’ components of corruption with those
extracted directly from BEEPS and CPI of TI. Section 5 presents the estimates of the rela-
tionship between a firm’s competitiveness and corruption using the identified LCs of cor-
ruption. Finally, some conclusions are drawn in Sect. 6.

2 Corruption Data from the BEEPS Firm Survey

Our analysis uses data on corrupt attitudes perceived by firms from BEEPS, which is
jointly implemented by the European Bank for Reconstruction and Development (EBRD)
and the World Bank. These surveys have been carried out, usually every three years, since
1999. They examine several important problems affecting firms in Eastern Europe and
Central Asia, such as questions about firms’ sales, investments, innovations, and access
to financing, along with business regulations, taxation, and qualitative perception of the
business environment. They also contain details of the firms’ characteristics, such as sec-
tor and size in terms of employees. Although other firms’ surveys have been conducted by
the World Bank, the extension of these investigations were designed by a single country. In
addition, this sample of microdata is of particular interest because it includes countries that
had been undergoing transition towards freer markets and which were potentially associ-
ated with corrupt practices.

5 The statistical literature provides alternative techniques for inferring a measurement scale of corruption
from a list of pre-ordered (or pre-classified) items of the questionnaire. One basic approach is the sum-
score technique, which simply consists of a weighed or unweighed sum of the indicators. Factor analysis
techniques are also widely used to check whether or not a set of items fits a one-dimensional measurement
scale. For example, Knack (2007) provides analyses of corruption using BEEPS data, descriptively con-
firming the distinction between political and administrative corruption.
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One section of BEEPS is addressed to government policies and practices, and it includes
items regarding perceived corruption by firms. One of the most interesting features of
BEEPS is the sample design that is used to collect the data, which was of particular inter-
est for our aims. Based on the managers’ perceptions and related to the line of business in
which they operate, these subjective measures of corrupt practices cover the interviewees’
direct experience and they more clearly solicit answers on corruption. Obviously, the sub-
ject matter of BEEPS is sensitive. Consequently, it was natural to ask why firms would be
willing to answer questions about their involvement in corruption. A number of features
were incorporated into our survey to improve the quality of the data, according to three
key components (Hellman et al. 2003): (1) before beginning an interview, the nature and
purpose of the research project was explained; (2) data were recorded without any mention
of the name of the respondent or the company, and they were collected by international
organisations and not by national governmental authorities; and, (3) on sensitive topics, our
questions were carefully worded to remove any implication of blame from the respondents,
who were usually indirectly asked to describe the typical situation of a similar firm.°

In this paper, we used data from the survey carried out in 2002 because, in contrast to
the other years, the data for that year do not contain many missing values in corruption
responses. This provides some reassurance that most firms in the countries where BEEPS
was carried out were in fact willing to talk about corruption, even if under-reporting
remains an issue. If firms in some countries were simply unwilling to talk about corruption,
then it seems logical that they would give favourable responses for corruption questions
and, therefore, they would induce a downward bias.’

Our aim is to characterise corruption from different underlying latent causes. We exploit
the potential of this questionnaire, which distinguishes a priori between items that can
proxy administrative and political corruption. Administrative corruption, which is aimed at
influencing the proper implementation of laws and regulations, is often referred to as brib-
ery by individuals, groups or firms in the private sector. In contrast, political corruption
refers to how firms influence the content and implementation of specific laws and regula-
tions for the benefit of narrow private interests rather than the broad public interest (Scott
1972; Bardhan 1997, 2006; Warren 2004).

The questionnaire items are listed in Table 1. Looking at these proxied definitions of
administrative corruption, we selected 10 items, covering a wide range of features related
to corrupt practices (Anderson and Gray 2006). Three items concern corrupt payments in
the field of public services and permits, which are closely connected with the fixed costs
of doing business. A second set of items is linked with bribes to weaken the activities of
public inspections within a firm, or inspections of buildings, health and safety regulations,
and environmental safety. The remaining sub-set of items describes informal payments that
are required in dealings with the public administration, imports and customs, courts and
tax collection. It should be noted that Items 9 and 10 are included in the administrative
corruption section because they reflect the use of bribery to speed procedures necessary for
making overdue payments, and the influence—rather than manipulation—of the contents
of new legislations and rules, respectively.

® See also Svensson (2003) for a discussion of the technique of administering questionnaires containing
sensitive topics.

7 While non-response may also be a 0, thereby inducing a upward bias on corruption measure, this is less
reliable when we investigate corruption, which is mainly a crime.
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As regards political corruption—which in our case refers specifically to whether pay-
ments by other firms affect respondents’ firms—a set of six items was used.® In particu-
lar, managers responded to questions regarding private payments or gifts that are made
with the aim of affecting the votes of parliamentarians and government officials on specific
laws, the contents of governmental decrees, and the decisions of elected officials. In addi-
tion, private payments or gifts were considered to potentially influence the decisions of
judges working for the criminal and civil courts, together with benefits to bank officials in
influencing central bank policies and decisions.

All of the items reported in the Table 1 range in an interval 0—4, where O represents
the lowest degree of impact of the corruption item on the firms’ business. For the purpose
of the empirical analysis, these items are transformed in dummy variables recording as 0
when the original variable has values of 0 “no impact”, 1 “minor” and 2 “moderate”, and
as 1 when the original variable has values of 3 “major” and 4 “decisive”.

Our dataset contains details of 6667 firms in 27 countries. Table 2 lists by country the
descriptive statistics of firms and the itemised responses to the questions on administrative
and political corruption, reporting the fraction responding “YES” in each set. Although
the proportion of firms interviewed across countries does not differ greatly, the number
of interviewed firms (minimum 170) was sufficient to allow us to extract consistent infor-
mation on corruption issues within countries. In the appropriate columns of Table 2, the
binary responses of items in terms of perception of corruption indicate not only the great
variety of administrative and political corruption across countries but also the fact that the
items referring to the two types of corruption do not necessarily go hand in hand. This
preliminary evidence emphasises the idea of corruption as a complex phenomenon, which
requires a suitable statistical technique to identify and measure the main characteristics of
corruption.

3 Framework of Analysis

In this section, we describe a LC model that explains the multidimensionality of cor-
ruption. According to the constrained version of this model, we view the tendency to be
involved in corruption as a latent characteristic affecting the conditional probability of
responding in a certain way to each item. According to this characteristic, the respondents
were grouped into a certain number of LCs. Statistical criteria were mainly used to choose
the number of such classes.

3.1 The Statistical Model

We first describe the M-IRT model proposed by Bartolucci (2007). Let y; denote the
response variable for the j-th item of the questionnaire, which is binary (y; = 0,1). We
denote by n the number of firms in the sample, and we assume that they respond to J items
measuring D different latent characteristics (tendency to be involved in corruption) and we
also assume that every item measures only one of these characteristics. This model allows
us to examine the correlation between the latent dimensions of corruption. Here, n = 4610

8 See also Svensson (2005) for a discussion of the definition of political corruption.
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and J = 16, and, according to the items defined in the dataset, we expect at least two differ-
ent dimensions, so that D > 2.

The model that we adopt is based on the following parameterisation of the conditional
probabilities of success 4;,. as a logit function:

logit(4;.) = v Z iabca — , j=1,...,J, (1

where with reference to item j, 4;. = (p(y; = 1| firm is in class c) and 6, is a dummy vari-
able equal to 1 if j€ J, and to O 0therw1se where J is the sub-set of items measuring
dimension d; 6, is a measure of the latent trait (dimension d) for subjects in LC ¢, and f;
indicates the IRT difficulty parameter’ as the overall tendency to respond 0 to item j (for a
more detailed discussion of this point, see Bartolucci 2007). Parameters y; may be set equal
to a fixed value according to one-parameter logistic parameterisation (lPL) or they may be
left unconstrained and, thus, estimated as in two-parameter logistic parameterisation (2PL).
In the second case, the model allows for the different sensitivity of the item measuring the
latent trait. The relative importance of the difference between a firm’s trait level and the
item threshold is, therefore, determined by the magnitude of the discriminatory power of
item -

Under the assumption of local independence,'’ the distribution of Y for subjects in the
c-th LC is:

1@M=Mﬁw@=®ﬁﬂlﬁﬂ—ﬁyw, )

where p(Y =y|® = 6,) is the conditional probability that a subject with latent vector 0
provides to response configuration y. Through a finite mixture, we can express the distribu-
tion of Y as:

py) = Z,p(vlc)ﬂc, 3)

where 7, = p(® = 0,) are the weights corresponding to each LC.
The log-likelihood function, which is used to estimate the above multidimensional LC
Rash model, is thus:

£(@) = Y, n)logp(y)). @

y

where ¢ is the vector containing all identifiable parameters of the model and p(y) is com-
puted as a function of ¢. In particular, to make the parameters identifiable, we use con-
straint §; = 0, when the parameterisation is of 1PL type, and f; = 0,y; = 1 when it is of
2PL type, where J = j|, ..., jp, and j, denotes a specific element of 7.

° In a typical application of the IRT model, the response variable is referred to test item behaviours and is 1
when we have a correct response. Because the probability of this event decreases with g, this is called dif-
ficulty parameter.

10 Following the local independence assumption, the response variables are conditionally independent,
given the latent variables.
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To estimate the model parameters, we maximise log-likelihood #(¢) by the EM algorithm
(Dempster et al. 1977); for further details, see also Bartolucci (2007) and Bartolucci et al.
(2012). Let us assume that we know frequencies m(y, ¢) of the contingency table in which
these subjects are cross-classified according to response configuration (y) and the LC (c¢). The
EM algorithm is based on the so-called complete log-likelihood:

(@)= Y, Y, m(y.c)logp(c.y). 5)
y c

At the E-step of this algorithm, we compute the expected value of m(y, c) for each y and
¢, given n(y), and at the M-step we maximise complete log-likelihood, in which every fre-
quency m(y, c) is replaced by the corresponding expected value 7u(y, c). The EM alternates
these two steps until convergence.

The estimated parameters from the EM algorithm are then used to compare (two) multidi-
mensional models. The hypothesis test is of type:

Hy : g(¢)=0 (©6)
where g(¢) is a vector-valued function and 0 denotes the column vector of zeros of suit-
able dimensions. To select the most suitable model, we use the likelihood ratio (LR) test
statistic

Po) ,
Po1®) @)

LR=22n(y)log[
Yy

where p,(y) refers to the assumed model with D different dimensions and pj,_;(y) to the
constrained model with D — 1 dimensions. When the response probability is modelled by
an M-IRT model, the resulting LR statistic has a y? distribution with a number of degrees
of freedom equal to the difference between the number of parameters of the full multidi-
mensional and restricted models, in which we merge two distinct dimensions.

This method is used to cluster items in homogeneous groups, corresponding to various
types of corruption. A crucial point in identifying various types of corruption is the strength of
the correlation between two distinct dimensions. We compute this correlation as:

C
ﬁd],dz = Z éc,dl éc,dzﬂ(r (8)

c=1

where 6., and 6, , are the standardised estimates of the support points referring to two
specific dimensions, d; and d,, for subjects in LC ¢ (e.g., 7, is the estimated weight of this
class with c = 1, ..., C). After identifying the LCs in according to éad and ﬁdl,dz’ as a final
step, we compute the firm’s trait scores by using the expected value of frequencies 7u(y, ¢)
estimated at the E-step, defined as:

pOloz,

Y, r0lhm, ®

1y = n(y)

3.2 Results

Before presenting the main results of the analysis, we have to choose the number of
classes, which is crucial for model identification in the multidimensional LC Rash
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Table 3 Output of hierarchical cluster analysis

Seq. Dim. Clusters Deviance LR test p value
1 15 1.3.4.5.6.7.9.10.11.12.13.14.15.16.(2.8) 0.194 0.194 0.908
2 14 1.3.4.5.6.7.11.12.13.14.15.16.(2.8).(9.10) 0.500 0.306 0.858
3 13 1.3.4.7.11.12.13.14.15.16.(2.8).(9.10).(5.6) 1.109 0.609 0.737
4 12 1.3.4.7.11.12.14.16.(2.8).(9.10).(5.6).(13.15) 1.789 0.680 0.712
5 11 3.4.11.12.14.16.(2.8).(9.10).(5.6).(13.15).(1.7) 2.690 0.901 0.637
6 10 3.4.11.12.14.(2.8).(9.10).(5.6).(1.7).(13.15.16) 3.939 1.249 0.535
7 9 3.4.11.12.14.(9.10).(5.6).(13.15.16).(1.2.7.8) 6.185 2.246 0.325
8 8 3.4.14.(9.10).(5.6).(13.15.16).(1.2.7.8).(11.12) 9.666 3.481 0.175
9 7 3.4.(9.10).(5.6).(1.2.7.8).(11.12).(13.14.15.16) 13.296 3.630 0.163
10 6 3.(9.10).(4.5.6).(1.2.7.8).(11.12).(13.14.15.16) 18.388 4.592 0.101
11 5 (9.10).(4.5.6).(1.2.3.7.8).(11.12).(13.14.15.16) 23.668 5.580 0.061
12 4 (9.10).(4.5.6).(1.2.3.7.8).(11.12.13.14.15.16) 42.936 19.268 0.000
13 3 (4.5.6).(1.2.3.7.8.9.10).(11.12.13.14.15.16) 84.831 41.895 0.000
14 2 (1.2.3.4.5.6.7.8.9.10).(11.12.13.14.15.16) 207.149 122.318 0.000
15 1 (1.2.3.4.5.6.7.8.9.10.11.12.13.14.15.16) 3059.953 2852.805 0.000

Column (1) lists the sequence of steps (seq), Column 2 lists the number of dimensions for each step (dim),
and Column 3 lists the combinations of items in each dimension for each sequential step (clusters). Devi-
ance for each step (Deviance), LR test (LR test), and p values appear in last three columns. For classifica-
tions and definitions of items, see Table 1

model. Although this selection is mainly based on information criteria [i.e., BIC and
consistent Akaike information criterion (e.g., CAIC)], we complement it with indices
measuring goodness-of-fit. A detailed description of the proposed model selection strat-
egy is reported in Table 9 of “Appendix A”. This analysis is based on information crite-
ria and it strongly suggests that the optimal number of LCs is 4, this result is also con-
firmed by the goodness-of-fit measures (which are given at the end of the table).

We will now summarise the main results of the multidimensional approach to corrup-
tion. As described in the previous section, the procedure consists of running a sequence
of nested models beginning with an LC model, in which the number of dimensions is
equal to the number of selected items (unconstrained model). An analytical overview of
the results from hierarchical clustering analysis is given in Table 3. Column 3 lists the
combinations of items for each of the sequential steps; Columns 4 and 5 list the devi-
ance from the initial LC model and from the previous model, respectively. Finally, the p
value of LR test statistics appears in Column 6.

Following the LR test proposed in Eq. (6), Table 3 lists multidimensionality, keeping
five significant dimensions, as also confirmed by hierarchical clustering analysis (see,
Appendix B). Differences within types of corruption appear in the items of administra-
tive corruption, which characterise Dimensions 1, 2, and 3; the items of political cor-
ruption are given in Dimensions 4 and 5.

Looking at the item definitions (Table 1), we can progressively identify the dimen-
sions of administrative corruption as follows:

e Bureaucrats’ need to influence legally established regulations and the timing of
applications of laws;
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Table 4 Estimates of conditional

probabilities and discriminatory Dim. Item Class1 Class2 Class3 Class4 y

power of items of selected model 5 Iteml 0044 0194 0433 0777  1.000
3 tem2 0102 0417 0723 0934  1.118
3 tem3 0055 0248 0528 0848 1057
2 temd 0031 0144 0644 0881  1.000
2 Item5 0046 0205 0735 0919  1.001
2 tem6 0012 0080 059 0887  1.192
3 tem7 0075 0371 0705 0937  1.208
3 tem8 0047 0226 0507 0842  1.086
1 tem9 0011 0206 0371 0877  1.000
1 teml0 0011  0.39 0246 0730  0.850
4 Itemll 0005 0657 0035 0731  1.000
4 Iteml2 0008 0738 0055 0799 0979
5 Tteml3 0002 0649 0038 0822  1.000
5 teml4 0008 0800  0.113 0900  0.895
5 teml5 0002 0499 0035 068 0861
5 teml6 0008 0613 0081 0759 0752

Column (1) lists dimension of each item (dimension) and column 2
item code (item). Conditional probabilities and discriminatory power
(y) of items of selected model. For classifications and definitions of
items, see Table 1

¢ Unofficial payments for inspections in the fields of occupational health and safety, fire
and buildings, and environmental works;

e Application of government contracts, business licences and contracts, public services,
and general taxation problems.

The items which cluster political corruption are:

Corruption by firms to influence the contents of specific laws and regulations;
Corruption to influence decisions by the judges of criminal courts and commercial
cases, and decisions or policies of the officials of the central bank.

Table 4 lists the estimated conditional probabilities of the LC model for each selected
item, together with estimates of parameters y;. It shows that there is a dissimilar order
between the first 10 items (administrative corruption) and the last 6 (political corruption).
For a clearer interpretation, we refer to the components of breadth and depth of corruption,
as defined by Mocan (2008). The former describes the extent to which corruption is wide-
spread in a country, and the latter describes the extent to which each LC component affects
corruption. Our results indicate that administrative corruption items follow an increasing
order across the four LCs, and the last six political corruption items show higher condi-
tional probabilities, regarding LC 2 and, partly, LC 4. In addition, we find lower conditional
probabilities for LC 1, which achieves a (modest) influence in Items 2 and 7 (see Table 4),
which are associated with administrative corruption. This implies that the estimated level
of corruption in LC 1, mainly corresponding to tax evasion or improving access to public
services, does not seem to be an obstacle for the business environment. However, as argued
previously, we cannot exclude the possibility that firms under-report the true perception of
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Table 5 Estimates of 6 and correlations among dimensions

Diml Dim2 Dim3 Dim4 Dim5 Weight

Impact of dimensions on classes

Class1 —3.072 —3.027 —4.498 —6.372 —5.326 0.439

Class2 —1.427 —1.352 —1.350 0.615 0.651 0.108

Class3 —0.269 1.020 —0.526 —3.233 —3.311 0.313

Class4 1.247 2.425 1.961 1.527 1.000 0.140
Diml Dim2 Dim3 Dim4 Dim5

Correlation among dimensions

Diml 1.000

Dim2  0.989 1.000

Dim3  0.990 0.959 1.000

Dim4  0.747 0.645 0.834 1.000

Dim5  0.676 0.563 0.773 0.994 1.000

The first part of table lists standardised estimate of latent trait level (6, ;) for each class ¢ and dimension d,
with estimated weight in each class (,). The second part lists correlations among dimensions

corruption, or at least do not provide answers to questions on this sensitive topic. Accord-
ingly, we exercise caution by classifying the estimates by the conditional probability of this
LC and refer to virtually no corruption.

This discussion suggests a crucial point of the present study is the interpretation of the
LCs. Useful suggestions for this point come from the estimate of dimensions on different
classes and from the correlation measures between identified dimensions (Table 5).

This analysis has three main results. First, estimated parameter 6., in Eq. (1) formally
identifies the four LCs according to their different dimensions. As shown in the upper part
of Table 5, within the four LCs, all five dimensions are increasingly ordered, the lowest
values appearing in class 1 and the highest in class 4. This also means that we can order
corruption levels progressively.

Second, as a brief index of how widespread corruption is in firms, we observe that most
firms (43.9%) belong to Class 1, followed by Class 3 (31.3%), and Class 2 is the smallest
with only 10.8%. The remaining firms are in Class 4 (14%).

Third, looking at the values of the dimensions in each class, we identify Class 3 as
the class that has problems in administrative corruption, and Class 2 as characteristically
political corruption. In more detail, and according to the results shown in Table 4, because
Dimension 2 prevails in LC 3, we can identify it as corresponding to administrative cor-
ruption because it is more closely linked with public inspections, apart from taxes, licences
and permits. In addition, although the items concerning political corruption may partly
affect the results of Class 4, the prevalence in that class of the effects of administrative cor-
ruption Dimensions 1, 2, and 3 shows that the highest level of corruption is more closely
associated with general administrative corruption. Figure 1 shows the identification pro-
cess derived from the empirical framework.
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Corruptions
Dimension 1 scale
Legislative rules &
Courts 0

Class 1
Virtually no Low
corruption

Dimension 2
Public inspections

Administrative
Corruption
Class 2
Political corruption

Dimension 3
Public licenses,
contracts,services & tax

Class 3
Administrative
corruption

Political (public inspections)

Corruption

Dimension 4
Courts & central bank

Class 4
Highest

administrative corruption
(public contracts, licensing,
taxes and regulations)

High

Dimension 5
Parlamentarians, elected
officials & government
officials

Fig. 1 Identification of corruption indices. Nofes Analytic description of LCs and dimensions, according to
results of Table 5. The continuous vertical arrow (right) measures scale of corruption, from 0 (absence of
corruption) to high

4 Comparative Analysis

In this section, the expected value of posterior probabilities, computed at the E-step, allows
us to build a binary variable in which each firm is attributed 1 in the LC with the highest
level of posterior probability, and is O otherwise. This new variable identifies the perceived
prevalence of corrupt practices for a firm classified in one of the LCs.

We then assess the robustness of the results by: (1) comparing our estimated corrup-
tion variables with a corruption ranking index extracted from the BEEPS, and (2) compar-
ing the country’s perception corruption ranking with CPL In the first case, we compare
our estimates with the perceived index of administrative corruption, which was directly
obtained from the BEEPS dataset in which firms responded to the following question: “Is
it common for firms in your line of business to have to make irregular additional payments
or gifts to get things done as regards customs, taxes, licenses, regulation services etc.?”.
The answer includes six modalities on an increasing scale of perceived corruption (Never,
Seldom, Sometimes, Frequently, Usually, Always). However, for empirical comparison with
our four LCs, we rescale it into four modalities by combining responses Seldom and Some-
times and Frequently and Usually. The new corruption index thus mentions Absence, Low,
Medium, and High, which tests an increase in the quantitative perception of corruption and
is in line with the estimated LCs.
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Table 6 lists the results of the LR test statistic in the 27 countries, which assumes an
independence hypothesis between each estimated LC and the corresponding binary index
at firm-level of BEEPS administrative corruption. LCs 1 and 4 appear to be closely associ-
ated with the directly perceived administrative corruption index. Here we discuss the nov-
elty of the proposed corruption measure by characterising other identified LCs. In Class 3,
the data reject the independence hypothesis at the 5% level between our firm score variable
and that obtained with medium corruption, as extracted directly from BEEPS. We only
note a non-significant association for a few countries. This result strengthens our findings
and it indicates that although the index was built with a direct item of the perceived admin-
istrative corruption in BEEPS, its specificity generates the clear-cut effect of public inspec-
tions and tax evasion in some countries with respect to general administrative corruption
(e.g., Bulgaria, Croatia, Hungary, Latvia, Uzbekistan and Yugoslavia). Finally, Column 2
lists the results of a “false experiment” specification, in which low administrative corrup-
tion, as extracted from BEEPS, was expected to be independent of the political corruption
variable estimated as LC 2. We find confirmation that these two components of corruption
are not related and that, independently of corruption level, they affect country corruption
differently. Appendix C also graphically illustrates the correlation results between the esti-
mated LCs and the perception of corruption index extracted from BEEPS. These indices
are aggregated at country level by counting the “1” in each firm of the LC and in the cor-
ruption modalities of the variables that were extracted from BEEPS. In line with the results
of the LR test statistic, there is a significant correlation between the identified administra-
tive LC and the BEEPS modalities, whereas the political corruption class is not correlated
with the BEEPS measure (the pairwise correlation coefficient is only 0.038).

Second, to validate our estimates, we exploit the perceived corruption scores at
country level—the maximum value of the index represents the worst performance—to
obtain the corresponding ranking. In particular, to obtain the country index from the
LCs, we use the average of positive responses for each country and we weight these
averages by the sample size of each country. Then, from these country averages, we
create four different corruption ranking variables in a range of 0-100, where O records
the lowest value of the variable at country level. We then compare these rankings with
those of the CPI, which is the most prominent index measuring corruption at country
level. It should be noted that CPI represents the best government performance with the
maximum value of the index (CPI perception index range: 0—10). This comparison is
particularly important because it suggests the potential external validity of our estimat-
ing procedure in building a country-ranking index.

Our hypothesis considers that, if our score estimates for each LC are correct, then
the specific LC related to “virtually no corruption” should partially reproduce the CPI
country classification because the latter measures the best government performance
with the maximum value of the index. The analysis in Table 7 shows that in some cases
(i.e. Bosnia & Herzegovina, Czech Republic, Georgia, Lithuania, Moldova, Romania,
Russia, Slovenia and Ukraine) the rankings of the first latent lass are in line with those
of CPIL In other cases (i.e. Azerbaijan, Bulgaria, Kazakhstan, Slovak Republic and
Uzbekistan) we do not find a link between the two indices. The explanation given here,
which generally reflects criticism reported in the literature, is that CPI scores are not
weighted means of policy and that certain firm-level characteristics influence corrup-
tion which we instead extract from the multidimensional framework adopted.

Some examples serve to clarify the main features of these LC differences. In
Kazakhstan, the high estimated score in public inspections leads to an increase in the
mean level of the perception of corruption, as measured by CPI. In Azerbaijan and
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Uzbekistan, the difference between our estimated index of virtually no corruption and
CPI is shown by the relatively greater perception of political corruption. Instead, CPI
estimates an excellent ranking for Estonia, which is probably associated with politi-
cal corruption. The positions for the Slovak Republic and Bulgaria are more distant
on the corruption index. CPI indicates that these two countries are in positions 3 and
7, respectively. In 2002, Bulgaria experienced the highest degree of political corrup-
tion and it was greatly constrained by the inefficiencies, or failure, of the legal system
(Delavallade 2011).

Country rankings for administrative corruption in LCs 3 and 4 are particularly
affected by the level of taxation, permits and inspections, and government contracts.
While government contracts are linked to regulatory quality and the enforcement of
property rights. Restrictive regulation and taxation, which are associated with insuf-
ficient enforcement of property rights, have been proven to be key determinants of
administrative corruption in Russia, Ukraine, Moldova and Albania (Tanzi 1998).

The determinants of corruption are slightly different from the situation which arose
in Bosnia with respect to the former USSR countries, in which administrative corrup-
tion is shown to rise with weak enforcement of property rights, revealing the inca-
pacity of the courts to implement the law (Johnson et al. 1999). As an example of
the highest levels of administrative corruption in Bosnia, Nowak (2001) attributed the
space for corrupt activities to the post-war context, which complicated power struc-
tures and fragmented administration. Figure 2 graphically summarises the ranking of
corruption components in the Eastern Europe countries.

5 An Illustrative Example: The Relationship Between Firm
Competitiveness and Corruption

In this section, we will revise the empirical relationship between competitiveness and cor-
ruption by exploiting the results of the M-IRT model, which identifies four monotonically
increasing LCs. Many papers have been published about the determinants of corruption,
with particular emphasis on the role of market competition (Ades and Di Tella 1999; Her-
zfeld and Weiss 2003; Dreher et al. 2007; Pieroni and d’Agostino 2013). In the traditional
view, the competitiveness of firms is presumed to lead to more corruption because they
may spend part of their profits on bribes paid to public officials.'" Ades and Tella (1997)
and Clarke and Xu (2002) empirically examined the hypothesis of a positive correlation
between firm competitiveness with corruption in East European and Central Asian coun-
tries. Their results support the mechanism in question; that is, the most competitive firms
have much more money with which to bribe bureaucrats and, thus, increase corruption.
These findings are in line with the estimates regarding the same relationship by Svensson
(2003) and Reinikka and Svensson (2006) in the case study of Uganda. However, this eco-
nomic literature also proposed and tested an alternative hypothesis: if comparative disad-
vantages in competitiveness exist, then firms invest in bribery to stay in the market. This
hypothesis was supported by Gauthier and Reinikka (2001) and was empirically confirmed

"' In particular, the model developed by Bliss and Tella (1997) found that a firm’s corruption increases
with its profitability, so that less competitive firms leave the market. In turn, higher profitability increases
bribery, consolidating a non-transparent system of behaviour on the part of bureaucrats.
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’IB

RUS

(c)

Max Min

Fig. 2 Representation of types of corruption, by country. a Political corruption. b Administrative corrup-
tion (inspections). ¢ Highest administrative corruption level (public contracts, licenses, taxes and regula-
tions). Notes Corruption by country is constructed by corruption scores of Table 7

for a sample of North African countries by Delavallade (2011), in which a negative rela-
tionship was found.

To illustrate the role of firm competitiveness as a determinant of corruption, the lit-
erature generally distinguishes two components: administrative and state capture indices
(which we call political corruption). The main shortcoming of this approach is that the
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empirical tests must be carried out to ascertain whether or not the aggregate index of cor-
ruption can be pooled with either administrative or political corruption. It is certainly pos-
sible that perceived corruption indicates the existence of an overlap between these indices.
Instead, our model allows some firms in these LCs of corruption to be similar to others,
although they comprise statistically distinct groups.

Thus, we set up an empirical framework based on logit models, in which the depend-
ent variables are firms’ dummy variables as derived from the estimates of the expected
value of frequencies (see Sect. 4). Competitiveness is also a discrete variable with three
modalities, in which the highest score indicates greater competitiveness and is proxied by
the increase in sales over the previous two years (i.e., sales in 1999). We extend the concept
of competitiveness by also including firms which, at least, did not suffer reduced sales.
This allows us to avoid the general criticism concerning firm competitiveness linked with
increased sales (i.e., to maximise firm profits) and we substitute it with the more general
aim of firm survival in a competitive market.

The model specification includes the size of the firm (size) and the size of the sector
in which it operates (sector). Following the results of Hellman et al. (2000), we assume
that small firms tend to engage more in administrative than in political corruption, prob-
ably because the former is less costly. We include the variable size dichotomised, which is
based on full-time employees of firms calculated as “small” (e.g., 2—49, reference modal-
ity), “medium” (e.g., 50-249), or “large” (e.g., >250), expecting the size of the firm to
negatively affect administrative corruption. In addition, this specific literature finds con-
flicting evidence that corruption differs among sectors. Industrial sectors, in which projects
involve large amounts of money or high rent-generating public procurements, may be more
open to corruption, particularly of the political kind. Thus, we consider a dummy variable
according to whether a firm works in the “manufacturing” or “services” sector, the latter
being the reference modality.

The coefficient estimates of the logit model are listed in Table 8 in terms of odds ratios.
We emphasise three important results. First, firm competitiveness has a positive effect in
cases where there is a perception of virtually no corruption (e.g., LC 1) but it has a nega-
tive effect when the weight of corruption increases. Long-term survival strategy is char-
acterised by firms that are stable or which increase their competitiveness, indicating that
a representative firm has less need to bribe bureaucrats to obtain, for example, public pro-
curements in its line of business. We estimate that, at most, few corrupt activities (i.e.,
virtually no corruption) does not constrain economic development, finding that competitive
(stable) firms increase the probability of not operating in corrupt countries by about 40%.
However, the effects of competitiveness change for components characterised by higher
levels of corruption, starting from the political kind. Competitive firms that occupy a stable
position in their markets have a significantly lower probability than less competitive firms
of being involved in corruption. This may imply that less competitive firms resort to unoffi-
cial payments to compensate for their competitive position, distorting the rules of competi-
tion for countries mainly affected by high levels of corrupt activities.

Second, by including dummies for the specific effects of size, we find significant coef-
ficients in the LCs identified as the highest levels of corruption. In particular, large enter-
prises reduce the propensity (e.g., odds ratio = 0.771 and 0.805, for corruption components
3 and 4, respectively) to seek influence in inspections, public contracts and licenses, taxes,
and so on. This matches the previous literature on the transition economies, which finds a
positive relationship between administrative corruption and small firm size. In contrast, we
do not find significant differences between the sectors of the major lines of business in each
component of corruption.
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Third, we provide support for the findings of the country classification on corruption.
We estimate that Turkey and Bulgaria have the highest propensity for political corruption
and significance in the estimated country-dummy parameters of administrative corruption,
which accurately replicates our previous estimates.

The last column of Table 8 lists the estimates of the ordered logit regression param-
eters. The odds of reporting virtually no corruption versus political corruption, and the two
LCs of administrative corruption with monotonic increase of intensity are 25-30% lower in
firms with stable competitiveness, net of the characteristics of firms (size and sector) and
of the specificities of countries. This confirms the findings of the logistic regressions.

6 Conclusions

This paper proposes a LC model to identify different dimensions of corruption, which is
a latent phenomenon that is often measured by synthesis of observed indices assumed to
be correlated with corruption. In particular, the constrained version of the M-IRT model
is used to classify corruption using firms’ perceptions in a sample of Eastern Europe and
Central Asian countries.

The hypothesis that items in a multidimensional perspective can reproduce the distinc-
tion between administrative and political corruption is extended and we find that four LCs
exist, with increasing levels of corruption. We identify these LCs and validate the results
according to a corruption index that is directly derived from the BEEPS and CPI rankings
of TI. An illustrative example of the relationship between firm competitiveness and the
identified LCs shows that weakly competitive firms are more tempted to resort to bribery,
influencing the rules of competition, and this propensity is estimated to be greater in small
firms associated with pervasive administrative corruption.

We believe that the strategy that we have used to identify corruption would be useful
to empirical researchers in several respects. First, the greater part of the data on corrup-
tion uses direct investigation by questionnaires, such as the M-IRT models, which allow
us to disentangle the different dimensions that an aggregate indicator of corruption tends
to hide. Second, the M-IRT model reduces the bias associated with the measures of impact
of a specific relationship, when corruption has been incorrectly classified. From the M-IRT
model that is adopted here, the contrasting evidence of the determinants of corruption may
be explained by overlapping their heterogeneous effects. This implies that the implementa-
tion of anti-corruption policies may also benefit from a correct identification of which type
of corruption affects countries or regions, and which tools should be used to combat it.

Appendix A: Model Selection

The choice of the number of classes in the multidimensional LC Rash model is crucial for
model identification. Although selection is mainly based on information criteria, we com-
plement it with indices measuring goodness-of-fit. The most frequently used index is the
Bayesian information criterion (BIC; Schwarz 1978), which is based on the index:

BIC = =27 + mlog(n), (10)
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Table 9 Selection of number of LCs

Log-likelihood statistics

Log-likelihood (log LL) BIC (logLL)  AIC (log LL) AIC3 (logLL) CAIC (log LL)
Class]  —46461.6580 93058.2930 92955.3173 92971.3173 93074.2930
Class2  —40417.9682 81114.3238 80901.9364 80934.9364 81147.3238
Class3  —38985.0967 78391.9925 78070.1933 78120.1933 78441.9925
Class4 —38266.8741 77242.3707 76701.7482 76785.7482 77326.3707
Class5 —38204.7666 77261.5674 76811.5331 76812.5331 77362.5674
Class6  —38404.3510 77373.9129 76942.7020 77009.7020 77440.9129
Class7 —38171.2934 77338.0329 76578.5869 76696.5869 77456.0329
Class8 —38148.8201 77436.4980 76567.6402 76702.6402 77571.4980

Goodness of LC model fit

E R oy Standard RZ "~ AWE

I Index

Classl  0.0000 10.0000 10.0000 —46461.6586  93241.2687
Class2  0.0374 0.8712 0.8922 —40829.3882  82314.5512
Class3  0.0532 0.8630 0.8754 —39674.2046  80342.0076
Class4  0.0613 0.8593 0.8633 —39214.4170  79760.2558
Class5  0.1283 0.7791 0.7547 —39787.7568  81244.7587
Class6  0.1432 0.7623 0.7295 —39945.4201 81897.9089
Class7  0.1845 0.7214 0.6728 —40429.0881 83203.0681
Class8 0.1974 0.7070 0.6541 —40630.1816  83943.0787

The upper part of the table lists the log-likelihood statistics and estimates the log-likelihood function. The
proposed log-likelihood statistics are: Bayesian Information Criterion (BIC), Akaike information criterion
(AIC), Akaike information criterion with 3 as penalising factor (AIC3), and Consistent Akaike information
criterion (CAIC). Bottom part of table lists several measures and statistics based on ability of model to fit
data, and include: estimated proportion of classification errors (E), two pseudo R-square measures (Rf,ntmpy)
and (R? ), and Average Weight of Evidence (AWE)

variance

where # is the maximum value of log-likelihood test statistics and m is the number of
free parameters. The Akaike information criterion (AIC) is another widely used criterion,
(Akaike 1973), which is based on the index:

AIC = =27 + 2log(n). (11)

Two extended versions of the AIC index were proposed by Andrews and Currim (2003),

and they include different weights to estimate the log-likelihood function. In the first case,

AIC is penalised with a factor of 3 instead of 2 (AIC3); various penalisation terms are
included in AIC to define a CAIC.

We also used measures based on the capacity of the model to fit the data. These meas-

ures were based on R? and variance R? (Magidson and Vermunt 2001), the

entropy variance

estimated proportion of classification errors (E),'> and the Average Weight of Evidence

12 Unlike the other measures, E proves model accuracy when values are close to zero.
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(AWE). In particular, the AWE is built by adding a third dimension to the BIC index,
which considers the performance of individual classifications within groups, as argued in
Banfield and Raftery (1993). The formal specification is:

AWE = -2/ + 2m[§ + log(n)] (12)
where ¢ is the log-likelihood classification (Biernacki and Govaert 1998). Table 6 lists the

log-likelihood and classification statistics for a number of predetermined LCs, from 2 to 8
(Table 9).

Appendix B: Dendrogram

Log Deviance
~
T

Item

Notes Classifications and definitions of items are listed in Table 3.
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Appendix C: Country Correlations Between Identified Latent Classes
and Direct BEEPS Measures of Administrative Corruption
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