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Abstract The analysis of public expenses is fundamental to foster the correct use of public resources, guaranteeing
the application of the principles of publicity and efficiency. Within the scope of the Brazilian parliament, Parlia-
mentary Quotas are also identified as public resources, therefore they need to be subject to the same control criteria.
This research aims to carry out analyzes of parliamentary expenses related to Parliamentary Quotas, presenting the
distribution of expenses related to the 55th Legislature (2015-2018) of Brazil, in addition to identifying anomalies
in such expenses. Through a clustering-based analysis, the expenses were compared with the goal of finding simi-
larities between the spending behavior of the federal deputies. This study, through data mining, presents the results
obtained from analyzing different parliamentary expenses under the party or regional aspect of each deputy. The re-
sults obtained allowed us to answer questions related to the characteristics of the expenses involving Parliamentary
Quotas, anomalous expenses, and similarity between parliamentary expenses, such as, the identification of expen-
diture patterns, which allow the verification of regional variability, as well as identifying some of the expenditures

as possibly anomalous.
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1 Introduction

Public expenses are the subject of recurrent analysis by con-
trol and inspection entities, in addition to being of direct in-
terest to the civil society [Paranhos et al., 2015; Bueno, 2017;
Thiago Alencar Gomes, 2017] since they must serve the pub-
lic interest and respect the constitutional principles. Within
the constitutional principles, we can mention: legality, im-
personality, morality, publicity, and efficiency, according to
the Constitution of Brazil in article 37 [Brasil, 1988]. In
short, public spending must be used in accordance with legal
guidelines, so as not to be directed to favor any interested
third party, and not be used in goods or services that do not
comply with moral or ethical standards, guaranteeing trans-
parency and availability of its use to any Brazilian citizen, to
achieve clear objectives and with as little waste as possible.
In order to ensure primarily the principle of publicity, the
governments of the three branches of power make available
the data on public expenditures through electronic portals
or publications in official journals, aiming to describe the
values used during their management, the products and ser-
vices acquired, and the suppliers contracted in these proce-
dures. Within the scope of the Federal Legislative Power,
more specifically in the Chamber of Deputies, in addition to
the expenses related to the contracts held by the institution,
federal deputies receive monthly allowances to cover their of-
fice expenses throughout their legislature, known as Quota

for the Exercise of Parliamentary Activity '. The value of
the Quota depends on the state of the federation to which the
parliamentarian belongs to, and it is adjusted according to the
inflation. It should be noted that the expenses of the Parlia-
mentary Quota include: the maintenance of activities in the
parliamentary office or participation in events; transportation
tickets; consulting or services necessary for the operation of
the office; travel and accommodation expenses; and acquisi-
tion of materials.

The focus of this work is to analyze the parliamentary ex-
penses of the Chamber of Deputies, more specifically the ex-
penses of the Parliamentary Quotas of the 55th Legislature,
which corresponds to the period from 2015 to 2018. Our
study involves data science activities, aiming to create visu-
alizations and interpretations for the data available, besides
the search for expenses with strange patterns when compared
to other expenses in the dataset. Additionally, with the use
of clustering algorithms over the expenditure information of
each deputy, we target to group the deputies, either both by
party or region, depending on spending patterns over the leg-
islature. At the end of the research, we provide answers to
the following questions:

Q1 Exploratory Data Analysis: How do parliamentarians
use the values of the Parliamentary Quota, considering
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parties and regions, according to the distribution of ex-
penses and the trends of each expense?

Q2 Outlier Detection: Are there deputies’ expense entries
that may be considered abnormal in comparison with
those of other parliamentarians?

Q3 Cluster Analysis: Can the expenses made during the
four years of the legislature be grouped by similarity,
thus identifying deputies who have common behaviors?

The rest of our article is organized as follows: Section 2
presents the necessary theoretical foundation to understand
the work’s methodology; Section 3 discusses the related
work; Section 4 details the dataset used and the algorithms
employed to answer the presented questions, while Section
5 presents the information found relating the data and data
mining techniques. Finally, Section 6 presents conclusions
and discusses the findings produced by our research.

2 Background

This section introduces required basic concepts. In particular,
we briefly discuss concepts and techniques related to data
mining and the analysis of time series.

2.1 Data Mining

Data mining is a technique used to find patterns in a large
data set with the aim of supporting decision making in en-
terprises and other corporations in general. Outlier detection
and clustering are among the main tasks of data mining [Han
et al., 2022]. They are introduced in the following.

2.1.1 Outlier Detection

Outlier detection (also known as anomaly detection) is the
process of finding points (also known as instances or objects)
in a dataset that are much different from the majority of other
points [Han ef al., 2022]. Outliers are interesting because
they are suspected of not being generated by the same mech-
anisms as the rest of the data [Dang et al., 2015], thus in-
dicating potential frauds, invasions and other rare phenom-
ena, or even errors in the data collection. The kNN-outlier
detection method [Angiulli and Pizzuti, 2002] detects out-
liers by exploring the relationship between neighborhoods in
data points through the use of a distance function that quan-
tifies the dissimilarity between the points. The further a data
point is from its neighbors, the greater its chance to be an
outlier. Other well-known methods for outlier detection are
LOF [Breunig et al., 2000], iForest [Liu ef al., 2008], ABOD
[Kriegel et al., 2008] and LOCI [Papadimitriou et al., 2003].

2.1.2 Clustering

Clustering is the process of dividing a data set into groups,
such that points belonging to the same group are similar to
each other and dissimilar to the points in other groups. Clus-
tering methods can be classified into two main categories:
partitioning methods and hierarchical ones.

Hierarchical methods produce a hierarchy with several lev-
els consisting of nested partitions of the dataset according to
the similarity between the points. Partitioning methods try to
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find the best k partitions of a data set by dividing the set into
k subsets. Most partitioning methods are based on distance
(dissimilarity), like k-means, or on density, such as DBScan
[Ester et al., 1996] and OPTICS [Ankerst et al., 1999]. k-
means is probably the most popular clustering algorithm due
to its simplicity and efficiency [Krishna and Murty, 1999].
It divides the data set into k groups where each group has a
center (average value of the points within the group). The
groups are generated in such a way that the distance between
the points in a group and the corresponding group’s center is
minimized.

One of the problems in k-means is finding the ideal value
of k for the analysis. This problem is commonly tackled
through the Elbow Method [Bholowalia and Kumar, 2014],
which consists in identifying the ideal & as the one that gener-
ates an ‘elbow’ in the plot of k versus the sum of the squared
distances between each point and the corresponding cluster’s
center.

2.2 Analysis of Time Series

Data mining techniques can be applied to different datasets,
such as time series. A time series is defined as a sequence
of values collected from a phenomenon or object of inter-
est in distinct time instants. The values are normally mea-
sured at equal time intervals, e.g., every minute, hour or
day [Han et al., 2022]. In this setting, the distance function
Dynamic timewarping (DTW) [Bellman and Kalaba, 1959]
is commonly used to measure the dissimilarity between the
time series. Essentially, it finds trends between two tempo-
ral sequences, which may vary in speed [Mueen and Keogh,
2016].

3 Related Work

This section discusses several studies focused on analyzing
public expenses in diverse contexts. We begin by presenting
the studies performed with general public expenses. Then,
in Subsection 3.1, we move on to those studies that evaluate
parliamentary public expenses during the legislature.

Esen and Celik Kecili [2022] studied public expenses
to understand their relationship with a country’s economic
growth. The study focused on the factors that drive eco-
nomic growth over time and the analysis of the forces that
allow some economies to grow quickly, while others grow
slowly, and others do not grow at all. Specifically, the au-
thors aimed to analyze the effects of health expenditure on
economic growth in Turkey in a time series from the period
1975-2018. The study showed that there is an unidirectional
causality from health expenditure to economic growth in the
short term scenario, and also that there exists cointegration
between all variables in the long term scenario. While this
study analyzes the impact of health expenditure on economic
growth, it does not take into account other public expenses
in their analysis.

Heiler et al. [2016] analyzed the expenses of an electoral
campaign. Their study focused specifically on the electoral
expenses for the 2010 election in Brazil. As a result, it was
observed that the focus on communication and publicity ex-
penses, combined with the participation in more organized
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and centralized parties, are essential for the electoral success.
This study delves into electoral campaign expenses, whereas
our work focuses on a broader spectrum of public expenses
over multiple years.

Anomaly detection techniques have been used previously
in data of public expenditure. For instance, Ravisankar
et al. [2011] analyzed bidding and stock market data using
Feed Foward Neural Networks, Support Vector Machines,
Generic Programming, Group Method of Data Handling, and
Regression and Probabilistic Neural Network. As a result,
the authors were able to identify companies that were later
found guilty of fraud in China. Despite identifying anoma-
lies, the work is directed to the Chinese context, which differs
from the Brazilian reality.

When considering public spending in general, there is a
need to monitor and detect anomalies of legality in bidding
values. With that in mind, da. Silva ef al. [2022] presented
a framework that detects irregularities in bidding processes
performed in Brazil based on the current local legislation,
thus serving as a supporting tool for decision making. The
Key Performance Indicators (KPI’s) by region were intro-
duced and it was also investigated the association between
bidding items with evidence of irregularity using the Apri-
ori algorithm. Additionally, the authors identified potentially
suspect companies that won or lost all the bidding processes
they participated. Despite containing an analysis of public
expenses, the research analyzes problems related to bidding,
which has no relation to the object of our research, which is
parliamentary spending.

3.1 Analysis of Parliamentarias Public Expen-
diture

Paranhos et al. [2015] performed a statistical study of Brazil-
ian parliamentary expenses related to Parliamentary Quo-
tas. The authors restricted their study to only two Brazil-
ian states (Ceara and Paraiba), selecting the period between
2007 and 2010. The study employed descriptive statistics
and principal component analysis, which allowed the authors
to conclude that parliamentarians from these regions used
the amounts received mainly for transportation tickets, daily
expenses and consulting. Unlike this study that focuses on
specific states, our research covers all Brazilian states and a
more recent period (2015-2018) to provide a comprehensive
view of public expenses.

Other possible sources of financial fraud are the ex-
penses of parliamentarians. With that in mind, Thiago Alen-
car Gomes [2017] analyzed expenditure statements of the
Brazilian chamber of deputies, from 2009 to 2017, aimed at
identifying outliers using Deep Autoencoders. The expendi-
tures were analyzed individually, without being grouped by
candidate or party. Although the model found suspicious en-
tries, such as expenses with energy company and telephone
bills, the method demands a large processing time and a par-
allel architecture to complete the analysis in a feasible time,
which prevented the authors from realizing a more complete
analysis. In contrast to Thiago Alencar Gomes [2017] that
uses Deep Autoencoders to analyze individual expenditure
statements, our work employs the k-means algorithm on Par-
liamentary Quotas data to identify general spending patterns,
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including anomalous behavior, over a specific legislative pe-
riod (2015-2018). Unlike our study, the author chose to an-
alyze the deputies individually, not carrying out analyses by
party or state.

Bueno [2017] presented an analysis of outliers based on
expenditure data of Brazilian federal deputies from 2013 to
2016. A prediction of expenditures was also made for the
year 2017. Regarding the detection of outliers, the k-means
algorithm was used, with k = 5. The authors studied both the
entire period (2013 to 2016) and each year individually. The
analyses consider the costs of each party’s expenditure types
per month. As a result, a total of 25 outliers were detected,
out of which 23 are related to expenditures for publicizing
parliamentary activity. The author chose to carry out separate
analyses by year and didn’t carry out studies differentiating
the types of expenses produced by deputies.

In conclusion, our work aims providing a comprehensive
analysis of Parliamentary Quotas of the 55th Legislature
(from 2015 to 2018) in Brazil. We utilize the k-means algo-
rithm to uncover general spending patterns within different
categories of public expenses. Additionally, we employ time
series analysis, utilizing the Dynamic Time Warping (DTW)
function to identify anomalies in parliamentary expenses. By
combining clustering algorithms and time series analysis, our
research contributes to a more nuanced understanding of the
behavior of parliamentary expenses, contributing to the ex-
isting body of knowledge on public expenditure analysis.

4 Methodology

Here we describe the methodology employed to answer the
research questions presented at introduction. In a nutshell,
we followed three main steps: preparation, selection and
analysis of the data. Section 4.1 presents the preparation,
selection and analysis processes related to the Exploratory
Data Analysis; the corresponding processes regarding the
questions of Outlier Identification and Clustering are de-
scribed in Sections 4.2 and 4.3, respectively.

4.1 Exploratory Data Analysis

Here we focus on answering the first question (Q1): How do
parliamentarians use the values of the Parliamentary Quota,
considering parties and regions, through the analysis of the
distribution of expenses and the trends of each expense?. To
this end, we began by performing a data cleaning and prepara-
tion. The data related to the use of the Parliamentary Quotas
of the federal deputies had been made available publicly at
the Transparency Portal of the Federal Chamber of Deputies
(in Portuguese, “Portal da Transparéncia da Camara dos
Deputados”) *. The data is available in a .csv file, which
was obtained from the aforementioned portal. The data was
processed using scripts to MinMax normalize the values.
The expenses are presented in a monthly basis: each ex-
pense is linked to a deputy (with the corresponding name,
unique identifier, federal unity and party) and presented as
a receipt (in Portuguese, “nota fiscal”’) with the name and
CNPJ/CPF of the provider, the issuing date and the amount

2
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spent. Each expense is categorized into one of 23 spending
classes, including, for example, airfare, postal services, ac-
commodation and among others.

The data contains expense postings from 2009 to 2020.
The purpose of our work is to analyze the most recent legis-
tature that is entirely covered; thus, we studied expenses re-
garding the period of office from 2015 to 2018, aimed at find-
ing patterns in the records. For this period, only the deputies
who registered every month in every year were considered,
which led to a total of 242 deputies out of the 513 deputies.
Therefore, roughly 53% of the original dataset had to be ex-
cluded due to the lack of entries of the expenditures of the
deputies. The percentage of deputies excluded by region are
65.8% on Midwest, 64.9% on Northeast, 64.6% on North,
54.1% on Southeast, and 53.2% on South. Note that the
percentages are relatively well balanced. For a better under-
standing of the profile of the deputies with missing data, we
also separated them by party and grouped according to the
number of missing records, as shown later in Section 5.1. We
standardized the expenditure values according to the infla-
tion using the IPCA index Khol [1992], which is the official
inflation index of the Brazilian Central Bank (in Portuguese,
“Banco Central do Brasil”). In addition, the expenses were
grouped into five large categories:

+ Parliamentary Activity: 1. Maintenance of an office
to support parliamentary activity, 2. Dissemination of
parliamentary activity, 3. Participation in a course, lec-
ture or similar event.

* Transportation Tickets: 1. Air ticket - RPA, 2. Air
ticket - reimbursement, 3. Land, sea or river tickets, 4.
Air ticket - SIGEPA.

* Consulting and Security Services: 1. Consulting, re-
search and technical work, 2. Security service provided
by a specialized company.

* Daily Expenses: 1. Locomotion, food and accommo-
dation, 2. Fuel and lubricants, 3. Leasing of motor ve-
hicles or chartering vessels, 4. Provision of food for the
parliamentarian, 5. Accommodation, except for the par-
liamentarian in the federal district , 6. Lease or charter
of aircraft, 7. Lease or charter of motor vehicles, 8. Taxi
service, tolls and parking, 9. Lease or charter of vessels.

* Materials and General Services: 1. Telephony, 2. Ac-
quisition or licensing of software, 3. Acquisition of of-
fice supplies, 4. Postal services, 5. Subscription to pub-
lications.

Thus, instead of being represented in 23 expense cate-
gories, expenses are represented by only 5 categories. Fi-
nally, the data were analyzed over the four years in order to
illustrate behavioral trends for each expense.

4.2 Outlier Detection

Here we focus on answering the second question (Q2): Are
there any expenditure entries for deputies that may be consid-
ered abnormal in comparison with those of other deputies?.
To this end, we separated the problem into two scenarios: (1)
analysis of the expenses during the full legislature; and (2)
analysis of only during months of parliamentary recess. The
emphasis on the parliamentary recess was given because we
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believe that an improper use of public money would be high-
lighted in the recess, due to the expected decrease of the legit-
imate expenses. The dataset employed for the analyses is the
one obtained from the data preparation described in Section
4.1. The steps performed for each scenario are: (1) grouping
of parliamentary expenses by deputies; (2) identification of
the best value of the parameter k for the kNN-outlier algo-
rithm; (3) determination of a threshold to identify expenses
as outliers; and (4) identification of the expenses considered
to be outliers according to the threshold. The DTW distance
function was employed in this study. The algorithm kNN-
outlier was implemented in Python through the package pyod
Zhao et al. [2019].

4.3 Clustering

Here we focus on answering the third and final question (Q3):
Can the expenses made during the four years of the legisla-
ture be clustered together, thus identifying deputies who have
similar behaviors?. To this end, we performed the follow-
ing steps considering initially the whole period of the legisla-
ture and then each year of the legislature individually: (1)
Deputies considered anomalous in the analysis of Section
4.2 were discarded; (2) For each of the five categories of
expenses, the records were normalized in relation to the re-
spective month; (3) The clustering process for each expense
category was then performed with the k-Means algorithm,
employing the DTW as the distance function; (4) The value
of k was chosen using the Elbow Method, as described in
Section 2; (5) The implementation and analysis of the clus-
ters were performed in Python, with the algorithms from the
package tslearn Tavenard et al. [2020], which is a package
dedicated to clustering time series; (6) Finally, the analysis
of the clusters discovered was performed in relation to the
deputies’ geographic regions and the political parties, taking
into account the corresponding year, when applicable.

5 Results

Here we report the results obtained in our study. Specifically,
the following three subsections presents each individual re-
sults regarding each of the research questions Q1, Q2 and

Q3.

5.1 Exploratory Data Analysis

Here we answer the first question (Q1): How do parliamen-
tarians use the values of the Parliamentary Quota, consider-
ing parties and regions, through the analysis of the distribu-
tion of expenses and the trends of each expense? The aim of
the exploratory analysis is to describe the distribution of data
to complement the other analyses of clustering and detection
of outliers.

The dataset comprises the legislature from the years 2015
to 2018, including 29 political parties distributed among the
27 federative units. These states are grouped into five re-
gions, as described in section 4.1. Four analyses were per-
formed on parliamentary expense data: understanding the
distribution of expenses by state; understanding the distribu-
tion of expenses by party; distribution of expenses in Brazil-
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Figure 2. Comparison of deputies’ expenses during the legislature (2015-
2018) in relation to regions.

ian regions; and how the types of expenses behave during the
legislature.

The analysis of expenses in relation to states and parties
used a heatmap to illustrate the distribution of values through-
out the legislature. Figure la illustrates the annual expenses
of parties, while Figure 1c shows the expenses of states. We
can observe that from the perspective of parties, three par-
ties (PT, PMDB, and PP) stand out and account for more
than 33% of the expenses in the legislature. While from the
state perspective, the states of BA, MG, and SP also repre-
sent more than 33% of the expenses. However, when ob-
serving the representation of these parties and states in the
Brazilian Congress, we note that they have around one-third
of the deputies, which justifies the predominance of these
parties and states in the public expenses. Figures 1b and 1d
illustrate the average expenses of deputies concerning their
parties and states, respectively. In Figure 1b, deputies from
smaller parties (PHS, PRB, and PROS) have a higher average
expenditure than deputies from traditional parties. Likewise,
in Figure 1d, the average spending of deputies from smaller
states (RR, AM, and MA) is higher than the average spend-
ing of the largest Brazilian states.

Shifting to a regionalized analysis, it is possible to observe
that most expenses originate from the Northeast and South-
east regions, as shown in Figure 2. However, when compar-
ing the proportion of deputies from each region to the propor-
tion of expenses produced, we note that the North, Northeast,
and Midwest regions have a higher quantity of expenses than
the proportion of deputies from their regions, as described in
Table 1.

Finally, some analyses were carried out to help understand
the distribution of each expense. Figure 3 reports the average
and the standard deviation of the monthly expenses made
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Table 1. Relationship between the number of deputies per region
and the proportion of expenses in the legislature.

. S Expenses (%)
Regions  Deputies (%) 5315 2016 2017 2018 Mean  Std
North 1033 473 1475 1355 1504 1439 065
Northeast 26,03 3154 3205 3038 3056 3113 079
Midwest 6,61 716 758 883 85 801 077
Southeast 3926 351 3281 3396 3203 3347 134
South 177 1197 1281 1328 1387 1298 080

%% %% % %% %%

q,
%, |
N
N

) Daily Expenses

Figure 3. Average and standard deviation of the monthly expenses from
each category over the four years of the legislature. Red dashed lines indi-
cate the election period.

) Materials and G

by all deputies during the entire legislature. By analyzing
the legislature’s spending averages, it is possible to observe
spending peaks, seasonal patterns, and, particularly regard-
ing Transportation Tickets, a long-term trend of growth over
the months. For example, in Figure 3a, it is possible to ob-
serve peaks in the expenses that precede the change from one
year to another. During the four years, the expenses of Parlia-
mentary Activities immediately before the month of January
present a sharp increase when compared with other months
of the same year. It’s important to observe that the expenses
described in Figures 3a, 3b, and 3¢ have the largest values in
the election period, i.e., October 2018. Particularly, these re-
sults may indicate last minute expenses executed to use the
year’s budget. If this assumption is true, it would be ques-
tionable whether the expenses were really necessary. End-of-
year spending spikes also occur in other expense categories,
the Consulting and Security Services; see Figure 3b. Addi-
tionally, when observing those expenses in Figure 3b, it is
possible to notice two patterns of similar expenses in the first
two years of the legislature. Finally, in Figure 3c, it is possi-
ble to verify a clear trend of growth in the expenses regarding
Transportation Tickets throughout the legislature. Figure 3d
does not have a clear pattern, whereas Figure 3e maintains a
standard range, with the exception of a peak in the transition
from the first to the second year.

5.1.1 Considerations and Restrictions of the Data

Despite existing 513 deputies in the Brazilian Congress, the
parliamentary expense data was not reported by every par-
liamentarian, due either by to omission by the public agent,
or by the impossibility of disclosing the data because the
deputy didn’t complete the legislature. From the 513 existing
deputies, only 242 published their expenses for all months of
the legislature. Figure 4 illustrates the proportion of deputies
who fully or partially reported their expenses. The x-axis
shows the proportion of deputies related to the number of
months that were disclosed. There are four groups of in-
formation related to the number of months of expenses pub-
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Figure 4. Proportion of deputies per party by number of months with ex-
penses published. Parties are sorted by the number of months with published
expenses.

lished by each parliamentarian. The y-axis lists the political
parties. As shown, nearly all parties have deputies that did
not make their expenses public.

5.2 Outlier Detection

Here we answer the second question (Q2): Are there deputies
whose expenditure entries may be considered abnormal in
comparison with those of other deputies? 1t is also the focus
of our research to make comparisons between parliamentary
expenses, looking for situations that are unusual or consid-
ered anomalous when compared with other expenses. The
analysis of abnormalities was carried out separately for each
category of expenses. Our goal is to identify amounts spent
that have significant differences when compared with the ex-
penses of other deputies. Two sets of data were created, with
242 instances each, one per deputy. At first, all entries of the
deputies are considered, where each deputy is represented
by an array of 48 values that correspond to the months of the
four years of the legislature. The second analysis considers
only the months of the periods of parliamentary recess, that
is, the months of January, July, and December. Thus, there
are 12 values for each deputy. The analyses were carried out
independently for each of the five categories of expenses.

5.2.1 Owutliers in the entire period of the legislature

To identify outliers in the expenses, the kNN-outlier algo-
rithm was selected, together with the DTW distance function
to perform the similarity comparisons over the time series.
Five values were considered for the parameter k of the al-
gorithm (3, 5, 7, 10 and 20), and, through a method similar
to the Elbow Method, the best value for k was selected for
each of the categories of expenses evaluated. Specifically,
the ideal value for k£ was selected by how the outlierness
scores decrease in the ranking of deputies generated by the
kNN-outlier algorithm, and identifying the sharp deviations
in the scores. Figure 5 is an example of the outlierness scores
obtained with each value of k for the Daily Expenses. The
scores are presented in decreasing order, so the order of the
deputies shown in the X axis of each plot is the correspond-
ing ranking of deputies by their outlierness. As shown, each
plot presents a ’knee” (i.e., a sharp variation in the scores)
indicating that the first ~ 10 deputies in the ranking have
considerably larger scores than the others.

It also provides us with a threshold to distinguish outliers
and inliers. Consider the dashed, vertical line in Figure 5:
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Figure 5. Rankings of deputies by their outlierness according to the Daily
Expenses and the value of k. The ’knee”, shown in plot, and identified with
the method [Satopaa et al., 2011], reveals that k=5 is the configuration that

best distinguishes outliers and inliers.
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Figure 6. Comparison between the average and the outlying expenses re-
garding Consulting and Sercurity Services for the entire legislature.

each line identifies the limit that separates data considered
outliers from regular data (inliers). Score values equal to or
greater than this intersection are considered abnormal. The
more abrupt change in the direction of the curve of scores,
the better the identification of the threshold that separates the
two sets of data (outliers and inliers).

Using the knee identification method [Satopaa et al.,
2011], it was possible to determine a ’knee” point for each
plot. However, it is still necessary to identify the best value
of k for each expense. To identify the best k£, we use 10 points
before the knee point and 10 points after the knee point to cre-
ate, through linear regression, two straight lines (red lines).
The inclination angles of each straight line were identified,
and the variation between them was calculated. The small-
est angle formed by the two straight lines represents the best
value of k for the expense. This procedure was repeated for
all expenses, with the five pre-defined %k values. In Figure
5, we could identify that best k is k=5, because there is the
smallest angular variation.

After selecting the best values of k for each category of
expenses, the deputies selected as outliers are identified, al-
lowing the construction of plots to illustrate the dispersion
of anomalies when compared with the average of expenses.
For example, Figure 6 presents the expenses in Consulting
and Security Services. The blue line represents the average
value of this expense category for the four years of the legis-
lature. The shaded region around it represents the standard
deviation. The lines in orange, green, brown and pink shows
the outliers identified for the respective category of expenses.
In addition to expenses that have values much higher than
the average, sets of data that have extremely low values, i.e.,
near zero (Silvo Costa-REPUBLICANOS/PE), are also rep-
resented as anomalies.
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Table 2. Deputies who have expenses considered to be outliers in the time series of the entire legislature.

Parliamentary
Activity

Transportation
Tickets

Consulting and Security Daily
Services

Materials and

Expenses General Services

Arnaldo Faria De Sa (PTB/SP)
Z¢ Geraldo (PT/PA)
Carlos Manato (PDT/ES)

Arlindo Chinaglia (PT/SP)
Atila Lins* (PMDB/AM)
Pedro Chaves (PMDB/GO)

Josué Bengtson* (PTB/PA) Assis Carvalho (PT/PI)

Silas Camara (PSC/AM) Jerénimo Goergen (PP/RS)
Giacobo* (PR/PR) -
Gonzaga Patriota (PSB/PE) -
Cleber Verde* (PRB/MA) -
Lazaro Botelho (PP/TO) -
Pr. Marco Feliciano (PSC/SP) -
Félix Mendonga Janior (DEM/BA) -

Silvio Costa (REPUBL./PE)
Pedro Fernandes* (PTB/MA)
Cleber Verde* (PRB/MA)
Domingos Neto (PROS/CE)

Wiladimir Costa (PMDB/PA)
Atila Lins* (PMDB/AM)
Paes Landim (PTB/PI)
Silas Camara* (PSC/AM)
Nilton Capixaba (PTB/RO)
Giacobo* (PR/PR)
Pedro Fernandes* (PTB/MA)
Atila Lira (PSB/PI)
Givaldo Carimbao (PSB/AL)

Hermes Parcianello (PMDB/PR)
Josué Bengtson (PTB/PA)
Jair Bolsonaro (PP/RJ)
Eduardo Da Fonte (PP/PE)
Lelo Coimbra (PMDB/ES)
Eros Biondini (PTB/MG)

*Deputies appearing as outliers in more than one category of expenses.
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Figure 7. Comparison between the average and the outlying Daily Expenses
for the months of parliamentary recess.

Table 2 shows the deputies who presented expenses con-
sidered as outliers when observing valid entries in the dataset.
It is possible to see that some deputies appear in more than
one category of expenses. In addition, it was identified that
the majority (88%) of outlying deputies regarding Daily Ex-
penses are from the North and Northeast regions of Brazil,
while the South and Southeast regions had 2/3 of the anoma-
lies for Materials and General Services. From a party per-
spective, the parties PMDB, PTB, and PP generated 55% of
the outliers identified.

5.2.2 Outliers during the recess

Similarly, the second analysis started with the search for
the best value for the parameter k of the algorithm kNN-
outlier, and the threshold that distinguishes outliers from in-
liers. It was performed independently for each category of
expenses. Subsequently, we identified the instances that pre-
sented scores equal to or greater than the threshold of each
category. To exemplify the difference in values between reg-
ular and outlying instances, a comparative plot was created
between the average amount of Daily Expenses in recess pe-
riods and the abnormal ones; see Figure 7. Importantly, note
that the outlying deputies (in orange, green, red, pink, and
brown) present expense patterns that are indeed remarkably
distinct than the average (in blue).

Table 3 reports the deputies who had their expenses tagged
as abnormal during the parliamentary recess. Some of them
appear as anomalies in more than one category of expenses.
It should be noted that, in this scenario, near-zero expense
values for all months (Atila Lins-PMDB/AM) of the time se-
ries are also considered as outliers. The proportionality of

outliers per state and parties presented in the first scenario
were maintained in the second scenario with minor variation,
expect for the caveat that the state of Rio Grande do Sul had
57% of the anomalies regarding Transportation Tickets, and
only states of North and Northeast regions have anomalies in
Daily Expenses for the months of recess.

5.3 Cluster analyzing

Here we answer the third and last question (Q3): Can the
expenses made during the four years of the legislature be
clustered, thus identifying deputies who have similar behav-
iors? To this end, we analyzed each one of the five expense
categories during the entire legislature (Section 5.3.1) and
also during each year of the legislature individually (Sec-
tion 5.3.2). Specifically, our intent is to analyze both long-
and short-term similarities between the expenses of each cat-

egory.

5.3.1 Analysis of the entire legislature

For this analysis, we removed the deputies considered as out-
liers in Section 5.2 intending to avoid bias in the generation
of the clusters. Therefore, each category of expenses was
represented by 213 instances. Each instance consists of 48
records of expenses from the same deputy. As one of our
goals is to verify whether the clusters are interpretable, the
analysis of interpretability was based on geographic informa-
tion (region) and on the political party of each deputy.

As described in Section 4.3, the clustering process was per-
formed using the k-Means algorithm and the distance func-
tion DTW. The choice of the best value for the parameter & of
the k-Means algorithm was made using the Elbow Method.
Table 4 reports the best values for k obtained for each cate-
gory of expenses. The summaries of the clusters identified
are shown in Table 5: due to the large number of political par-
ties and the small representation of some acronyms, the polit-
ical parties that are not among the ten parties with the high-
est average spending were identified as ”Others” and only
the three labels with the highest incidence for each analyzed
point in each cluster are presented.

To interpret the identified clusters, one can notice, for ex-
ample, the impact of the geographic region on the clusters of
Daily Expenses. Let us detail this particular case. Figure 8
illustrates the choice of the best k and it also reports the num-
ber of instances in each of the clusters of that specific expense
category. In Cluster 1, nearly 78% of the deputies belong
to the northernmost regions of the country (Northeast has
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Table 3. Deputies who have outlying expenditure entries in months of parliamentary recess.

Parliamentary Transportation Consulting and Security Daily Materials and
Activity Tickets Services Expenses General Services
Arnaldo Faria De Sa (PTB/SP) Luis Carlos Heinze (PP/RS) Silvio Costa (PTB/PE) Atila Lins (PMDB/AM) Henrique Fontana (PT/RS)
Carlos Manato (PDT/ES) Darcisio Perondi (PMDB/RS) Josué Bengtson (PTB/PA) Paes Landim (PTB/PI) Pedro Chaves (PMDB/GO)

Silas Camara* (PSC/AM)
Givaldo Carimbao* (PSB/AL)

Heraclito Fortes (DEM/PI)
Lucio Vale (PR/PA)

Takayama (PSC/PR)
Pedro Fernandes* (PTB/MA)

Silas Camara* (PSC/AM)
Pedro Fernandes* (PTB/MA)

Eduardo Da Fonte (PP/PPE)
Waldenor Pereira (PT/BA)

Arthur Lira (PP/AL) Bohn Gass (PT/RS) Antonio Bulhdes (PRB/SP) Atila Lira (PSB/PI) Eros Biondini (PTB/MG)
Professora Dorinha (DEM/TO) Jeronimo Goergen (PP/RS) Domingos Neto (PROS/CE) Givaldo Carimbao* (PSB/AL) -
- Arnaldo Jordy (PPS/PA) Flavia Morais (PDT/GO) - -
*Deputies appearing as outliers in more than one category of expenses.
Table 4. Entire legislature (2015-2018): Best values for the param-
eter k of the k-Means clustering algorithm.
Category Best k& . "
Transportation Tickets 6 7
Materials and General Services 5
Daily Expenses 2 04
Parliamentary Activity 3
Consulting and Security Services 3 C s o
) : Ntmrmr:' t i Cluster Cluster 2
a) b)

Table 5. Clusters formed considering the entire legislature.

Figure 8. a) Choice of best k; b) Choice of best k and cluster’s sizes with
reference to Daily Expenses.

Expense Cluster Geographical region (%) Political party (%)
Cluster 1 Midwest (55.56), Southeast (22.22), Others (77.78), PR (11.11),
uster Northeast (11.11) PDT (11.11)
— Southeast (40.0), South (25.0), Others (82.5), PDT (7.3),
Cluster 2 North (17.5) PSB (5.0)
Ci 3 Northeast (40.0), Southeast (34.29), Others (65.71), PR (14.29), Cluster 1 h Cluster 2
uster 3 South (14.29) PSB (5.71)
Cluster 4 Southeast(39.58), Northeast (27.08), Others (68.75), PSB (8.33),
. i uster South (22.92) PR (6.25)
Rt Cluster 5 Southeast (49.35), Northeast (23.38), Others (72.73), PR (7.79),
ickets uster South (16.88) PSB (5.19)
Cluster 6 SO“‘hez]‘\j:ﬁ‘ig;’ (Sz"s“g; 25.0), Others (75.0), PHS (25.0) §
- Southeast (38.78), Northeast (26.53), Others (67.35), PR (10.2), :
i North (14.29) PRB (4.08) #
Clustor 2 Southeast (43.8), South (23.97), Others (76.86), PR (6.61),
Parliamentary uster Northeast (23.14) PSB (6.61)
Activity Clustor 3 Southeast (37.21), Northeast (25.58), Others (67.44), PR (6.98),
uster 3 South (16.28) PSB (6.98)
) Southeast (48.0), Northeast (20.0), Others (73.6), PSB (7.2),
Cluster 1 South (18.4) R (4.8)
Southeast (39.39), Northeast (30.3), Others (69.7), PR (9.09), . . . . .
Consulting and Cluster 2 ouens (Somh)(lgf’lng)em( b m;RB ()6_06)( b Figure 9. Geographical representation of the clusters of deputies according
Security Services Cluster 3 Northeast (30.91), Southeast (27.27), Others (72.73), PR (12.73), to their Daily Expenses
uster South (20.0) PSB (3.64)
pm— Northeast (43.06), North (20.83), Others (69.44), PR (12.5), . . .
e Southeast (15.28) PDT (5.56) of the legislature, each of the 213 time series instances of
Daily Expenses Cluster 2 Southeast (54.61), South (24.82), Others (74.47), PSB (7.09), .
- Northeast(14.89) PRB (4.96) each expense category was Segmented accordlng to the years;
Cluster 1 Southeast (39.13), South (21.74), Others (69.57), PR (6.52), . . . .
Northeast (17.38) PTB (6.52) leading to 213 x 4 = 852 time series instances, each one
Cluster 2 Southeast (41.38), South (24.14), Others (75.86), PR (10.34), .
‘ Northeast (17.24) PSB (6.9) consisting of 12 records of expenses made by the same
Southeast (36.36), North (27.27), Others (72.73), PDT (18.18), . . .
Giizd Northeast (27.27) PRB (9.09) deputy during a single year. All the 852 instances were an-
Materials and General Southeast (42.48), Northeast (28.32), Others (72.57), PR (8.85), . . . . . .
Services Cluster 4 South (16.81) PSB (7.08) alyzed together. Our intention is to allow the identification
Southeast (42.86), Northeast (28.57), Otk (78.57), PDT (14.29), . . .. . . . .
Cluster 5 SOt ER AN oS e iy ) of short-term similarities involving expenses from distinct

43.06%, North has 20.83% and Midwest has 13.89%): for in-
stance, Bahia has 14.47% and Cear4 has 7.89%, whereas Sdo
Paulo has only 2.63% of the deputies. On the other hand, in
Cluster 2, nearly 80% of the deputies belong to the southern-
most regions (Southeast has 54.61% and South has 24.82%):
for instance, Sdo Paulo has 22.63% and Minas Gerais has
20.44%, whereas Ceara has only 0.73% of the deputies. Fig-
ure 9 illustrates the geographical distribution of each cluster.
These results lead us to conclude that there exist considerably
distinct patterns in the Daily Expenses of deputies according
to their regions. The reasons behind such a variation in Daily
Expenses’ requirements from deputies of distinct regions are
not clear; note that Clusters 1 and 2 clearly represent distinct
regions, with the former regarding the northern portion of the
country, and the latter the southern portion.

5.3.2 Analysis over the years

Using the same methodology of the previous section, all
deputies considered outliers in Section 5.2 were discarded
from this analysis. To perform an analysis based on years

years. Thus, in addition to verifying the interpretability of
the clusters by the geographic region and political party, we
also verify the impact of the years in the cluster formation.

As before, we used the k-Means clustering algorithm with
the DTW distance function here. Table 6 reports the best val-
ues for parameter k, identified with the Elbow Method. The
summaries of the clusters identified are shown in Table 7.
Only the three labels with the highest incidence for each an-
alyzed point in each cluster are presented and, like in Table
5, political parties with low representativity are identified as
”Others”.

When interpreting the clusters identified, one can notice,
for example, the impact of the years on the clusters of Trans-
portation Tickets. Let us detail this particular case. Figure 10

Table 6. Analysis over the years, from 2015 to 2018: Best values
for the parameter k of the k-Means clustering algorithm.

Category Best k&
Transportation Tickets 2
Materials and General Services 3
Daily Expenses 5
Parliamentary Activity 6
Consulting and Security Services 4
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Table 7. Clusters formed considering each year of the legislature.
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Political party (%)

Year (%)

Others (74.95), PDT (6.35), PSB (6.35)

2015 (33.55), 2016 (30.46), 2017 (21.63)

Others (71.61), PR (8.86), PDT (5.24)

2018 (37.00), 2017 (28.82), 2016 (18.8)

Others (73.72), PR (8.03), PSB (5.84)

2018 (28.47), 2017 (26.28), 2015 (25.55)

Others (50.77), PRB (15.38), PSB (9.23)
Others (71.3), PSB (10.19), PR (7.41)

2016 (32.31), 2015 (24.62), 2018 (23.08)
2017 (30.56), 2016 (26.85), 2018 (22.22)

Others (78.05), PR (9.76), PSC (7.32)

2015 (39.02), 2018 (36.59), 2016 (12.2)

Others (75.47), PSC (5.66), PR (3.77)

2015 (32.08), 2018 (28.3), 2016 (20.75)

Others (75.22), PR (7.59), PSC (4.69)

2016 (26.77), 2017 (25.89), 2015 (23.88)

Others (74.18), PR (7.28), PSB (5.89)
Others (79.17), PR (9.38), AVANTE (3.12)
Others (46.51), PRB (13.95), PSC (11.63)

2017 (25.48), 2015 (25.13), 2018 (25.13)

2015 (27.08), 2016 (27.08), 2017 (20.83)
2015 (34.88), 2016 (23.26), 2017 (20.93)

Others (70.59), PR (6.62), PSB (6.62)

2016 (27.21), 2017 (27.21), 2018 (25.74)

Others (75.81), PR (9.68), PTB (4.84)

2017 (29.03),2015 (27.42), 2018 (25.81)

Others (74.15), PSB (9.4), PDT (4.4)
Others (62.16), PR (13.51), PRB (10.81)

2015 (25.59), 2016 (25.33), 2017 (25.07)
2015 (29.73), 2016 (24.32), 2017 (25.07)

Others (71.93), PR (14.04), PDT (5.26)
Others (71.88), PR (8.98), PDT (4.69)

2016 (27.19), 2018 (26.32), 2017 (24.56)
2018 (26.17), 2016 (25.39), 2015 (24.22)

Others (72.38), PR (7.41), PSB (6.33)

2015 (27.16), 2016 (24.85), 2018 (24.69)

Others (74.29), PR (7.43), PDT (7.43) 2017 (28.57), 2016 (28.57), 2018 (26.26)

Expense Cluster Geographical region (%)
Transportation Tickets Cluster 1 Southeast (42.16), Northeast (25.17), South (18.54)
: * Cluster 2 Southeast (40.35), Northeast (23.56), South (19.05)
Cluster 1 Southeast (45.99), Northeast (23.36), South (14.6)
Cluster 2 Southeast (27.69), Northeast (24.62), North (21.54)
Parliamentary Activity Cluster 3 Southeast (46.3), Northeast (24.07), South (11.11)
Cluster 4 Northeast (39.02), Southeast (39.02), North (9.76)
Cluster 5 Northeast (33.96), Southeast (32.08), Midwest (15.09)
Cluster 6 Southeast (41.86), South (24.33), Northeast (22.32)
Cluster 1 Southeast (43.85), Northeast (21.84), South (19.58)
Consulting and Secutiry Services Cluster 2 Southeast (29.17), Northeast (27.08), South (27.08)
” N Cluster 3 Southeast (53.49), Northeast (18.6), Midwest (16.28)
Cluster 4 Southeast (35.29), Northeast (35.29), South (12.5)
Cluster 1 Northeast (51.61), Southeast (14.52), Midwest (14.52)
Cluster 2 Southeast (55.35), South (27.68), Northeast (12.53)
Daily Expenses Cluster 3 Northeast (48.65), North (27.03), South (13.51)
Cluster 4 Northeast (34.21), Southeast (27.19), North (21.93)
Cluster 5 Southeast (39.06), Northeast (27.73), South (14.06)
Cluster 1 Southeast (42.13), Northeast (25.62), South (18.06)
Acquisition and General Services Cluster 2 Southeast (38.29), South (21.14), Northeast (20.57)
Cluster 3 Southeast (41.38), South (20.69), Northeast (20.69)

Others (74.41), PR (10.34), PSB (6.33) 2017 (41.38), 2015 (27.59), 2018 (24.14)

SSE

Number of clusters : Cluster
a) b)

Figure 10. a) Choice of best k; b) Number of instances in each cluster.

Cluster 2
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Figure 11. Impact of the years on the clusters of deputies with reference to
their expenses with Transportation Tickets.

illustrates the choice of the best &k and it also reports the num-
ber of instances in each of the clusters of that specific expense
category.

By analyzing the two clusters, it is possible to verify the
impact of the 2015/2016 and 2017/2018 periods: one of the
clusters is formed mostly by the 2017/2018 period while the
other is formed mostly by the 2015/2016 period. This be-
havior is illustrated in Figure 11. These results lead us to
conclude that there exist considerably distinct patterns in the
expenses with Transportation Tickets of deputies through the
years, which may be explained as an impact of inflation in the
corresponding periods.

6 Conclusion

This paper presented an analysis of the public expenditures of
federal deputies in Brazil considering the period from 2015
to 2018. For this purpose, an exploratory data analysis was
performed. We also presented analyses based on outlier de-
tection and clustering to find anomalies and other patterns
hidden in the expenses.

The exploratory data analysis revealed peaks of ex-
penses at the end of each year, which may make one wonder
whether these expenses were made to enforce using the full
annual budget, or if they were truly necessary. We could ob-
serve that there are some expense patterns (Figure 3), includ-
ing some expenses reaching high levels during election pe-

riod (October/2018). Besides, we verified a trend of growth
in the expenses with Transportation Tickets, which may be
explained by the inflation in the period. Additionally, the
exploratory analysis also revealed that roughly 53% of the
deputies did not make all their expenditure entries public.

The analysis of outlier detection for the entire period of
the legislature revealed that expenses on Materials and Gen-
eral Services from the South and Southeast regions of Brazil
correspond to roughly 66% of the outliers identified. Also,
when considering the parties, PMDB, PTB and PP repre-
sented 55% of the outliers found. Analyses for the recess
period, showed that some deputies are considered as outliers
regarding more than one category of expenses (section 5.2.2).
Here, it is worth noting that an ”outlying expense” may be ei-
ther much larger or much smaller than what is considered to
be usual when looking at the other expenses.

The results obtained from the analysis of clustering have
shown that distinct patterns of expenses exist based on the
Daily Expenses and the Transportation Tickets. Consider-
ing the Daily Expenses for the entire period of the legisla-
ture (2015-2018), two clusters were identified and they can
be characterized by region: 1. Most of the deputies in Clus-
ter 1 belong to regions further north in Brazil. 2. Most of
the deputies in Cluster 2 belong to southernmost regions of
Brazil. The reasons behind such a variation could not be un-
derstood by us, tough. Considering Transportation Tickets,
two clusters were identified and they can be characterized
by year: 1. Cluster 1 corresponds mainly to the first two
years of the legislature (2015 and 2016). 2. Cluster 2 corre-
sponds mainly to the last two years (2017 and 2018). These
two clusters may be explained by the prices of tickets that
have increased considerably over the years.

It is important to highlight that parliamentary quotas have
no direct relationship with social and political aspects, or
with society’s public policies. These are amounts used to
keep parliamentary activities running. However, the con-
tinuity and consistency of expenses information made by
deputies is vitally important, ensuring transparency and pub-
licity of information to taxpayers. The absence or inconsis-
tency of information may be considered violations of the prin-
ciple of publicity. The lack of constant updating of expense
information or the publication of incomplete or partial data
may influence the conclusions obtained, in addition to com-
promising the transparency of public spending.
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In conclusion, this work demonstrated that data mining
and machine learning models are useful in auditing public
expenses, focusing on the identification of anomalous expen-
ditures, as well as finding similarities and dissimilarities in
expenditures between parties and regions of Brazil. Thus,
given the potential that data science has to find patterns and
extract useful information from the data, as future work, we
expect to perform further analyses in the context of Federal
Deputies’ expenses in Brazil. A deeper and more detailed
investigation would be beneficial to broaden the understand-
ing of deputies’ behavior, allowing comparing federal and
state expenses, finding similarities among the suppliers re-
lated to anomalous expenses, or investigating if the expenses
reported match the market price of similar items.
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