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Abstract

Public procurement is a fundamental aspect of public administration. Its vast size makes its oversight and control
very challenging, especially in countries where resources for these activities are limited. To support decisions and
operations at public procurement oversight agencies, we developed and delivered VigIA, a data-based tool with
two main components: (i) machine learning models to detect inefficiencies measured as cost overruns and delivery
delays, and (ii) risk indices to detect irregularities in the procurement process. These two components cover
complementary aspects of the procurement process, considering both active and passive waste, and help the
oversight agencies to prioritize investigations and allocate resources. We show how the models developed shed
light on specific features of the contracts to be considered and how their values signal red flags. We also highlight
how these values change when the analysis focuses on specific contract types or on information available for early
detection. Moreover, the models and indices developed only make use of open data and target variables generated
by the procurement processes themselves, making them ideal to support continuous decisions at overseeing
agencies.

Policy Significance Statement

Overseeing agencies are tasked with the key but very challenging task of preventing inefficient and irregular
practices in public procurement. Here we describe the development of tools to support these entities in the early
detection of these practices. The tools are designed and developed with the user in mind, prioritizing explain-
ability and easy access to the data required, especially making use of open data sources. The results reveal which
operational variables associated with the procurement process are key for the early detection of inefficiencies.
The tools can further support decisions regarding the prioritization of investigations and resource allocation in
overseeing agencies.
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1. Introduction

Public procurement plays a key role in the successful operation of public entities and their ability to deliver
services to citizens.Given the size and number of public entities in any country, their procurement operations
can be very large and wide-ranging, posing many challenges to their monitoring and oversight. This is
particularly relevant as the activities developed through public procurement are funded by taxes, their goals
are of public interest and their impact is significant to the citizens’ well-being. Traditionally, public
procurement oversight has been performed by specialized entities, where teams of investigators monitor
public contracts grouped by sectors, geographical areas, andbuyer entities.However, these oversight entities
have limited budgets and personnel while the vast size of the public procurement activity makes the careful
monitoring of each process infeasible. This limitation naturally leads to the selection and prioritization of
procurement processes to oversee. Here, the experience of the investigators is central to decidingwhether to
monitor a procurement process and in which level of detail. Whereas this mode of operation is a necessity
given the current state of affairs, the availability of procurement data opens up opportunities to incorporate
new technologies that can better support the monitoring and oversight tasks in public procurement.

To support the overseeing process, machine learning methods have been proposed to facilitate the
detection of inefficiencies in public procurement. Examples of this approach include the work of Colonnelli
et al. (2022) which focuses on data from anti-corruption audits in Brazil, De Blasio et al. (2020) which
consider white-collar crime in Italian municipalities, and Decarolis and Giorgiantonio (2022) that look into
the tendering processes in roadwork projects in Italy, among others. However, many of theseworks focus on
the so-called activewaste, as definedbyBandiera et al. (2009),which refers todeliberate actions bydecision-
makers that lead towaste, as in corruption cases. This is in contrast to passivewaste,where inefficiencies are
caused by a lack of skills or incentives.While activewastemay attractmore attention, Bandiera et al. (2009)
found that passive waste accounted for 83% of the total estimated waste in Italian state agencies. To address
this gap, in this study we adopt a holistic view for the procurement process assessment, considering both
passive and active waste. Passive waste is captured through machine learning models that focus on
inefficiencies, while active waste is reflected via risk indices (IRIC) that focus on irregularities.

As described by Lakkaraju et al. (2017), when building data-based solutions for public procurement
overseeing, it is easy to fall for the so-called “selective labeling problem.” This problem arises when the
indices or models are based on data from cases detected by entities like the Comptroller’s Office or the
judicial system,which therefore leaves out all other cases thatwere not caught by these entities. This leads to
biases in the analysis that limit their reach to what has already been detected and prioritized by the judicial
system. To bridge this gap, in this study, we develop models and indices that rely on objective measures of
both inefficiencies and irregularities without passing through the filter of any other party. Further, these data
also have the advantage of being updated regularly (daily), increasing the effectiveness of the methods
proposed in this paper to support decisions regarding investigation prioritization and resource allocation.

In addition, many existing studies in this area have focused on black-box models with a large number of
variables, for instance in Lopez-Iturriaga and Sanz (2018); Ash et al. (2021); Decarolis and Giorgiantonio
(2022); De Blasio et al. (2022). While introducing an extensive set of variables enables these models to
reach high accuracy levels, it also hinders their explainability, which is key to gaining trust and facilitating
their use by investigators at the overseeing entities. We approach this gap by developing models with a
limited set of variables and show that these can achieve good performance while maintaining their
explainability. Thanks to these models, we are also able to shed light on which contract characteristics
aremost importantwhen anticipating instances of inefficiency. That is, itmakes it possible to identify the red
flags to which the authorities should pay more attention. The analysis used allows not only to identify the
variables with the greatest predictive power to detect inefficiencies in public procurement but also to
understand how the correlation between these variables and the outcome of interest varies throughout the
distribution of the contract features. In addition, it shows how the predictive capacity of these tools changes
depending on the type of contract and the moment of the process in which the prediction is carried out.

Finally, the models and indices proposed in this study are put together in VigIA, a tool that supports the
early detection of procurement processes with a high risk of resulting in inefficiencies and irregularities.
As inefficiencies, we specifically focus on cost overruns and delays and consider as irregularities other
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aspects that can impact the transparency and competition in the procurement processes. To detect
inefficiencies we propose machine learning models, while for irregularities we develop risk indices, all
at the contract level. As VigIA was an actual tool developed for an overseeing entity, many design
decisions were made to favor the tool transfer and adoption.

In the next section, we provide an overview of recent experiences regarding the introduction of
predictive models and risk indices in public administration, particularly in public procurement. Next, we
provide context regarding the procurement system considered, before discussing the data, methods
employed, and the key findings. The article concludes with a discussion of the key lessons learned and
future work.

2. Literature review

Several studies have explored the implementation ofmachine learning algorithms to address public policy
problems. These applications have occurred in fields as varied as health (Kleinberg et al., 2015), education
(Rockoff et al., 2011), public finance (Zumaya et al., 2021), violence prevention (Chandler et al., 2011),
justice (Kleinberg et al., 2018), poverty reduction (Blumenstock et al., 2015), food security (Hossain et al.,
2019), official communications (Jungblut and Jungblut, 2022), among many others. Most of these
applications fall into the category that Kleinberg et al. (2015) define as “prediction policy problems,”
that is public policy situations where causal inference is not so relevant, but the prediction of the
circumstances under which an intervention will be more effective is. This prediction can then support
decision-makers in allocating scarce resources. In this study we focus on the use of machine learning
algorithms and risk indices, to anticipate inefficiencies and irregularities in public procurement processes
and thus better allocate resources to oversee these processes.

2.1. Machine learning for public procurement overseeing

In the nascent literature that seeks to implementmachine learning and artificial intelligence tools to predict
corruption and waste in public procurement, the analyses vary on the level of aggregation from the larger
ones at the municipality level, down to the entity, and further to the contract level. At a high level of
aggregation, we find that Colonnelli et al. (2022) employ data from anti-corruption audits in Brazil to train
a set of machine learning models and assemble them through the SuperLearner approach (Polley et al.,
2011) to predict municipal corruption. After grouping variables into categories to assess the predictive
power of each category, the authors find that variables associated with the private and financial sectors are
more important than political or public sector characteristics. Also, in the De Blasio et al. (2020) study, the
focus lies on the prediction of white-collar crime at the municipal level in Italy, using classification trees.
The authors find that their models reach high levels of accuracy, that variables related to labor and housing
markets are the most important, and that the use of predictions based on machine learning would improve
the authorities’ fight against corruption. Finally, Lima andDelen (2020) carry out an evenmore aggregate
exercise, attempting to predict corruption at the country level. The authors identify the variables with the
greatest predictive power, highlighting the integrity of the government, property rights, judicial effect-
iveness, and education.

At a more granular level, Decarolis and Giorgiantonio (2022) carry out an analysis at the contract level,
focusing on roadwork projects in Italy. The authors seek to determinewhich characteristics of the tendering
design, the so-called “red flags,” are best at predicting the risks of corruption during the contract awarding
stage. Among other factors, the authors find that the employment of an awarding criterion based on
multiple parameters is highly predictive of procurement irregularities. To the best of our knowledge, there
are not many other works that focus on predictive models at the contract level. Works at the same level of
granularity but not using predictive models include Fazekas and Kocsis (2020), which focus on corruption
risk indices; Kenny and Musatova (2010), which evaluate red flags to investigate governance failure,
collusion or corruption in projects using a sample of World Bank water and sanitation projects; Szucs
(2023), which studies discontinuities in procurement outcomes and the density of the contract values,
found to be related to manipulation by the buyers to avoid auctions; and Fazekas andWachs (2020), which
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develops contract-level indices for Check Republic and Hungary to detect corruption and the resulting
market distortions.

Closely related to this work, in the study of Gallego et al. (2021), the authors carry out an analysis at the
contract level partially using open data for public procurement in Colombia. The authors train black box
machine learning models employing a large (100+) number of features available along the process
lifecycle and considering processes of all types. As the target variable, the authors use corruption
investigations, breaches of contract, and implementation inefficiencies. They find that the models reach
high levels of predictive power, with the budget and execution period as the characteristics with the most
predictive power. As we develop a tool to support resource allocation in a procurement oversight entity,
we also work at the more granular level of the contract.

2.2. Risk indices for public procurement overseeing

We also note that in recent years part of the literature has been interested in designing objective corruption
risk indices using open data in public procurement. These indices have emerged in response to traditional
measures of corruption that weremostly based on perception surveys. Studies such as Fazekas et al. (2016),
Charron et al. (2017), Fazekas andKocsis (2020), andGnaldi et al. (2021), propose and discuss indices that
capture typical red flags of public procurement and that can serve as early warnings.

Rodríguez-García (2022) shows a risk index of corruption by political parties in Latin America based
on an analysis of laws and regulations. Fazekas and Kocsis (2020) built a tendering composite score at the
contract level for European countries, with a focus on the lack of competition dimension. In Colombia,
Zuleta et al. (2019) provided a robust corruption risk index that takes into account three main dimensions
based on a methodology developed by The Mexican Institute for Competitiveness (IMCO) (IMCO,
2018). However, they built the indices at different levels of aggregation, such as political parties and buyer
units (public entities). In this paper, we contribute to this body of literature by proposing indices of this
nature for the Colombian case based on Open Data, which can be used as early indicators of contractual
irregularities in public procurement and serve as a complement to the machine learning models that focus
on inefficiencies.

2.3. Considering active versus passive waste

Bandiera et al. (2009) distinguish between active and passive waste in public procurement. Active waste
occurs when public decision-makers deliberately benefit from wasting resources, often through corrupt
practices, while passive waste arises from inefficiencies due to a lack of skills, incentives, or excessive
regulation, without any direct benefit to the decision-maker. The current literature has predominantly
focused on predicting active waste. For example, Ash et al. (2021) use cases of corruption detected by
random audits of the General Comptroller’s Office of Brazil, Lopez-Iturriaga and Sanz (2018) utilize
corruption cases reported by courts or themedia in Spain, andDecarolis andGiorgiantonio (2022) focus on
judicialmeasures for road contracts in Italy. Similarly, DeBlasio et al. (2022) addresswhite-collar crimes in
Italy. However, examining passive waste is equally, if not more, important. Bandiera et al. (2009) found
that passive waste accounted for 83% of the total estimated waste in their study of state agencies in Italy.
Our study significantly addresses this gap by considering both active and passive waste. Our outcomes of
interest encompass active waste, likely correlated with our irregularity measure (IRIC), and passive waste,
strongly associated with our inefficiency measures (cost overruns and delivery delays). Therefore, our
approach predicts waste in public procurement holistically, without prioritizing one form over the other.

2.4. Selective labeling

Even when focusing on active waste, the literature has often relied on measures that likely suffer from
significant measurement error, or worse, from what Lakkaraju et al. (2017) term the “selective labeling
problem.” Using measures of corruption detected by entities like the Comptroller’s Office and judicial
systems implies that models focus on visible corruption, but miss the invisible corruption. This approach
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may concentrate on thosewho “got caught,” potentially excluding themore skillful offenders. In theworst-
case scenario, the corruption investigators themselvesmight be biased (possibly influenced by corruption),
leading to instances of genuine corruption not being classified as such, and vice versa. This could result in
biased predictions with limited utility. Our study addresses this gap by using objective measures for both
inefficiencies and irregularities that do not necessarily depend on labeling by involved parties. A contract
that experiences delays or cost overruns, takes a long time to be awarded, or is given to a multipurpose
contractor is objectively recorded in the system as such.

2.5. Black-box vs explainable models

Existing studies have generally employed black-box models that are complex to explain and implement,
often relying on a large number of predictive variables. For instance, Lopez-Iturriaga and Sanz (2018) use
neural networks, despite using few macroeconomic variables at the provincial level. Ash et al. (2021)
utilize Gradient Boosting Machines (GBM) with nearly 800 variables. Decarolis and Giorgiantonio
(2022) employ lasso, ridge, and random forests with a similarly extensive set of variables. Similarly, De
Blasio et al. (2022) use classification trees in their models with almost 100 variables. While these
approaches can enhance model accuracy, our study demonstrates that a relatively simpler approach with
a restricted set of variables can achieve good performance levels. Addressing this gap is crucial if the goal
of these models is to be implemented practically, assisting agencies in optimizing their scarce resources in
the fight against the waste of public resources.

2.6. The case study of Bogota and VigIA

The case study of Bogota contracts and the models employed in this paper effectively address the
identified gaps. The open data from Bogota allow us to construct measures related to both active and
passive waste, as these data include indicators of cost overruns and delivery delays, as well as specifics of
the procurement processes. This enables us to build objective indicators of inefficiencies and irregularities
that are less susceptible to measurement errors or the selective labeling problem. Furthermore, the data set
is sufficiently rich in both variables and the number of contracts, allowing for automated pre-selection of
predictors while using simpler models that are easier to interpret and implement. By focusing on a single
local government, such as the city of Bogota, we can control for various political, economic, and
institutional factors that might correlate with public resource management, without losing variability
or scale in terms of the type and volume of public procurement. This comprehensive approach ensures that
our models are both practical and robust, providing valuable insights for optimizing resource allocation in
public procurement oversight.

3. Background

This study focuses on the case of the city of Bogota, Colombia, where public contracting is governed,
mainly, by Law 80 of 19931 and 1150 of 2007,2 which define different mechanisms through which
public procurement can be carried out. The most common are public bidding, abbreviated selection,
merit competition, and direct contracting. These mechanisms make it possible to differentiate
between competitive and non-competitive processes, mainly in terms of the potential number of
bidders that a procurement process may have. Direct contracting implies the discretionary selection of
the supplier of the good or service in question, for which it is considered a non-competitive
mechanism. In fact, the law states that direct contracting should only be used in exceptional cases.
However, it is a fairly common contracting mechanism, as illustrated by Figure 1, which shows that

1 See https://www.funcionpublica.gov.co/eva/gestornormativo/norma.php?i=304 (In spanish). Last accessed 02/17/2023.
2 See https://www.funcionpublica.gov.co/eva/gestornormativo/norma.php?i=184686 (In spanish). Last accessed 02/17/2023.
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direct contracting is in fact the most common procurement mechanism among the contracts reported
in Bogota between 2018 and 2020.

In recent years, the use of electronic platforms in public procurement has been encouraged at different
levels. The Electronic System for Public Procurement (SECOP by its acronym in Spanish) in its current
version (SECOP II), is a transactional tool where public agencies carry out their purchases electronically.
To this end, entities must use the platform to create the procurement processes, which may result in one or
many contracts. In this study, we focus on the contract as the unit of analysis but incorporate character-
istics of the process under which the contract was signed, such as the advertisement period duration or the
number of bidders.

For later referencewe also point out five key dates in a contract life cycle that are used in themodels and
indices developed: (i) signing date, when the contract is signed by both parties; (ii) start date, when the
contractual responsibilities of the supplier start; (iii) and (iv) execution start and end dates, when the actual
execution starts and ends; and (v) end date, when the contractual responsibilities of the supplier end.
While ideally, these dates should occur sequentially in the listed order, we actually find that in many
instances the signing date occurs after the start date. This will become evident in the results presented in
Section 6 and will in fact represent a red flag for inefficient contracts.

Although adoption rates vary significantly across the country, in 2017, the Mayor’s Office of Bogota
committed to fully adopting the SECOP II platform. As a result, all public procurement in the city is now
conducted through this platform, offering a comprehensive view of the platform’s data. Furthermore,
tables containing information registered on the platform are published daily as open data, making them
perfectly suited for the tools developed in this study.

3.1. The Veeduría Distrital

The Veeduría Distrital (or District Oversight Office), created by Law 1241 of 1993,3 is the agency in
charge of ensuringmorality and administrative efficiency in the city of Bogotá, with a unique nature in the
country for being of the sub-national order, but independent of its executive body (Rodríguez Arévalo
et al., 2021). One of the key objectives of this entity is to exercise preventive control in the use of the city’s
public resources. However, the office is relatively small, in terms of budget and staff. To put it in
perspective, in 2020 the assigned annual budget represented only 0.1% of the total city budget (Rodríguez

Figure 1. Number of contracts reported virtually by procurement mechanism across the years in Bogotá.

3 See https://www.funcionpublica.gov.co/eva/gestornormativo/norma.php?i=106394 (In spanish). Last accessed 03/04/2023.
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Arévalo et al., 2021). This implies that the Veeduría, each year, must monitor hundreds of thousands of
contracts with relatively scarce resources. Therefore, developing analytical tools to optimize these
processes was a latent need for the entity.

In fact, the results presented in this study have their genesis in a project submitted by the Veeduría
Distrital to the CAF-Development Bank of Latin America and the Caribbean in the context of a call to
support the strategic use of data and artificial intelligence in public entities. Among more than 80
projects presented by public entities across the region, the proposal of the Veeduría Distrital was the
winner.4 As a result, a key focus of this study is to develop tools that can be easily communicated to public
procurement investigators at overseeing agencies, such that resource allocation decisions are properly
supported and understood at the process and contract levels. Furthermore, this also leads us to build
differentiated models for different types of contracts and focus on models that only employ information
available at early stages in the process, thus supporting preventive control.

4. Data

The main data source for this project was the public contracting platform SECOP II, maintained by
ColombiaCompraEficiente, complemented by the record of sanctions imposed by the overseeing agency,
Superintendencia de Industria y Comercio (SIC). Both of these sources are available on the Colombian
open data platform,Datos Abiertos Colombia.5 In this section, we explain how these data were processed
and transformed to be used by the models and indices presented in the next section.

4.1. Electronic contracts data

SECOP II is a transactional platform that connects public entities and suppliers to carry out official
procurement processes online. To support traceability and transparency, much of the information
generated in a process is made publicly available as data tables with distinct levels of aggregation. We
used the electronic contracts data table SECOP II—Contratos Electrónicos6 as the main table for our
analysis, where the unit of observation is the contract, which corresponds to the most granular level of
aggregation. From this table, we selected the contracts generated by territorial entities in Bogotá, and the
autonomous corporations associatedwith the city. In addition, we only considered the contracts that report
an execution end date before Jan-01-2021, to focus on those contracts that could have reported cost
overruns or delivery delays, thus obtaining an initial set of 87,387 contracts and 66 variables.

4.2. Procurement process data

We considered the procurement processes registered in the SECOP II—procesos de contratación7

data table, which groups the needs of the projects for which a buyer opens a tender and may be composed
of many contracts. In this data table, a reconciliation was required as there were multiple records for the
same process identifier (3.9% of the records). Hence, we selected the variables of interest, eliminated
duplicate rows (in all their fields), and finally grouped the rows by procurement process ID, reconciling
conflicting information; for instance, between several publication date records for the same process
identifier, we used the oldest date. Finally, we obtained a table with 156,520 procurement processes. Next,
wemerged the procurement processes table with the electronic contracts table by procurement process ID,

4 See https://www.caf.com/es/actualidad/noticias/2020/07/veeduria-distrital-de-bogota-gana-el-llamado-a-instituciones-publicas-
de-caf/ (In spanish). Last accessed: 05/15/2023.

5 https://datos.gov.co. Last accessed: 05/15/2023.
6 Data collected on Feb-04-2021 from Datos Abiertos Portal (https://www.datos.gov.co/Gastos-Gubernamentales/SECOP-II-

Contratos-Electr-nicos/jbjy-vk9h).
7 Data collected on Feb-04-2021 from Datos Abiertos Portal (https://www.datos.gov.co/Gastos-Gubernamentales/SECOP-II-

Procesos-de-Contrataci-n/p6dx-8zbt).
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to obtain information at the process level for each contract, such as the number of offers, advertisement
period variables, etc.

4.3. Provider data

We also obtained information about the supplier company type and its date of first registration on the
platform, from the SECOP II—Proveedores Registrados8 data table, where we dropped duplicated values
and rows with missing or inconsistent supplier identifiers. Additionally, we explored the use of infor-
mation from sources other than SECOP II to have a wider set of explanatory variables.We used the record
of 14,150 sanctions imposed on persons and companies by the Superintendencia de Industria y Comercio
(SIC) between 01/01/2015 and 12/31/2020, available on Colombia’s Open Data portal.9 These sanctions
are imposed in cases of cartelization, unfair competition, and bad consumer service. With these data, we
computed the number and value of penalties for a supplier before the beginning of execution of each
contract. Also, we used the United Nations Standard Products and Services Codes (UNSPSC) to
aggregate the products or services procured in larger sets and to use this as a predictor variable.

4.4. Outcome variables

In order to create the outcome variables for the inefficiencymodels, we used the record ofmodifications in
contracts in the data table SECOP II—Adiciones.10 These data have the contract identifier, the date, and
the type of modification (cost overruns, delivery delays, general modification, conclusions, and others).
With this information, we grouped by contract to get the number of cost overruns or delivery delays
reported for each reported contract. Next, we linked them to the contracts table by Contract ID to obtain
the outcome variables. In this manner, contracts without cost overruns or delivery delays are marked with
0, and those with either issue with 1.

4.5. Missing data

After completing the previous steps,we obtained a tablewith 87,387 rows and 95 variables.Weperform a first
purge of variables to drop those that, due to their definition or being almost constant (over 99.99% of the
observations have the same value) are not relevant for themodels and indices, leaving 52 variables. Regarding
missing values, we found that 8.9% of the contracts have at least onemissing column: 5.2%missing values in
variables at the procurement process level, 2.9%missing values in the signing date, and 1.2%missing values
in the supplier registration date in the platform. To impute the signing date, we used the contract start date
minus the median number of days between the contract signing date and the start date by type of contract. In
the case of the supplier registration date, missing values are filled with the signing date. For the remaining
5.2%missing values, we created the variableHave procurement process that takes the value of 0 in the case of
missing values for the procurement, and 1 otherwise. This variable is used to filter the observations used for the
inefficiency models and also serves as an input variable for the irregularities indices.

4.6. Feature engineering

Weperformed feature engineering to summarize some variables, create new ones, and clean outliers. First,
for all categorical variables, we joined categories according to their meaning, and put together those
categories with a relative frequency of less than 0.1% into the category “other.” In addition, we used the
date variables to create characteristics that capture the duration in days between different events. For

8Data collected on Feb-04-2021 from Datos Abiertos Portal (https://www.datos.gov.co/Gastos-Gubernamentales/SECOP-II-
Proveedores-Registrados/qmzu-gj57).

9 Data collected on Feb-04-2021 from Datos Abiertos Portal (https://www.datos.gov.co/Comercio-Industria-y-Turismo/San
ciones-impuestas-en-firme-por-la-SIC-a-personas/i3z6-57ui).

10 Data collected on Feb-04-2021 from Datos Abiertos Portal (https://www.datos.gov.co/Gastos-Gubernamentales/SECOP-II-
Adiciones/cb9c-h8snhttps://www.datos.gov.co/Gastos-Gubernamentales/SECOP-II-Adiciones/cb9c-h8sn).

e75-8 Andrés Salazar, Juan F. Pérez and Jorge Gallego

https://doi.org/10.1017/dap.2024.83 Published online by Cambridge University Press

https://www.datos.gov.co/Gastos-Gubernamentales/SECOP-II-Proveedores-Registrados/qmzu-gj57
https://www.datos.gov.co/Gastos-Gubernamentales/SECOP-II-Proveedores-Registrados/qmzu-gj57
https://www.datos.gov.co/Comercio-Industria-y-Turismo/Sanciones-impuestas-en-firme-por-la-SIC-a-personas/i3z6-57ui
https://www.datos.gov.co/Comercio-Industria-y-Turismo/Sanciones-impuestas-en-firme-por-la-SIC-a-personas/i3z6-57ui
https://www.datos.gov.co/Gastos-Gubernamentales/SECOP-II-Adiciones/cb9c-h8snhttps://www.datos.gov.co/Gastos-Gubernamentales/SECOP-II-Adiciones/cb9c-h8sn
https://www.datos.gov.co/Gastos-Gubernamentales/SECOP-II-Adiciones/cb9c-h8snhttps://www.datos.gov.co/Gastos-Gubernamentales/SECOP-II-Adiciones/cb9c-h8sn
https://doi.org/10.1017/dap.2024.83


example, Sign-start contract days, the time between the signing and the start of the contract, and start-end
execution days, the time between the start and end of the execution. It is important to highlight that
although counterintuitive, we found that it is a common practice to sign a contract after its start date, which
causes negative values in some of these duration features. Regarding the outliers, we dropped the
observations where the contract value is greater than the 99.5 percentile across contracts different from
public works. As a result, we obtain a table where 34.3% of the contracts have cost overruns or delivery
delays, as displayed in Figure 2a. Also, in Figure 2b we see that delivery delays are somewhat more
common, and only 1740 contracts have both types of inefficiencies.

4.7. Data selection according to the process stage

Our processed dataset is composed of 87,027 contracts and 47 variables (see supplementary material A
and B) with variables associated with three distinct stages in the procurement process: pre-contractual,
adjudication, and execution stages. First, the pre-contractual variables are those available from the
publication of the process on the platform until its adjudication. Second, the adjudication variables are
those related to the assignment of the process to a supplier. Third, the execution variables are only those
available once the actual service or product is delivered after adjudication, including, for instance, the
execution start and end dates, the payments made in advance, and the inefficiency outcome variables.

5. Methods

In this section, we describe the methods we employ to develop the models and indices to address two
complementary aspects of corruption in public procurement, namely, inefficiencies and irregularities.

5.1. Inefficiencies models

The main goal of the models we propose is to predict whether a contract is likely to present inefficiencies,
measured as cost overruns or delivery delays. Thus, we are faced with a binary classification problem
where the categories are inefficiencies versus no inefficiencies. To tackle this problem there is a wide range
of classificationmethods in the statistical learning literature (Hastie et al., 2009; Bishop, 2006; James et al.,
2013). As mentioned in Section 3, the models here developed are to be employed by the inspectors at
oversight agencies,who decidewhich contracts to oversee. Thus, themodels are required to be explainable,
i.e., to allow a clear understanding of the reasons behind the alerts raised by the models, and thus improve
the acceptance and use of the tool (Wenzelburger et al., 2022). This central concern guided our selection of
classification methods towards transparent and explainable alternatives instead of black-box approaches,
such as neural networks (Goodfellow et al., 2016).

We have therefore opted to employ logistic regression and random forests as the classification methods of
preference, due to their explainability.On the one hand, aswe look to predict how likely a contract is to present
cost overruns or delivery delays, or either, logistic regression offers a simple mechanism to associate this

(a) Cost overruns or delivery delays (b) Venn diagram of number of contracts

Figure 2. Distribution of contracts according to the presence of cost overruns or delivery delays.
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likelihoodwith the features of the contract, such as the type of the procurement process, the type of contractor,
or the type of goods/services procured. On the other hand, a random forest employs a large number of simple
decision trees to determine whether a given contract is likely to present cost overruns or delivery delays, or
neither. Whereas each decision tree is relatively simple and has partial information, combining many of them
allows the random forest to provide predictions that are bothmore accurate andhave a smaller variance.Due to
its construction,with decision trees and random forests, it is possible to estimate the feature importance, which
can guide the user, in this case, the investigator, into the reasonswhy a specific contract is classified as irregular
or not. Furthermore, we estimate partial dependency plots to derive insights into the specific relation between
the contract characteristics and the inefficiency prediction. The combination of these tools facilitates the
communication and explanation of results to the oversight investigators.

5.1.1. Machine learning performance measures
Amodel’s performance is measured through a number of metrics to capture the model’s ability to predict
the actual outcome, i.e., whether a contract incurs in inefficiencies or not. The model predicts a positive
(resp. negative) result when it labels a contract with (resp. without) inefficiencies. If the prediction is
correct it is called a true positive (TP) or true negative (TN), whereas if the prediction fails it is called a
false positive (FP) or false negative (FN). Themodel’s accuracy can then be defined as the ratio of correct
predictions to the total number of predictions, i.e.,

Accuracy¼ TP + TN

TP + TN +FP +FN
:

Next, the model’s precision captures the fraction of positive predictions that were correct, i.e.,

Precision¼ TP

TP +FP
:

Also, the recall measures the fraction of actual positives that were correctly predicted by the model, i.e.,

Recall¼ TP

TP +FN
:

While it is desirable that both precision and recall are large and close to one, these twometrics tend to be in
conflict and an increase in one may be achieved by decreasing the other. Finally, we consider the receiver
operating characteristic (ROC) curve, which graphs the Recall, also known as the True Positive Rate
(TPR), and the False Positive Rate (FPR), defined as

FPR¼ FP

FP + TN
:

Each point in the ROC displays the FPR (x axis) and the TPR (y axis) for a different classification
threshold, i.e., the minimum value between 0 and 1 chosen to classify a contract as a positive. This allows the
ROC to provide a result that is independent of such threshold. To aggregate the information in the ROC in a
single number, the area under the curve (AUC) is computed, which is a number between zero and one. The
closer theAUC is to one, the better themodel’s ability to provide true positive predictions over false positives.

To evaluate the models we shall focus on the measures defined above (accuracy, recall, precision,
AUC) as well as on the confusion matrix, which displays the TP, FN, TP, and FP measures directly.

5.2. Irregularities indices

To complement the inefficiencies models, we built a Contract Irregularity Risk Index (IRIC, by its
acronym in Spanish), and a weighted version (IRICP), that provide a measure of irregularities risk in a
contract once it is signed. The goal of these indices is to cover other areas of the public procurement
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process that can be indicative of irregularities, beyond the cost and time inefficiencies considered with the
machine learning models.

We defined the indices following the findings of Zuleta et al. (2019), as an aggregation of multiple
variables that identify irregularities in three dimensions, as in IMCO (2018): lack of competition, lack of
transparency, and anomalies in the procurement process. However, while Zuleta et al. (2019) and IMCO
(2018) define the indices at the entity and even more aggregate levels, we build the indices at the contract
level. We thus revise the variables in each dimension to better fit the open data available, so as to avoid
reliance on private or hard-to-obtain data sources.

To build these indices we constructed a record for each supplier based on contracts previously assigned
to it at the time of the contract signature. In this record, we include the number of previous contracts with
cost overruns or delivery delays, the number of different economic activities performed by the supplier,
and the number of public contracts previously assigned to the supplier. With these records and the actual
contract information, we built 11 binary variables (0/1) that define the IRIC, as follows.

1. Lack of competition
(a) Single or non-proponent: a value of one represents a procurement process in which a single

bidder, or none, submits an offer on the platform. This phenomenon is associated with high
discretion in the selection process. A less competitive procurement process tends to favor
companies that are politically connected, increases prices, and results in lower productivity
(Baltrunaite et al., 2020; Szucs, 2023).

(b) Multipurpose suppliers: this equals one if the number of different economic activities
developed by the supplier is higher than one. The selection of a multipurpose supplier, which
providesmultiple and diverse goods and services, may indicate poor care about the suitability of
the procurement needs, and increase the risk of rent extraction and corruption in Colombia’s
public procurement (Open Contracting Partnership, 2020).

(c) Exceptionally high supplier history: used to identify companies that frequently win public
offers, which could indicate favoritism. To define what constitutes a high value we compute the
95th percentile of the empirical distribution by type of contract. From this calculation, we
obtained that a supplier is marked with a 1 in this variable if it has previously won more than
three contracts in the case of professional services, or more than 6 contracts otherwise.

(d) Direct contracting: this procurement mechanism implies that the entities directly engage with
suppliers to pick who can submit bids, making the procurement process less competitive and
increasing the risk the corruption (Fazekas and Kocsis, 2020). Thus, if a contract is awarded
through the direct contracting mechanism, it is marked with a 1.

(e) Special regime: in Colombia, the special regimemechanismwas created for public entities that
operate in competitive markets and execute public resources, such that contracts under this
mechanism are exempt from the Colombian General Contracting Statute. Therefore, the use of
this procurement mechanism requires special conditions that grant particular benefits to
contractors, hence it must be carefully justified and cannot be used frequently. However, there
are entities that employ this mechanism despite not operating in competitive markets, eviden-
cing its incorrect use and the subsequent restrictions to competition in procurement processes
(Zuleta et al., 2019). Thus, if a contract is awarded through the special regime mechanism, it is
marked with a 1 in this variable.

(f) Extreme advertisement period: during this period the procurement process is open to receive
offers, calculated as the number of days between a tender publishing date and the submission
deadline. Avery short advertisement period may indicate an advantage for informally informed
suppliers against others, whichmay signal corruption risks (Decarolis andGiorgiantonio, 2022;
Fazekas and Kocsis, 2020). Also, a very long advertisement period may be caused by legal
challenges, which may also signal risks (Fazekas and Kocsis, 2020). Thus, to define what
duration can be labeled as extreme for the advertisement period, we reviewed its empirical
distribution differentiating between contracts for professional services and others (see
supplementary material C). We selected the 99th percentile of the distribution such that a
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process shows an extreme advertisement period if its duration is greater than 14 days for
professional services contracts, or greater than 31 days for other types of contracts. For the
lower limits, we identified the first percentile as 1 day for both types of contracts, such that an
advertisement period of zero days is marked as extremely short.

2. Lack of transparency
(g) Errors or missing data: although it is not mandatory to fill all the information fields on the

platform, some key data should never be missing, since its absence limits external evaluation
and may indicate an irregularity. Therefore, this variable is marked as one if any of the
following fields are absent or not duly registered: the supplier’s ID is missing or inconsistent,
the procurement mechanism justification is missing, or the contract value is missing or
abnormally high for the goods or services to be acquired. From the contract value distributions,
we consider abnormally high those above 221 million COP for professional services contracts,
above 207 thousand million COP for public works, and 5 thousand million COP for all others.

(h) Extreme decision period: this period is the time required to choose the supplier since the time
the process closes for submissions. Abnormal decision periods can signal corruption risk at
both extremes: if the period is excessively short, it may reflect a premeditated assessment, while
if it is very long it may be due to legal challenges raised against the decision-making process or
the initial award decision (Fazekas andKocsis, 2020). As the platform does not provide the date
on which the chosen supplier is announced, we used as a proxy the number of days between the
submission deadline and the contract signature date, and fill missing values with 0. As before,
we estimated the distribution of the decision period by differentiating by contract type and used
the 5th and 95th percentiles to mark the threshold of what is considered an excessively short or
long decision period, respectively. We obtained that a regular decision period takes between
1 and 43 days for professional services contracts, and between 1 and 55 days for other contract
types (see supplementary material C). Thus, if the decision period is outside of these bounds, it
is considered extreme and this variable is marked with a 1.

3. Anomalies in the procurement process
(i) Supplier with cost overruns: it is marked with a 1 if the supplier assigned to the contract had

previous contracts with cost overruns, which indicates that the supplier has been inefficient in
the use of resources.

(j) Supplier with delivery delays: similar to the previous one, this variable is marked with a 1 if
the supplier assigned to the contract had previous contracts with delivery delays, another
measure of inefficiency.

(k) Absence of a procurement process: one of the characteristics that identifies an irregular
contract is that its offer was not made public before contracting. If the contracting process to
which a contract corresponds is not found on the platform, this variable is marked with a 1.

With the aforementioned variables, we calculate the IRIC index as their arithmetic mean to obtain a value
between 0 and 1 for each contract. A higher IRIC represents a contract more likely to be irregular.

Additionally, to take into account the contract size we introduce the IRICP. To obtain the weights for
each contract, we calculated the log transformation of the contract value, log contract_value+ 1ð Þ, and get
the 75th percentile (labeled α) by contract type, to obtain α¼ 17:51 for professional services, and α¼
18:11 for non-professional services. We set the weight as the ratio log contract_value + 1ð Þ=α, and built
the IRICP as

IRICPi ¼ log contract_valuei + 1ð Þ
α

IRICi,

α¼
17:51, ifContract type¼ “Professional services”,

18:11, otherwise:

(
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Therefore, for contracts with the same value of IRIC, the IRICP index prioritizes thosewith a higher value.
This approach addresses the concern that high-value contracts entail greater risk, as failure to identify
fraudulent contracts of this nature could result in significantly higher financial losses.

6. Results

In this section, we present the key results obtained with the models and indices developed to predict
inefficiencies and irregularities in public procurement for the city of Bogotá. While we developed a large
number of models, with different objectives and sets of variables, here we focus on the main findings and
differences among the models developed.

6.1. Models for cost overruns

For our base model, we start with all the variables available for analysis, as described in Section 4. As the
target variable, we select Cost overruns, which tags those contracts that incurred cost overruns. The
selection of this target variable implies a large class imbalance as the majority of contracts do not incur
cost overruns. We thus perform a resampling of the data to obtain a new dataset with an equal number of
observations for both classes (with and without cost overruns).

Once the resampling has been performed, we standardize the explanatory variables and train a random
forest model to determine the set of most significant features. The random forest can compute a feature
importance score as it estimates, for each branch in a tree, the amount of discriminatory power of a given
feature. The objective here is to select a relatively small subset of variables while maintaining the
predictive power of the model as high as possible. The selection of this small subset of variables is key
to our goal of providing an explainable model to the investigators. This process results in the selection of
just seven variables: Value, Sign-to-start contract days, Start-to-end contract days, Sign-to-start execution
days, Start-to-end execution days, Days supplier registered, and Sector Culture (which represents 14.1%
of the contracts). Descriptive statistics for these variables (over the full dataset) are presented in Table 1.

As these seven variables turn out to be themost important given their strong predictive power onwhether
a contract ends up having cost overruns or not, it is relevant to discuss them. To this end, we employ the
partial dependency plots derived from the random forest model trained to predict cost overruns. First, the
contract value turns out to be a key predictor of cost overruns, where a higher value indicates a higher
probability of a contract having them. While the model results indicate that high-value contracts are in fact
prone to cost overruns, the partial dependency plot in Figure 3, indicates that this is true for intermediate-
value contracts too. This plot captures the marginal dependency of the target variable, i.e., the likelihood of
observing a cost overrun, as a function of the explanatory variable, i.e., the contract value (Hastie et al.,
2009). The top left plot in Figure 3 shows that contracts with values in themiddle range are also prone to cost
overruns, much more than contracts with a relatively small value (the contract value is displayed on a
normalized scale around zero).We also explicitlymark the inflection point in the original scale to determine
a threshold of what can be considered a contract value sufficiently high to require special attention. In this

Table 1. Descriptive statistics of numeric variables in the cost overruns models

Index Mean std 25-th perc 50-th perc 75-th perc

Value (COP) 72,454,998 797,445,592 10,025,890 20,444,050 41,753,400
Sign-start contract days �9.84 37.53 �4 0 1
Start-end contract days 217.44 126.46 110 187 333
Sign-start execution days �1.76 53.87 �3 0 2
Start-end execution days 211.79 126.6 104 181 331
Days supplier registered 333.33 302.64 67 281 474
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case, it corresponds to 23,713,303 COP, which is a rather low value, somewhat above the median displayed
in Table 1. This highlights the need to widen the investigators’ reach beyond high-value contracts to tackle
intermediate-value contracts that may also display cost overruns.

Let us now consider the Sign-to-start contract days variable, which shows that a shorter time between
the contract signature and its start increases the likelihood of cost overruns. This can be observed in the top
center plot in Figure 3 where the decreasing shape implies that a higher likelihood of cost overruns is
observed for low values of the Sign-to-start contract days variable. The mark in the original scale shows
that when this difference reaches�20 days or less, i.e., the contract is signed at least 20 days after its start
date, the likelihood of cost overruns becomes very high. While it is not unusual for contracts to be signed
slightly later than their start date (as shown by the 25th percentile of this variable in Table 1), when this
delay gets large it becomes a predictor of cost overruns.

A similar relation is observedwith the Start-to-end contract days in the top right plot of Figure 3, where
we observe three main regions for the contract duration: when it is larger than 269 days (about 9 months),
the contract has a small likelihood of cost overruns; when this duration is between 116 and 269 days (about
4 to 9 months) the likelihood of cost overruns increases; and when the duration is under 116 days, cost
overruns become very likely. Conversely, a large delay in starting the execution after signing the contract,
i.e., variable Sign-to-start-execution days, is associatedwith a larger likelihood of cost overruns, as shown
in the sharp increase in the bottom left plot in Figure 3. Here we see that a delay of 34 days or more results
in a significantly larger likelihood of cost overruns.

Also, a larger duration of the execution, as captured in the variable Start-to-end execution days
indicates a higher chance of cost overruns, reflecting a possible greater risk involved in larger projects that
involve longer contracts. This can be observed in the increasing shape of the bottom center plot in
Figure 3, where we observed a particularly large increase in likelihood for execution lengths of over
1 year. Interestingly, the number of days the supplier has been registered in the platform, reflected in the
variableDays supplier registered— bottom right plot in Figure 3, is also a key predictor, as a shorter time
since registration increases the likelihood of cost overruns. This can signal a greater risk when contracting
young firms with possibly little experience in public procurement. This risk decreases after the company
has been registered in the platform for 228 days (about 7.5 months) or more.

(a) Contract value (b) Sign-start contract days (c) Start-end contract days

(d) Sign-start execution days (e) Start-end execution days (f) Days supplier registered

Figure 3. Partial dependency plots of explanatory variables in the Random forest model to predict cost
overruns. All variables in the x axis are standardized, and red dashed lines indicate tendency breakpoints

with the value in the original scale.
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Finally, the categorical variable Sector appears as a key predictor of cost overruns, specifically when it
marks contracts in the Culture Sector. We observe that contracts in this sector have a lower chance of
requiring cost overruns. This may be due to the nature of the contracts in this sector or as a consequence of
better practices in contracting, which is a question requiring further investigation.

With this subset of variables, we train both logistic regression and random forest models, using 70% of
the samples for training and leaving 30% for testing. Figure 4 presents the ROC, AUC, and confusion
matrices for these models. We observe that the random forest model performs better, with a significantly
higher ROC curve and an AUC of 0.943 versus 0.821 by the logistic regression. The confusion matrices
reveal a similar result, where logistic regression is able to identify contracts with cost overruns correctly
about 3 out of 4 times, while the random forest model is able to do so 6 out of 7 times.

6.2. Models for delivery delays

Another variable indicative of procurement inefficiencies is Delivery delays, where the duration of the
contract execution is prolonged beyond the terms defined during the procurement process. This may
indicate deficiencies in the procurement planning process, delays in execution, and/or lack of oversight
from the buyer. Thus, it is relevant for the overseeing entity to identify contracts at risk of delivery delays.
To this end, we developed similar models as in the previous section, but replacing the target variable with
Delivery delays.

Here, again, we performed a selection of the most relevant variables to come up with a compact and
explainable model. In this case, we find that the most relevant variables coincide with those in the cost
overrunsmodel, except for Sector (Culture). Thus, we end upwith six predictors for thismodel. As before,
the random forest model performs best with an AUC of 0.936, very close to the previous model.

6.3. Considering different contract types

As mentioned before, a common practice in Colombian public entities is the use of professional services
contracts to procure human resources. These contracts tend to behave rather homogeneously, with
relatively low values and fixed duration (typically 1 year) that prevent contract cost overruns or delivery
delays. A large fraction of contracts are of this type, as confirmed by Figure 5, which illustrates how
professional services contracts are the most common type for a duration of up to a year, while beyond
1 year, other types of contracts become more prevalent. Following these considerations, we developed
separate models for the set of professional services contracts and all other contracts, separately. This
allows us to obtain models that fit better the behavior of each contract type.

As Table 2 shows, all the performancemeasures improve when the analysis is restricted to professional
services contracts. For instance, the accuracy slightly increases from 87.47% to 88.29%. The performance
for non-professional services is instead worse than the overall case, with an accuracy of 79.16%. This can
also be observed in Figure 6, where the ROC curve for non-professional services remains below the one

(a) ROC curve and AUC. (b) Confusion matrix.

Figure 4. Results for logistic regression and random forests to predict cost overruns.

Data & Policy e75-15

https://doi.org/10.1017/dap.2024.83 Published online by Cambridge University Press

https://doi.org/10.1017/dap.2024.83


for professional services and the overall one. The confusion matrices also capture this effect, which is
likely related to the fact that non-professional services involve a wide set of procurement objectives and
mechanisms, making it more difficult for the model to predict correctly whether a contract will present
inefficiencies or not. This decrease in performance occurs even though the models that exclude
professional services include three additional features after selection: the number of invited suppliers,
duration of the advertisement period, and an indicator of products in the administrative services group.

Figure 5. Distribution of the contract duration by type.

Table 2. Random forest performance measures with additions in value as target variable and different
contract types

Contract type Accuracy Recall Precision AUC

All 87.47% 84.92% 89.49% 0.943
Professional services 88.29% 86.15% 90.38% 0.948
Not professional services 79.16% 70.34% 76.40% 0.872

(a) ROC curve and AUC. (b) Confusion matrix.

Figure 6. Results for the random forests model to predict additions in value for different contract types.
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While adding more variables would increase the model’s performance, we decided to limit the number of
variables to ensure the model remains easy to interpret for the investigators.

As this model includes additional variables, we study their partial dependency plots. Figure 7b shows
how a very small number of invited suppliers increases the likelihood of cost overruns for non-
professional services contracts. We also see that a significant decrease in this likelihood is observed for
a number of suppliers above 40. For the advertisement period, we observe in Figure 7c that the likelihood
of cost overruns increases with the duration of this period, and contracts with an advertisement period over
50 days display the largest likelihood. Finally, wewould like to highlight the behavior against the contract
value variable, displayed in Figure 7a, compared to the model for all the contracts, displayed in Figure 3a.
While the trend is similar, here we observed a much larger cutoff value (83 vs 23 million COP) to mark
contracts with a high likelihood of having cost overruns. This means that the models are able to capture
these different behaviors caused by the different contract types, highlighting the value of training models
for these different contract types.

6.4. Models for early intervention

One final consideration is the time at which the overseeing process is performed. Of special interest is the
ability to raise early alarms on procurement processes that may lead to contracts with inefficiencies. To
achieve this goal, we developed models where the set of variables is limited to those available during the
procurement process up to the contract signing.We refer to this period as pre-execution. With this smaller
set of variables it is harder to make accurate predictions, as they hold much less information than the full
set of variables. However, the results of thesemodels are particularly valuable for an overseeing entity as it
can decide to direct early efforts toward contracts likely to result in cost overruns or delivery delays.

Here we start with 30 pre-execution variables on which we apply the selection method based on
random forests to obtain a small set of features. In this case, however, the standard method lets only three
variables pass through: Value, Days supplier registered, and Sector (Culture). While this small number of
features makes the model easy to interpret, the performance suffers as all measures (accuracy, recall,
precision, AUC) drop below 70%. We thus choose to modify the selection threshold to allow for more
variables to be included in the model. After some tuning, we select a threshold of 1.3 times the median of
the importance, i.e., only those variables with an importance score 30% above the median are selected.
This choice allows us to improve the model’s performance by including 5 additional variables after
selection: Number of invited suppliers, Sector (Health), Procurement procedure justification, Product/
Service category (Administrative services), and Product/Service category (Non-administrative services).

Figure 8 shows how the ROC curve decreases when using the pre-execution variables only, compared
to the full set of variables. The accuracy and recall, in this case, are 76.06% and 76.2%, respectively, which
is confirmed by the confusionmatrix, where we observe that the model has similar false positive and false
negative rates, and is able to predict correctly whether a contract will have cost overruns or delivery delays

(a) Contract value (b) Number of invited suppliers (c) Advertisement period

Figure 7. Partial dependency plots of explanatory variables in the Random forest model to predict cost
overruns for non-professional services contracts. Variables in the x axis are standardized, and red dashed

lines indicate tendency breakpoints with the value in the original scale.
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3 out of 4 times. From the partial dependency plots (see supplementary material) we also observe that
contracts in the Health Sector have a larger likelihood of inefficiencies, as well as those in the
Administrative service category. Instead, contracts that require a Procurement procedure justification
and those in the Non-Administrative services category have a smaller likelihood of resulting in ineffi-
ciencies.

6.5. Inefficiency indices - IRIC

The previous models give us a set of tools to raise red flags to detect contracts with a high risk of
inefficiency. In turn, the IRIC and IRICP indices providemetrics tomeasure the risk of irregularities in the
procurement process and offer a tool to compare across entities and territories in terms of public
procurement. Hence, we calculated the IRIC and IRICP for 18,796 contracts, where 16,681 are
professional services and 1115 are of other types, signed in the year 2020 by public entities in Bogotá.
Themean IRIC by buyer shows an aggregate measure that can be updatedwith each contract and provides
a metric to track the probity of the entity. Likewise, the weighted version, IRICP, allows us to monitor the
procurement process but accounts for the effect of the contract value magnitude to take special care of
expensive contracts.

Table 3 shows that in Bogotá on average professional services contracts are more likely to have
irregularities than other types of contracts. Also, most contracts display an IRIC between 0.27 and 0.36,
which means that contracts usually exhibit three to four of the 11 red flags defined in Section 5.2.
Additionally, Tables 4 and 5 showhow IRIC aggregations allow us to compare between entities.We found

(a) ROC curve and AUC. (b) Confusion matrix.

Figure 8. Results for the random forest models for additions in value using all variables vs pre-execution
variables.

Table 3. Descriptive statistics of IRIC and IRICP, by contract type, for contracts signed in 2020

Index count mean std min 25% 50% 75% max

Professional services
IRIC 16,681 0.354 0.074 0.000 0.273 0.364 0.364 0.818
IRICP 16,681 0.339 0.073 0.000 0.270 0.342 0.367 0.930
Non professional services
IRIC 2115 0.320 0.092 0.000 0.273 0.273 0.364 0.727
IRICP 2115 0.296 0.102 0.000 0.230 0.253 0.364 0.768
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that the buyer with the worst index on average in 2020 in Bogotá across professional services contracts
was IDIGER,11 which exhibits the highest IRIC, and similar values of IRICP. On the other hand, across
non-professional services contracts the riskiest buyer was the Defensoría del Espacio Público12 as it
displays the highest IRIC and an even higher IRICP.We also note that the highest IRIC and IRICP values
are much higher for non-professional services contracts than for professional services. This emphasizes
the differences among these types of contracts and the need to have models and indices that take these
differences into account.

7. Discussion and conclusion

The models, indices, and results presented in this paper originate from a tool developed for an overseeing
agency with the aim of supporting their resource allocation decisions and the prioritization of investiga-
tions. There are, however, different alternatives for developing such tools. We have made a number of
choices that we summarize here.

First, while many potential data sources could be identified, we decided to rely only on Open Data
sources. While this may be limiting, as other studies have made use of more detailed information, we
prioritized having continuous access to data to update the models without requiring large efforts from the
overseeing agency. Naturally, a better quality of the published data, in terms of quantity, completeness,
cleanliness, and documentation, would favor the development of better (more complete and accurate)
models, but the availability of these sources as Open Data is key to the tool development and its future
maintenance.

Second, we decided to lean towards explainable models, giving particular importance to the selection
and use of as few variables as possible. We found this to be particularly relevant to develop tools for
overseeing agencies, as their decisions face ample scrutiny. The explainability requirement is challenging
due to the trade-off with accuracy. This led us to sacrifice accuracy in order to guarantee that the number of
variables remained limited. Having explainable models was in fact important for us to identify the key

Table 4. Top entities by average IRIC for professional services contracts in 2020

Buyer IRIC IRICP

IDIGER 0.452 0.440
Alcaldía Local de Puente Aranda 0.426 0.403
Alcaldía Local de Kennedy 0.422 0.409
Cuerpo Oficial de Bomberos de Bogotá 0.411 0.385
Unidad de Rehabilitación y Mantenimiento Vial 0.410 0.398

Table 5. Top entities by average IRIC for non-professional services contracts in 2020

Buyer IRIC IRICP

Defensoría del Espacio Público 0.636 0.768
Alcaldía Local de Ciudad Bolivar 0.636 0.743
Terminal de Transporte S.A 0.636 0.681
Alcaldía Local de los Mártires 0.545 0.609
Secretaría General de la Alcaldía de Bogotá 0.466 0.441

11 IDIGER is the District Institute of Risk Management and Climate Change of Bogotá.
12 Defensoría del Espacio Público is the public entity in charge of the defense, inspection, surveillance, regulation and control of

the public space of Bogotá.

Data & Policy e75-19

https://doi.org/10.1017/dap.2024.83 Published online by Cambridge University Press

https://doi.org/10.1017/dap.2024.83


variables that can be used as flags by the investigators, such as the supplier experience or the duration of
certain steps in the process.

From a technical point of view, the project also leaves an important lesson in terms of precision, false
positives, and resource optimization. When training machine learning models like the ones developed
here, researchers have the ability to tune the parameters of interest based on the number of false positives
and negatives they are willing to tolerate. A very aggressive model, capable of detecting many true
positives at the cost of detecting many false positives, can cause authorities to waste resources inspecting
contracts that are not actually problematic. As audit costs are significant and resources are scarce, it is
important to find the sweet spot between true and false positive detection.

Finally, we would like to highlight the contributions of this article to the development of machine
learning-based models and irregularities indices as holistic complementary tools for the oversight of
procurement processes. The development of these tools has also led us to identify key indicators of
inefficiency in public procurement that are easy to interpret for domain experts without a background in
machine learning.

The aforementioned design choices serve also as a baseline for future work. The Open Data employed
focuses on features of the procurement process, which are readily available at the national level and could
be found in other datasets, such as those from the EuropeanUnion Tenders Electronic Daily (TED) portal,
the US SAM data bank, and CanadaBuys, among others. Future work may thus test the scalability of the
proposed methods to these and other contexts, and tailor the solution according to the specific data
available and the local characteristics of the procurement process.

Also, regarding the features employed in themodels and indices, the relationship between the presence
of missing data and the outcomes should be explored. Although the presence of missing data is widely
used in the risk index literature (Fazekas et al., 2016; Fazekas and Kocsis, 2020; Zuleta et al., 2019), the
quantification of the relationship between missing values and the outcomes of risk indices and ineffi-
ciencymodels remains an open question. Furthermore, our research identified relevant variables related to
the provider, but their construction is limited by data availability. Thus, future work could explore the
inclusion of supplier and entity network measures, for instance, through graph analysis (Van Erven et al.,
2017; Liu et al., 2016).

Finally, another avenue for futurework is tomeasure the impact of this or similar tools on investigators’
productivity, especially on their ability to promptly identify inefficient and irregular public contracts.

8. Practitioner notes

Multiple authors have nourished the public policy literature on the problem of predicting corruption and
waste of resources in public procurement, providing a variety of alternative tools. These are diverse in i)
level of aggregation, from the larger ones at the municipality level down to the more detailed ones at the
contract level; ii) techniques used, including objective corruption risk indices and a variety of machine
learning models; and iii) data sources, covering different sectors and variables. There are, however, some
gaps in the literature that we address in this study:

• First, existing literature focuses mostly on the prediction and monitoring of active waste, while
overlooking passive waste. This prioritizes corruption cases as detected by the judicial systems, but
leaves aside inefficiencies caused by lack of skills, incentives, or the presence of political and
regulatory obstacles. We tackle this gap by proposing both an index based on Open Data to detect
active waste in terms of contractual irregularities, as well as machine learning models to detect
passive waste in terms of inefficiencies. This holistic approach is able to better consider both active
and passive waste in public procurement.

• Second, the literature has relied on data labeled by human decision-makers, such as Comptroller’s
Offices and judicial systems, which fall for the so-called “selection labeling problem”. As a result,
the models derived from such data carry a bias toward visible corruption but miss undetected cases.
To address this gap, this study relies on objective measures of inefficiencies and irregularities
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obtained from the procurement process itself, such as delivery delays or cost overruns. This enables
the identification of cases beyond those previously detected by other decision-makers.

• Third, the machine learning models developed in previous studies generally use black-box models
and/or large numbers of variables to reach good performance. This creates barriers among personnel
non-specialized in such techniques, hindering the tools’ adoption. Our approach bridges this gap by
leaning towards explainable models, with a careful selection of as few variables as possible. While
this may be limiting, it simplifies reproducibility, which is key given the ample scrutiny that
overseeing agencies face, thus easing adoption and even shedding light on key red flags to consider
in the procurement process.
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