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CEMLA’s Innovation Hub
•

The Hub was announced in March 2019 and officially launched in June 2019.

•

The Hub seeks to:
• To built capacities in the regional central banks to address issues that arise in areas
as Financial Stability and Financial Market Infrastructures with novel techniques
from Machine Learning, Network Science and Distributed Ledger Technology
(DLT),
• To incorporate the knowledge gained from each case into a research work with the
aim to spread its benefits among central banks.

•

The projects comprised a variety of problems as the detection of anomalous behavior of
institutions, transactions and time intervals in the payments systems, interbank
exposures characterization, measurement of systemic and credit risk and its effects,
price rigidity and the study of tiered access to an RTGS system through an DLT-based
approach.
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Bolivia
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Bolivia. Background and Methodology
•

In this use case we performed systemic risk analysis and characterized the network structure of
payment system between 2014 and 2020 and for the interbank exposures network between
2018 and 2020.

•

Systemic risk analysis was carried out using the DebtRank metric for interbank exposures and
the SinkRank for the payment system. For both networks, we also extracted the backbone of
most important connections using the Pólya and Kobayashi-Takaguchi-Barrat (KTB) filtering
methodologies.

•

Pólya filter is based on the idea that the networks observed are the aggregate outcome of
repeated interactions over time. Each node distributes its weights among its links following a
Pólya process with a reinforcement parameter 𝛼.

•

The KTB filter assumes there is a permanent probability of interaction between a pair of nodes.
The method for the calculation of the backbone is based on undirected edges without weights
but is a dynamic method.
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Bolivia. Results
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Chile
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Chile. Motivation
■

Fintech developments has unveiled the need for central banks to review whether their
RTGS access policy contributes to keep retail payments safe and efficient, given new
entrants gaining relevance.
■

■

Distributed Ledger Technologies (DLT) could enable a widened (tiered) access to
RTGS account-services, especially for nonbanks, in the search of promoting fair and
open competition in the retail domain.
■

■

CPMI-IOSCO Principles (2012) recommend that relevant actors should have a fair access to
core payment infrastructures, under certain risk management conditions

DLT have been extensively tested by central banks and the industry as a vehicle to enhance
existing payment infrastructures.

Our goal is very specific and subject to be explored further to conventional technology
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Chile. Approach

■

We de-structure the RTGS in the elements that
could mostly contribute to competition (i.e. tiered
access for nonbanks).

■

We present DLT operational architecture options
that could fit the purpose of providing a tiered
access for nonbanks. This is accompanied by a
(conceptual) performance analysis of competition
indicators.

■

We present a DLT-based operational architecture
addressing the most relevant interactions of the
RTGS elements, taking the competition indicators
as well. (to be completed)

RTGS de-structuring
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Chile. Further steps
DLT architecture options
■

Selecting the most suitable DLT
architecture that meet the goal of wide
access for non banks
■

Privacy
■ Processing rules
■ Legal framework
■ Interoperability
■

Pinpointing issues which may not fit in
the selected architecture
■

Cyber resilience and fraud risk
■ Scalability
■ Costs structure
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Colombia I
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Colombia I. Motivation and Methodology
•

In this work was used a supervised methodology that represented the payment behavior of individual
institutions by using data from the Colombian large-value payment system.

•

The methodology learns the payment patterns from each institutions through the implementation of a feedforward neural network. The features learned corresponded to financial institutions’ contribution to
payments, funding habits, payments timing, payments concentration, centrality in the payments network
and systemic impact due to failure to pay; leading to a dataset that consisted of 113 features.

•

In order to test the robustness of the features and the methodology itself three different experiments were
performed. The base experiment uses the full set of features and train and validates the neural network,
then the next experiment repeat this procedure but excluded the network and simulation-based features to
test its importance; third, with the aim to reduce dimensionality and data noise it was applied Principal
Component Analysis before the training and validation of the neural network.

•

The architecture of all the experiments consisted of one hidden layer, where its number of neurons was
tuned during the training step. Once that the models were trained, its classification performance was tested
with out-of-sample data.
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Colombia I. Results
Full set of features Model

Network and simulation-based features excluded
Model

PCA denoising Model
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Colombia II
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Colombia II. Methodology
•

We analyze the exposures network of the banks and their counterparties that stems from the
quarterly regulatory information from the supervisory institutions and the Central Bank of
Colombia.

•

The relationships among banks include unsecured interbank loans and repos. The relationships
between banks and firms include information from different lines of business, such as
commercial, microcredits and mortgages.

•

We consider the DebtRank methodology for the systemic risk analysis, which relies on equity.

•

Since equity cannot be always obtained for all the potential nodes in the network, mostly on the
firms side, we are exploring alternative methods that rely only on the structure of the banks-firms
bipartite network for the analysis of impact and vulnerability of such agents.

•

We are also considering the methodology to quantify the significance of the loans within the
network to identify relevant relationships among institutions.
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Colombia II. Preliminary results

Each node of the graph represent a bank, and an edge between nodes means that both banks share at least one
common firm in the corresponding sector. The size of the vertices represent the vulnerability of the bank within the
network.
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Colombia II. Expected Contributions
•

We will provide the groundwork for the identification of systemically relevant institutions for the
Colombian financial system from a credit risk view, with a strong consideration on the
construction of the interbank and the bank-firm relations and for the institutions for which the
DebtRank methodology is applicable, by producing the impact, vulnerability, dependency and
another relevant metrics.

•

We will complement the analysis for the induced networks in which the DebtRank is not
applicable. We also expect to describe the cautions regarding the alternative methodology to
DebtRank, so we can help anticipate any pitfalls or shortcomings in further implementations. If
possible, we expect to build on the methodology to overcome those issues.

•

We will report the analysis on the filtered network with relevant information and the comparison
with the original network. For some cases, due to the volume of information, it would be
important to reduce the volume of arcs for computational purposes.
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Ecuador
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Ecuador. Motivation and Methodology
•

For this case an oversight tool was developed where the methodology aimed at detecting anomalous
behavior within the network of payments generated from its payments system, Sistema de Pagos
Interbancarios.

•

The technique implemented for this work was the autoencoder, which is an unsupervised feed forward
neural network that has as objective the reconstruction of the data that is fed into it

•

The first step that follows the autoencoder is the projection of the data to a lower dimension, which leads to
the learning of the most important features; then the autoencoder follows a reverse process to reconstruct
back the original information. This procedure allows us to label poor quality reconstructions as anomalies,
given that this indicates an unseen behavior.

•

Before the training of the autoencoder a preprocessing of the data was performed through a log
transformation followed by a min-max standardization with the purpose to reduce the skewness of the
payments flows and the leverage of the features.
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Ecuador. Results
Large-size bank alerts

Medium-size bank alerts

Systemic alerts
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El Salvador
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El Salvador. Motivation and Methodology
•

A methodology was developed that under an unsupervised approach classifies payments from the
Salvadorian RTGS system into clusters. It was found that the methodology is able to identify clusters where
the payments contained can be classified as anomalous based on a set of minimal network features.

•

In order to get meaning from the original data it were constructed features of two different types; one hot
encoding (OHE) features, which captures the interactions between the RTGS system participants’, and
network features, which are intended to show properties that the complete payments network pose.

•

After the creation of the above-mentioned features different models were trained by varying the set of
features studied (OHE, network features or both). For the case of OHE features and all features, given its
high dimensionality, it was decided to perform PCA to reduce the noise of the data.

•

The last step of the methodology consisted on the clustering of the payments which was done by
implementing K-Means. Finally, the clusters obtained for the different models were compared and the
payments inside them were analyzed.
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El Salvador. Results

Rand Index table
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Peru
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Peru. Background and Methodology
•

We analyze the multiplex structure of interbank exposures of the Peruvian banking system,
including structural and centrality metrics, as well as the DebtRank systemic risk indicator for the
quantification of the systemic importance of financial institutions.

•

We use daily data of short-term unsecured exposures network to analyze the network in Peru
using structural and centrality metrics.

•

The multilayer approach provides us with additional insights on the decomposition of systemic
risk. For this analysis we use monthly data for short-term and long-term credit, demand deposits,
term deposits, cross-holding of securities and derivatives.

•

We use Stochastic Block Model to identify communities of banks.

•

Finally, we analyze the impact and vulnerability of banks and their relation between them.
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Peru. Results
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Uruguay I
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Uruguay I. Background and Methodology
•

We use a systemic risk metric for an extended network which includes the interbank network,
the banks-firms bipartite network and the intra-firm exposures network in Uruguay.

•

This is one of the first works, in which the intra-firm exposures network is estimated with such an
accuracy by using information from a firm survey and is used for the computation of a systemic
risk metric.

•

The firm level survey conducted to 240 Uruguayan firms by the Central Bank of Uruguay in
October 2018 contains information for the three most relevant debtors and creditors, we have to
complete the full intra-firm exposures matrix by resorting to two well-known methods: the
Maximum entropy and the Minimum Density.

•

Additionally, we use a reconstruction method and a fitness model which takes into account the
known entries of the matrix obtained from the survey, then we assign weights to the links using
the RAS algorithm.

•

We build a network of effective exposures of banks towards firms. We could perform a stress
test on the bipartite network of effective exposures, for instance projecting the network and using
DebtRank.
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Uruguay I. Results
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Uruguay II
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Uruguay II . Methodology
•

We use a rich database of retail prices from Uruguay to characterize prices’ flexibility, the behavior of
sales, and their relationship with local market conditions like labor market indicators.

•

The database is a weekly panel that includes prices of 23,902 products from August 5th, 2014 to
December 25th, 2019. It is updated on a regular weekly basis and it can also be scraped through the
supermarket website. The categories are: food, fruits and vegetables, drinks, drinks with alcohol,
cleaning products, personal care, tobacco and other products.

•

First, we use a fixed effect panel regression to analyze the relationship between sales and
unemployment. We find a positive and significant relationship between sales and unemployment.

•

As the economy worsens with increases in unemployment, the supermarket uses sales to a greater
extent as a mechanism for price flexibility and to stimulate revenue in a negative scenario.

•

We also estimate the same panel regression but with the price change probability as the dependent
variables (instead of the sale probability). We find a negative and significant relationship between the
probability of price change and unemployment. This result indicates that price change becomes
infrequent in the worst stage of the business cycle.
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Uruguay II . Results
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Working Groups on Central Bank Digital
Currencies and Fintech Data Gaps

Working Group on CBDC
•

The aim of this group was to deepen in practical experience, design and technology, around
Central Bank Digital Currencies (CBDC), to better understand how a central bank must proceed,
if. The jurisdictions that participated were Bahamas, Chile, Colombia, Eastern Caribbean,
Ecuador, Jamaica, Perú, Uruguay and Sweden.

•

A Peer Review of CBDC pilots in LAC central banks was conducted having as objective drawing
lessons on what technology and an implementation plan implies when rehearsing a CBDC
system in a controlled environment.

•

The Peer Review summarizes the main findings of pilots from Bahamas, Sweden and Uruguay,
with mainly a focus on aspects of design (technological) and implementation (operational).

•

The WG identifies key insights on design and implementation of a retail CBDC.
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Working Group on Fintech Data Gaps
•

The aiming of this group is to identify and evaluate the main problems faced by Central Banks for data
collection in Fintech activities and to identify best practices and recommendations. The jurisdictions that
participate are: Brazil, Chile, Costa Rica, El Salvador, Honduras, Jamaica, Mexico, Trinidad and
Tobago and Spain.

•

The Fintech industry is still behind the banking sector, but it may have the potential to move credit
intermediation away from commercial banks and placed it into institutions that are currently less
supervised. For this reason it´s needed to define a framework with the purpose to provide relevant
information for central banks about this growing sector.

•

The policy report generated provided an overview on the main issues that central banks faces towards
including Fintech activities in the regular statistics. The group also revised:

•

•

Implications on data gaps in areas as monetary policy, financial stability payment systems and economic activity.

•

Implications related to the activity of Bigtechs companies and cybersecurity issues.

The IFC survey “Central Banks and Fintech Data” was applied to the LAC countries in order to shed light
on the current position and developments of regional central Banks regarding Fintech data.
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Innovation Hub academic activities 2020 -2021

Innovation Hub academic activities in 2020
•

Course on Financial Technologies and Central Banking, from 18-20 February,
2020 in Kingston Jamaica.

•

III Fintech Forum Meeting, from 18-20 August, 2020.

•

Course on RegTech and SupTech from 24 – 28 August 2020.

•

Policy Implementation Meeting on Cyber resilience, 3 and 4 November, 2020.

•

Course on Machine Learning for Central Banking, from 9-13 November 2020.

•

Course on Distributed Ledger and Blockchain Technologies for Central Banking,
from 30 November to 4 December, 2020. Four use cases will be developed.
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Forthcoming activities

•

II Course on Distributed Ledger and Blockchain Technologies for
Central Banking, late September 2021.

•

II Course on Machine Learning for Central Banking, dates to be
confirmed.

•

Course on Financial Technologies and Central Banking, November
2021. New Call for Proposals.

•

Workshop on Cybersecurity, November 2021.
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Financial Stability related activities 2020 -2021

Financial Stability Activities 2020-2021

■

II Course on Financial Stability, digital format , 16 -20 November, 2020.

■

Workshop Climate Risk and the Financial System, digital format, 8, 10
and 15 December, 2020.

■

XI Meeting of Heads of Financial Stability, September 2021.

■

III Course on Financial Stability, November 2021.

■

Conference on Financial Stability, 2021.
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Time series for the average DebtRank
from 31 July 2008 to 30 September 2013
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Systemic Risk surface for the combined network from all layers,
from 31 July 2008 to 30 September 2013.
In this figure, we show the daily
DebtRanks in the combined network
from all layers for each bank from 2008
to 2013.
The most systemically important banks
do not change too much over time.
Systemic Risk was higher for almost all
banks at the beginning of the
measurement period (2008 financial
crisis).
After the height of the financial crisis,
there is a group of banks that are
basically flat in terms of SR and over
time.
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Climate Change and Financial Stability
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