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ABSTRACT

Money Laundering is a crucial topic in the financial sector, and it is necessary to have the right tools to
combat this problem in our society. The Customer Risk Rating model is a technique that can impact
and reduce the exposure of cases of ML. With all the increments in machine learning and data
visualization, it is possible to improve the efficiency and effectiveness of these models. Studying how
a specific tool can impact the calibration process of weighted models is crucial for keeping this anti-
money laundering technique updated and adapted to each problem faced. The main objective of this
study is to develop and provide dashboards with a comparison of results between two different visions,
where one is based on real-time choices relative to the weights applied in the model. This solution will
allow the presentation of a dynamic report with relevant statistics about the distributions and
characteristics of the clients. Plus, it will improve and reduce the time of the decision-process of
weights, since it will present the impact of each choice in real time. In this study a specific dataset was
used, but the purpose of this solution is to be adaptive to new models or new risk factors in order to
not be dependent on a specific model. The method of constructing the dashboards followed the
Methodology presented in this thesis, and it took into consideration the principles of Data
Visualization. Once the development of all the dashboards was complete, it was possible to evaluate
the results obtained. This study can provide results that will guide further research regarding the
calibration process of CRR Models.

KEYWORDS

Data Visualization; Anti-Money Laundering; Customer Risk Rating Models; Dashboard; Weights;
Parameters; Power Bl
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1 INTRODUCTION

Money laundering has been a threat and has been present in our society for many years, and that is
why organisations are investing in techniques to prevent and identify these situations. We can define
it as the process of concealing the real source or origin of illegally obtained assets/money to make it
look as if they were obtained through legitimate sources. It is a complex process that can involve
several transactions or activities, making it difficult to trace its origins.

Nowadays, financial institutions and governments have decided to invest in anti-money laundering
techniques to combat this critical crime, but it is still very difficult to prevent all the situations that can
happen. According to FATF, new technologies seek to improve the speed, quality, efficiency, and cost
of some AML/CFT measures, as well as the complexity of implementing the AML/CFT framework,
compared to the use of traditional methods and processes.

An estimated USD 2 trillion is laundered annually through the global banking system, translating to
roughly 2-5% of the global GDP (Cameron, 2021).

Data Visualization is present in several areas of our society, and it is fundamental to improve the
efficiency and effectiveness of Data Analysis. With techniques of DV, it is possible to perform several
reports based on large quantities of data. In the specific area of AML, customer risk rating models are
one of the tools that lead to more data in the area of Compliance. Using client risk rating models is one
of the primary techniques that financial institutions use to detect money laundering. Unfortunately,
while operationalizing client risk rating models, financial institutions often face challenges relating to
inaccurate risk ratings and the resulting increased level of effort (Cameron, 2021).

The advantage of DV in this topic is its capacity to lead with large amounts of data, perform
visualizations with the results of the analyses, and, specifically in this area, help the calibration process
of a Customer Risk Rating Model and its efficiency and accuracy in the results. With the challenges and
complexity presented in this topic, improving the quality and efficiency of CRR Models seems to be a
relevant topic for the financial institution market. The result of "Analysing the use of Power Bl as a
supportive tool in the calibration process of CRR Models" seems to be aligned with reducing the issues
in this topic as well as useful for forward applications in the AML area.

It is expected with this study to analyse the data collected for calculating the risk of a client and perform
analysis and visualizations that can help the calibration process of a CRR Model. Since Power Bl is one
of the most powerful tools for Data Visualization it is expected to replicate the logic of the model in
the software in order to achieve precise and correct results. By presenting the results in this software,
it would make the process of discussion the methods and parameters used in the CRR Model easier.

Finally, | also hope to contribute to the literature review on this topic and present concrete results for
future studies.



2 LITERATURE REVIEW

In this topic, all the introductions and necessary notions will be explained for a better understanding
of the thesis. It will be composed of some theoretical concepts and some legal obligations, as well as
technical concepts about Data Visualization and Customer Risk Rating Models. This chapter will explain
the topics that connect the area of DV with AML techniques, and how both areas can contribute
together to the efficiency and effectiveness of CRR Models, which consequently will increase the
accuracy of identifying ML situations.

2.1.BUSINESS CONCEPTS

This first group is where most of the topics will be introduced and defined. It is fundamental to give a
better context about the main subjects of the study and the impact that this thesis will have in the
area.

Money Laundering:

Money laundering is the process of converting large sums of money obtained through criminal activity,
such as drug trafficking, into funds originating from a legitimate source (Financial Crime Academy,
2023).

The proceeds mentioned clearly can be very diverse. However, generally, it consists in three stages,
which are:

Placement:

During the initial placement stage, illicit funds or money acquired through illegal methods are
introduced into a legal financial transaction system. Different financial instruments, such as cash
deposits and wire transfers, are utilized to transfer the funds away from any direct connection to the
criminal activity.

Layering:

In the subsequent stage, legal funds are "layered" with the illegally obtained money that was
previously placed into the financial system. The aim during this phase is to “hide” the financial trail of
the combined sum, which can resemble the actions of a criminal engaging in cross-border trading of
stocks, commodities, and real estate.

Integration:

The concluding phase of money laundering is attained once the "dirty" money and "clean" money have
been merged to the extent that all funds appear legal. When the criminals can provide a legitimate
rationale for the financial assets that were placed and layered, the funds can be obtained from their
original illicit source using inconspicuous means. This permits the criminals to use the funds freely
within the conventional monetary system without drawing attention to their illegal origin.



Implications of Money Laundering:

The negative implications of money laundering in our society can be grouped into some categories, as
will be described below.

In terms of economic impact, Money laundering goes hand-in-hand with tax evasion and duty evasion,
which is the non-payment of import and export duties by smuggling goods in and out of a nation. Such
activities deprive public service departments of important revenue sources (Santosh & Mohanty,
2011).

Furthermore, money launderers tend to transfer and reroute their funds across various asset classes,
generating a cycle of financial transactions that conceals the illicit source of the money.

Money launderers conceal their illicit funds and place them in locations where the risk of being
detected is minimal, in order to use the funds to generate profits. Such logic-defying investment
activities have the ability to destabilize the overall financial system by weakening investor confidence
due to unnecessary volatility, especially when the fund inflows and outflows of these laundering
activities are disproportionately high (Santosh & Mohanty, 2011).

Money laundering activities can have further detrimental effects on a nation, such as the escalation of
interest rates and instability in foreign exchange due to the unpredictability of irregular capital flows.
Legal Impact Money laundering and criminal activities form a vicious cycle. Several large-scale illegal
activities such as arms dealing, organized crime, terrorist financing, as well as drug and sex trafficking,
do not just drive money laundering but thrive on it.

A strong correlation usually exists between countries with inadequate anti-money laundering
regulations and the high incidence of illegal and criminal activities related to money laundering.
Nonetheless, in some countries where anti-money laundering regulations have deliberately been
relaxed to attract capital, the adverse consequences of heightened illegal activities may not be
experienced inside of those societies but could potentially facilitate and increase illicit activities in
other nations. The social impact of strong illegal businesses includes increased drug addiction, rampant
corruption, and criminals empowered with economic powers (Santosh & Mohanty, 2011).

Anti-Money Laundering:

Anti-Money Laundering can be defined as a combination of measures and regulations to detect and
prevent illegal origin and use of funds.

To identify and notify users of any potential money laundering schemes, the typical first generation of
anti-money laundering systems used an if-then, rule-based approach. These rule-based methods
examined data for possible instances of questionable money laundering based on user-generated
scenarios that combined monetary thresholds with known laundering trends. However, as the
sophistication of money laundering evolved over the years, conspirators began outwitting these
solutions and the need for second-generation anti-money laundering solutions emerged (Santosh &
Mohanty, 2011).

AML procedures require a multifaceted strategy that enlists the assistance of governments, financial
institutions, and other stakeholders. Governments are crucial in the creation and enforcement of anti-



money laundering legislation and regulations, as well as in advising and assisting financial firms. The
implementation of AML procedures, including client due diligence, transaction monitoring, and
customer risk rating models, is the responsibility of financial institutions.

In order to combat these types of crimes, anti-money laundering techniques have gained significant
importance. That relevance is also related to the application of data visualization techniques since their
capacities contribute to improving the quality and effectiveness of the analysis and data presented.

Customer Risk Rating Models:

Client risk rating models typically classify the client into a certain risk category (e.g., low, medium, high)
based on a set of client risk factors, such as source of wealth, source of funds, client domicile,
transaction behaviour, complex ownership structures, high-risk industries, negative news, wealth
volume, and politically exposed person status (McKowen, 2023).

According to the FATF 2006 report, it is expected that financial institutions know their customers
before establishing business or relations with them, to avoid situations of providing services to
criminals and fraudsters, or even more importantly, to not be part of financing activities of terrorism
or ML.

The moment of collection of this information is when the first interaction is established between the
client and the bank, which means when an account is open. However, it is necessary to keep updated
that information to also measure the level of risk for the client every time that the model runs.
However, most of financial institutions do not have automatic processes for requesting information
from the clients, which represents a problem for the performance of the CRR Models.

One of the key responsibilities of the banks in fighting ML according to the research of De Koker, (2006)
is Customer Due Diligence (CDD) and Know Your Customer (KYC). It was explained that these actions
can be done by these organisations if their employees receive regular training in dealing with the
characteristics of the customers and their transactions. By doing this, they will create awareness for
reporting to the authorities situations that represent an action of money laundering. In conclusion,
together, banks can easily collaborate in the fight against money laundering.

Inside each bank, and particularly in the compliance department, compliance officers use the
information presented in the system of the bank about the customers, to decide the level of risk
associated with dealing/establishing relations with customers, and provide the final advice on whether
they must or not accept a client as their customer and which services they should allow him to use it
(Favarel et al, 2008). To help this process, it is relevant to have a CRR Model, for providing a group of
clients that should be evaluated by these officers, the high-risk clients, and also to exclude clients that
are not relevant or do not have characteristics that need to be analysed, which means, medium and
low-risk clients.

In line with what was mentioned above, KYC has relevance in mitigating the risk of customers, by being
a tool to identify situations where, for example, customers who are PEP (Politically Exposed Person),
who need Customer Due Diligence to deeply understand their wealth source.



It is the responsibility of the banks to have the necessary resources for verifying the documents and
information given by the clients, in order to avoid situations of fake IDs or fiscal documents that can
hide the real identity of the customer.

These models can represent a fundamental tool for identifying potential cases of money laundering. It
allows financial institutions to group their clients by different levels of risk, and, in necessary cases,
apply due diligence in order to prevent illegal activities. While going through the logic besides a CRR
Model, it is important to understand which risk factors can be relevant to include in the model (KYC
information). To guarantee a correct result performed by the model the data needs to be in the right
format and without incoherencies to get a precise final score.

The key benefits of deploying such methodologies include reducing 'noise' to focus on real high-risk
customers and transactions, decreased operational costs due to the smaller number of customers for
high-risk review, a better capture rate of bad customers, enhanced efficiency of AML processes, and
ultimately, improved customer experience (Cameron, 2021).

Data Visualization:

Data visualization is the practice of translating information into a visual context, such as a map or
graph, to make data easier for the human brain to understand and pull insights from. The main goal of
data visualization is to make it easier to identify patterns, trends and outliers in large data sets (Brush
& Burns, 2022). Regarding the principles of DV, several articles mentioned different guidelines that
should be followed in order to create compelling data visualizations (Hammond, 2023):

Know the audience;
Keep things simple;
Use the right chart type;

Use colors wisely;

vk wnN e

Highlight the most essential information; and,
6. Avoid clutter.

The increase in data visualization techniques is also connected with the mechanisms applied in
AML/CFT. The area of data visualization has exponentially increased, justified by the investments in Al
tools and the development of data analysis. These powerful techniques applied in the areas that lead
to large amounts of data have a recognized impact.

In the area of Data Visualization, several graphs and visualizations are used to present a correct and
dynamic vision of the results performed by a model/measures/formulas. DV can be applied to AML to
evaluate massive amounts of financial data, spot trends, distributions, scores and pinpoint
abnormalities. This can decrease the possibility of misunderstanding or wrong analysis while also
increasing the effectiveness and accuracy of AML measures.

The area of data visualization improves the capacity to analyse real-time data and increases the
performance of dynamic reports based on clients' or users' choices, which can lead to a faster
interpretation of the results, as well as clarity and objectivity in the analysis performed.



2.2. TECHNICAL CONCEPTS

Client risk rating models typically classify the client into a certain risk category (McKowen, 2023).
Typically, it uses categorical categories like Low, Medium, and High risk for the different levels of risk.
The complexity of the model can influence the definition of these levels, where usually models that
have more variables or more steps of calculation can evaluate the clients in a more detailed and precise
way. Most AML models are overly complex. The factors used to measure customer risk have evolved
and multiplied in response to regulatory requirements and perceptions of customer risk but still are
not comprehensive. Models often contain risk factors that fail to distinguish between high- and low-
risk countries, for example (Mikkelsen et al., 2019). These types of models can receive input data from
different variables. However, it depends on each industry or specific case to identify which areas need
more focus based on the universe of clients and their characteristics. In the specific business line of
banks or financial institutions, normally these models are created for analyzing the exposition of
creating a relationship with a certain client.

Normally, regulators require that financial institutions perform anti-money laundering and Know Your
Customer risk assessments (AdvisoryHQ, n.d.). With these tools, it is possible to calculate the
exposition and risk associated with money laundering.

In order to apply these models, financial institutions can use external platforms or internal software as
a tool to develop them. Several solutions offer tools to create models or to use already developed and
tested demos in the real market. For this study, it was analyzed some solutions that consulting
companies offer in the business context of AML/CDD solutions. Since the focus was not on the model,
but the calibration of one, it was analysed what are the usual requirements and implementation steps
of these types of models in order to perform one that fits the necessities of the supportive solution
that will be created. To decide which factors could be relevant to apply in the model, it was analysed
the usual information that financial institutions collect regarding KYC information, and which
information is mandatory concerning the obligations provided by the National Bank or FATF. In this
step of collecting information, the Financial Action Task Force (FATF) recommends that where firms
cannot apply the appropriate level of CDD, they should not enter into the business relationship, or
should terminate the business relationship (Cameron, 2023).

According to diverse studies, there are four main pillars to consider in terms of variables in the CRR
Models. The first one is the customer risk, like for example, the occupation or professional activity of
individual clients, corporate entities usually consider factors like, for example, the economic activity or
if the company does not have a beneficial owner. The second pillar is the geographic risk, like the
citizenship, residence or where a company has its headquarters. The third one is the type of product
or service (type of account) required by the client. Lastly, transactional behaviour, which just can be
considered in an ongoing vision since it takes into consideration the transactional history of the client.
This last pillar can be relevant in order to identify potential money laundering situations like, for
example, transfers to countries evaluated as high-risk because legal obligations are less restrictive
(Ibitola, 2023).

Nowadays, the most common form of the customer risk rating model is a score-based risk rating model
(Ratanachu-Ek, 2019). For developing this study, it was decided to consider a model that used a
weighted risk scoring logic, because it is still being used by several institutions and it can have some
issues of optimization in the calibration process. This was a requirement assumed since the original

6



purpose of this study was to create a tool that could be used by consulting companies in different
financial projects developed. Since it was not possible to use an actual model developed by any
company, it was analysed several logics developed in different studies in order to create a model that
could be used in this thesis. Firstly, to access the data and the respective score was used the method
mentioned in the KYC_ 2.0 Risk Assessment_Guide by Oracle, particularly in the topic of risk
assessment parameters. It explains how to access each parameter and the respective risk score
regarding the dataset considered. The process of accessing the scores attributed to each risk factor is
based on the type of variable, where, for example, for the citizenship the method of collect considers
the max score between the first and second citizenship. By achieving the code of the country, it is used
a lookup table that takes into lookup value the code or a continuous value for giving the respective
score. For numeric variables, as variables like relation duration, a different method is followed. It is
based on creating intervals of values with the respective score and the lookup is done regarding the
value observed and the interval where it places (Oracle® Financial Services Know Your Customer Risk
Assessment Guide, n.d.).

The dataset used in this study had random codes or numeric values and the column with the score was
also already filled, so it was not necessary to create this lookup table with the respective score for each
observation. After having the dataset in the right structure, it was necessary to investigate and present
the logic used for the weighted rating model.

This study used the same logic as was mentioned in the article "A Framework to Score the Risk
Associated with Suspicious Money Laundering Activity and Social Media Profile” (Parida & Kumar,
2020) about the definition of weights and parameters. Basically, each risk factor created has a
respective weight and the value of the weight is used in the formula of calculation the risk. For
calculating the final score, it is obtained by summing all the multiplications between the scores and
each weight defined.

T
Potential Risk = Z(H N

1=1

Where Potential Risk = Total risk score of customer
Wi = Risk weightage for each filteri = [,... n
Fi = Risk assessment score for each filter i = [,...n
n = Number of risk assessment filter

Source: This figure was extracted from the article “A Framework to Score the Risk Associated with Suspicious
Money Laundering Activity and Social Media Profile” published by Parida & Kumar in 2020.

Figure 2.1 - Method of Calculating the Risk

Both legal entities and natural persons undergo a rigorous CRRM process where anonymity, business
relationships, and country-based risk factors are scrutinized. Since different attributes must just be
analysed for individuals' clients and others for corporate entities, it was necessary to create two
separate models for each one of the types of clients (Customer Risk Rating Methodology (CRRM) - Anti-
Money Laundering, 2023).



As mentioned, since there are four pillars of customer risk rating models, they were considered in the
calculation of the final score. The final risk was assumed by the formula in Figure 2.1 inside each group
of risk factors, and by summing all the scores of each group of risk factors based on a weighted model.
This step was developed based on the Figure 2.2, where a risk assessment model is presented. It was
followed the same logic of distributing weights per group of risk factors in order to give more
importance to specific groups of risk (Iceland: Financial Sector Assessment Program-Technical Note on
Anti-Money Laundering/Combating the Financing of Terrorism, 2023). In the end it was applied a
combination of the mathematical formulas mentioned in Figure 2.1 and Figure 2.2. This logic is also
presented in the article “AML KYC Risk Rating Assessment Template, Methodology, Rating Matrix”
where different weights are also applied to different risk factors/groups (AdvisoryHQ, n.d.).

ML Inherent Risk Assessment Factors Weightings

Figure 1

Supervisory ML/TF Risk Assessment Model

Source: This figure was extracted from IMF Staff Country Reports 2023, 277.
Figure 2.2 - Risk Assessment Model

As will be mentioned in the next steps, the mathematical formula was applied to each group of risk
factors, and then the weights per each group are distributed to calculate the final risk. This step was
added to the model in order to include the impact of the behavioural risk for clients that are not
considered in the onboarding moment, which means, it is just applied to clients that already have
relationship with a bank (lbitola, 2023).

It was created a model with variables that were in the dataset used and that are usually incorporated
in the CRR Models. Since their nature is also related to the four pillars mentioned, the variables were
grouped into four categories, and they were selected based on the available ones presented in the
dataset.

It is important to mention that the mathematical formula used and the logic besides the model were
created as an illustrative example without any techniques of optimization or feature importance.
Additionally, the tool presented in this master thesis was developed to support the calibration process
of all the weighted models that can be created following a similar structure of the one considered.

To calculate the risk associated with each client, different risk factors that characterise the clients and
the business relationship were considered and grouped into four Risk Groups: i) Country, ii)
Entity/Customer, iii) Product, and iv) Behavioural (Cameron, 2023). As it was already mentioned, the



factors considered in each CRR model change according to the type of client, i.e. Individuals and
Corporate Entities.

It will be possible to index a certain weight to each Risk Group in order to adjust its contribution to the
final risk level. Likewise, the risk factors included within each Risk Group are also multiplied by weights
whose sum totals 100% (Parida & Kumar, 2020).

Regarding what was mentioned about including the fourth pillar in the calculations of the risk, it was
identified as a relevant aspect of this study to include the analysis of clients that are already on an

ongoing vision, which means, the calculation risk for the clients already presented in the institution. As

well, an ongoing customer relationship for a certain length of time, such as three to five years or more,
is also a mitigating factor (Alessa, 2023). With this information, there is a column in the dataset that
divides the universe of clients in Onboarding or Ongoing, so it was considered that column to apply
different models regarding the indicator verified. The clients ongoing are identified by their business
relation with an institution, that can be defined regarding different intervals. Since the information in
the dataset was already with this indicator it was not necessary to perform calculations in order to
divide the universe of clients (Central Bank of Ireland, 2021).

In short, the changes made to the model between onboarding and ongoing are just related to the
transactional history, which characterizes the Behavioural Risk. When applying the onboarding model,
the Behavioural Risk group will not weigh in the risk calculation, thus increasing the weights assigned
to the other risk groups.

Based on the paper of SAS, there are also heuristic rules variants used in these types of models that
represent an attribution of a specific score if a client accomplishes one of the rules defined (Rivera, E.,
West, J., & Suplee, C. (2015). Usually, these rules are applied in situations of more exposition to
potential ML. In order to include also this variant in the model defined, the following heuristic rules
were created regarding the information presented in the dataset:

- ForIndividuals, if the client is identified as a Politically Exposed Person ("PEP") or is associated
with Suspicious Activity Reports ("SARs") or has Residence Permit for Investment (“ARI”) the
risk is automatically set to high (auto high).

- For Corporate Entities, if a client is identified as a Correspondent Bank, if it has no associated
Ultimate Beneficial Owner ("UBQ"), or if it is associated with a SAR, the risk is automatically
defined as high.

The final risk calculated by the CRR model should obtain a final score (i.e., continuous value) which will
be classified qualitatively into three risk levels (i.e. low, medium and high) through value ranges.

All the values parametrized must work as a support for the calculation of the final risk and it must have
functional purpose and meaning. To define the right score to attribute to each observation, usually, it
is consulted the exercises of Risk Assessment, where several aspects are evaluated, and a final score is
defined (Cams, 2024).

For the parametrization of the countries scores, it was taken into consideration some research that
can connect the countries to possible illegal activities, one of the examples used was the latest version
of the list of high-risk third countries provided by the European Commission (High Risk Third Countries



and the International Context Content of Anti-money Laundering and Countering the Financing of
Terrorism, n.d.). Since the data does not present business meaning or real information because it is
based on random codes and scores, the rest of the parametrizations defined did not have any research
associated.

Risk Assessment Score is calculated for a particular Risk Assessment Filter and to be anywhere between
0 to 100 (Parida & Kumar, 2020). The scores defined were based on a scale of 20 — Low Risk, 40 —
Medium Risk and 100 — High Risk.

For the Behavioural Group, normally some measures are created as risk factors. For example, it can be
analysed transfers to high-risk countries as was already mentioned, or, for example, it can be identified
relevant patterns that can associate a client to suspicious transactions. (Cameron, 2021).

Since the dataset does not have transactional information, it was assumed a fixed score for this group
as it will be possible to define in the Demonstration Chapter.

2.3. FINAL REMARKS

Considering the information presented, as well the importance of the CRR Model as an anti-money
laundering tool it is fundamental to have a calibration process of parameters well defined and adapted
to specific necessities.

With the help of Data Visualization, it will be possible to improve the process of calibration of the
parameters and present in real-time results updated and aligned with the choices applied.
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3 METHODOLOGY

This master thesis aims to evidence the supportive capacity of data visualization and data analysis in
the calibration process of a customer risk access model, particularly using the Power Bl tool. The
methodology decided to use was the Design Science Research Methodology (DSRM) (Peffers,
Tuunanen, Rothenberger, & Chatterjee, 2008). This methodology is based on six steps, which will be
enumerated and explained in order to show how this methodology fits this problem and provides
guidance to achieve results. The methodology chosen was based on the problem that this study is
facing, and it takes into consideration the interactivity between each one of the steps, which means,
the possibility of cycling back to earlier activities, in order to achieve complete results.

In the first moment, it will be explained the problem and the importance of developing this study,
which means, it will go through the CRR Model and present the benefits of developing a tool that
supports the calibration process and how to improve the efficiency of the model regarding the
characteristics of the clients supported by real-time results.

Secondly, the objectives of this study will be pragmatically defined to conclude and measure the
efficiency and quality of the solution developed. In this specific chapter, it was aligned what are the
main topics to cover by developing this supportive tool.

After defining the objectives and requirements, the design phase will be presented being also
connected with prototyping the solution. This chapter is where the initial steps were taken in the
software to understand if some limitations would be faced.

For analysing the impact of this study, it was used a problem situation defined to demonstrate the
utility of this tool. After developing this phase, it helped to complete the prototyping of the solution,
since some analyses were identified as relevant to present in this chapter.

In conclusion, the evaluation and communication phases are where the results will be detailed, and
the feedback obtained will be presented regarding the analysis of the final solution.

3.1.IDENTIFY PROBLEM AND MOTIVATE

As it was already mentioned before, the purpose of this research is to present a solution that improves
the efficiency and effectiveness of the calibration process concerning the Customer Risk Rating
models. Since the model is defined by a mathematical formula, the process of calibration of
parameters can be hard and exhaustive for present results that fit the necessities of the client.
Concerning the dimension of the bank's clients, some requests are usually made in order to present
an output that fits the capacity of maintenance and sustainability of those models. For example, if a
bank has more than 1 million clients it is expected a distribution by each level of risk different than a
bank that has 30.000 clients.

Facing these challenges of fitting and fulfilling the necessities of each client can represent a difficult
process because the basis of the mathematical formula applied in the models is the same for all the
weighted models. However, the calibration of the parameters and the process of choosing the risk
factors can be done by analysing the necessities presented by the client. Most of the risk factors must
be considered because of the ones defined by FATF, which can influence and contribute to similarities
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between the models implemented. However, banks can identify some specific risk factors that improve
the accuracy of ranking the clients in the different risk levels. For answering the necessities of
calibration, it was important to have a tool that could support the decision process of giving each
parameter the right weight in the mathematical formula of the model, to achieve a distribution of
clients by each level of risk aligned with the expectations of each client.

The reality of applying a heavier weight to one parameter instead of distributing the same weight to
all the parameters can be difficult to measure. Additionally, in terms of the distribution of scores of
each risk factor can be difficult to understand the impact of applying a certain combination of weights
in the final risk of the clients. That is the reason why sometimes the calibration process of a CRR Model
is not efficient or aligned with the distributions analysed.

Developing this tool will be a resourceful and adaptative solution that can be applied in future projects
provided by consultant companies or directly considered by financial institutions. Since the logic
behind the model is the same for most weighted models, also this tool will complement and make the
models even more robust and aligned with the expectations of the clients.

3.2. DEFINE OBJECTIVES OF THE SOLUTION

As providing precise and supported results is fundamental and a requirement in the AML area, by
developing this solution it will be possible to create different variations of results performed by the
Customer Risk Rating model. The solution has the objective of comparing and analysing the results of
two variations based on the definition of each parameter utilized in the model. Concerning those two
views, the report will be able to present in real-time how changing the weight of one or even all the
parameters can influence the final distribution of the clients regarding the scale defined. Also, the
different analyses presented in the final solution can support the decision of the scale that defines
each level of risk.

The powerfulness of this tool is to have a dynamic variation of the parameters that are used in the
model, and show, by comparing with a static variation, how the decision of combining different
weights can influence the final score of each client.

The opportunity to apply this tool in different models that have the same mathematical logic gives a
huge capacity for utility and optimization of the services provided. Another objective of developing
this solution is to improve the precision of the results and provide the opportunity to decide with a
client, in real-time, which are the parameters that make more sense to apply regarding the clients'
characteristics and the reality of the bank in terms of reviewing alerts generated by the high-risk clients
when running the CRR Model. By providing this solution to different clients, the adaptive capacity of
the solution will be tested, since it will be possible to identify the aspects that are relevant to each one
of them. Plus, it will evidence how it supports the calibration process by presenting relevant patterns
and analyses that justify the decision to apply the right weights to each parameter.

Concluding, this study aims to provide a complete tool that improves the process of defining each
parameter in the mathematical model of the calculation of risk of clients, using a dynamic and real-
time updated tool.
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3.3. DESIGN AND DEVELOPMENT

After identifying the problem and the introduction of the solution, it needs to be developed the final
tool that fits all the points mentioned above. In order to present a solution that can contribute to
different problems, there was the necessity of identifying what would generally be useful for several
potential clients and analyse the relevant topics to include in the PowerBI Dashboards. To do it, it was
created the structure of the solution for answering the following points:

- What are the risk factors that have more influence on the final score;

- How is the distribution of clients by each strategic rule defined;

- Which risk factors should have heavier weight;

- How the behavioural group can impact the final score of each client; and,
- What is the distribution of clients by each level of risk.

During this process was possible to understand what the expectations were for developing this solution
and how to proceed in the prototype phase.

This study was also developed based on my professional experience, but it was not possible to apply
real data into this process. However, as was mentioned synthetic data was used in order to show the
capacities of the tool and also to take the necessary conclusions of this study.

The data used has randomly generated information about 40.000 clients, with information for each
one of the risk factors presented. This dataset does not have information regarding any client or
confidential information since the information does not have a business meaning.

Regarding the logic besides the CRR Model, the method to select the groups and the risk factors for
this study took into consideration several articles presented in the literature review and also the
information available in the dataset. The final list defined is composed by the ones presented below.

For Individuals clients, it was decided the following list:

- Country Group:
o Citizenship; and,
o Residence.
- Entity Group:
Adverse Media;
CAE (In the case of being an individual entrepreneur);
Occupation;
Professional Activity;
Business Duration Relation;
SAR;
PEP;
ARI;
Channel; and,

o 0O O O O O O O

o Opening Purpose.
- Product Group:

o Product/Service Associated;
- Behavioural Group.
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For Corporate Entities, the risk factors considered were:

- Country Group:
o Headquarters.
- Entity Group:
Adverse Media;
CAE;
Constitution Date;
Business Duration Relation;
SAR;
Correspondent Bank;
No UBO;
Channel; and,

O O O O O O O

o Opening Purpose.
- Product Group:

o Product/Service Associated;
- Behavioural Group.

The respective mathematical formula to calculate the final risk it is achieved by the formula presented
in the Figure 2.1 of the chapter Literature Review and it will be presented in the prototype phase of
this study.

Regarding the risk factors chosen, some analyses were defined as relevant to present in this report. As
this methodology allows, in the moment of prototyping the tool, additional analysis and visualizations
were identified as fundamental in order to support the decisions taken for each one of the variations.
In conclusion, some of the points that were defined as relevant to accomplished were the following
ones:

- Distribution of the clients by each level of risk, type of model and type of client;

- Average of final scores by each level of risk, type of model and type of client;

- Average of scores per group of risk factors by each type of model and type of client;

- Distribution of the Auto-Highs by risk factor;

- The possibility of changing each weight of the parameter by risk factor and group;

- The possibility of including the transactional behaviour for calculating the impact in the final
risk; and,

- Several analyses regarding the characteristics of the clients.
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Concerning the structure of the report, since this study was developed for also future applications, it
was agreed that some fundamentals needed to be followed:

- Aresume page with the “big numbers” and the distribution of the metrics calculated for each
vision presented.

- Two pages with detailed analysis regarding each one of the visions;

- One page for each type of clients in order to change the parameters of each group/factor risk;

- Controls for giving the possibility of each person of the team or the client to change the
parameters and not achieve wrong results;

- Avision without the application of the strategic rules, for calculating the impact of having the
Auto-Highs in the distribution of the risk; and,

- Distribution of scores in each risk factor.

3.4.PROTOTYPING THE SOLUTION

After defining the requirements considered relevant for the construction of the solution, the still main
objective was to have the possibility of changing each parameter used by the model and replicating
the mathematical logic of the model in PowerBI.

The dataset used, as was already mentioned, has information regarding 40000 clients with information
for each one of the risk factors. After analysing potential integrity or quality problems, it was possible
to conclude that the data in general was in the right format for application in the model. However,
some steps were applied in order to avoid problems in the performance of the model. In the area
“Power Query Editor”, besides the mandatory step of defining the source, the following steps were
applied:

1. Source: The dataset was in CSV format, and it was used the encoding 65001.

Promoted Headers: For defining the headers of each column with the values presented in
the first line of the dataset, was applied this step.

3. Changed Type: Since after uploading the dataset all the variables were in text format, some
changes were needed. All the variables that represented the score attributed to each of
the risk factors were converted to integers (Int64.Type).

4. Replaced Value: Some scores were defined as “NULL”. Since this column needed to be in
the integer format, it was replaced the NULL by the High Score defined (100 points).

The data model view will be added in the annexes as it was not relevant to include in this chapter,
since it was not created a relational model, because all the data was in one dataset and in one external
file that has the parameters for the baseline view.

After defining the source of the data, it was possible to prototype one of the requirements defined,
which was, to present several statistics about the information and distribution of scores by each risk
factor. This page has relevance for the decision of weights since it is where the characteristics of the
clients can be analysed. It is important to mention that all the parametrizations were already presented
in the dataset, and just the scores of countries of citizenship and residence were reviewed based on
personal experience and articles analysed. Those parametrizations were not presented in this study
since each code does not have a business meaning. It can be adapted in future projects, since its
purpose is to identify clients with characteristics that can relate to illegal activities, such as country of
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nationality, occupation, the product account that the client requires, etc. Even though this study faced
the limitations already described, the scores defined are based on the scale already defined: 20 points
for lower risk, 40 points for medium risk and 100 points for high risk.

Concerning these parametrizations, each parameter of the risk factor will be multiplied by the score
evaluated and contribute to the final score as was already mentioned in the mathematical formula of
the model.

As it is possible to analyse in Figure 3.1, some cards were utilized for presenting the number of clients
associated to strategic rules, and in the bar charts it is possible to analyse the distribution of clients
per score by each risk factor:

i i i High Model Entity T
Calibration CRR Model - Risk Factors mavanty. A1
" . [N W o IS
Count of Clients per Score for each Risk Factor: - o -
Count of Clients per Score - Citizenship Count of Clients per Score - Count of Clients per Score - CAE Count of Clients per Score - Count of Clients per Score - Dt
Occupation Channel Constitution

Count of Clients

H 021 K
40 100 2 40 100 20 40 00 0 00 2 4
Score Score

Count of Clients per Score - Residence Count of Clients per Score - Count of Clients per Score - Open  Count of Clients per Score - Bus. Count of Clients per Score -
Professional Activity Purpose Rel. Duration Product
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Score Score Score Score Score
Auto High:
16 388 218 223 835 40000
Count of Companies without UBO Count of Clients SAR Count of Clients PEP/Infected PEP Count of Clients Correspondent Bank Total of Clients Auto High Total of Clients

Figure 3.1 - Dashboard of Exploratory Analysis - Factors
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Count of Client:
Count of Clients

Regarding the requirements defined, the following step was the most challenging one. Replicate the
CRR Model in Power Bl with the possibility of applying dynamic changes in the parameters, which
represented the aim of this study and the most technical part of prototyping this solution.

For following the exact same methodology of calculating the score as it was mentioned, it was
necessary to create several parameters in the report. These parameters work as variables that can be
used in measures, and also the value considered for the calculation of measures can be selected in the
different options of a slicer. Since there is a specific model for each entity type, it was necessary to
create parameters regarding the entity type, and also for each model, onboarding and ongoing. In
total, it was concluded that were needed more than 50 parameters. Since all the parameters needed
to take a value between 0 and 1, the process of generation was the same for all of them, and they
were created as it is possible to observe in the Figure 3.2:
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\/ P_Ongoing_Country_Citizenship
[ E P_Ongoing_Country_Citizenship

] P_Ongoing_Country_Citizenship Value

Figure 3.2 — Structure of an Example of a Parameter Created

For the identification of each parameter, the same structure was used for the key names: the type of
entity, the model of onboarding/ongoing, the group of risk factors, and finally the name of the risk
factor.

The DAX code used for generating these parameters was the one presented in Figure 3.3.
P_Ongoing_Country_Citizenship = GEMNERATESERIES(@, 1, @.85)
Figure 3.3 — DAX Formula of the Generation of the Parameter

As it is possible to check, it generates a series between 0 and 1 with intervals of 0.05. It was decided
to use this interval amplitude in order to have an easier interpretation and also to limit the list of
possibilities. This decision can be changed in future projects in order to adapt the amplitude of the
interval and adjust the minimum and maximum values.

In order to apply the value generated by the parameter, it was used a measure as it is in Figure 3.4.

P_Ongoing_Country_Citizenship Value = SELECTEDVALUE('P_Ongoing_Country_Citizenship'[P_Ongoing_Country_Citizenship])
Figure 3.4 — DAX Formula of Accessing the Value of the Parameter

When all the parameters were created, it was possible to start the process of replicating the
mathematical formula of the CRR Model using the parameters and the selected weights for each one
of them.

As mentioned at the beginning of this thesis, two visions would be created: one static with the
parameters defined based on professional experience and the best practices used in the area and one
dynamic that it would be possible to select each weight for each one of the parameters used in the
formula.

Concerning those two visions it will be now described how both were developed based on the data
considered and parameters already performed.

3.4.1. Baseline

As the name describes it, this vision represents the first calculated view of the final risk done in Power
Bl, and it is where the parameters of each risk factor and group of risk factors were static. So, this
chapter will explain how all the necessary information was calculated for presenting in the required
visualizations the relevant information and analysis.

This process did not use the parameters created, since all the weights were defined in an Excel file that
was used as the source of data to complement the data model. This external file has all the weights
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for each one of the risk factors and was defined after analysing the data and characteristics of the
clients. The information used does not represent real data so it was difficult to find patterns or identify
situations that could influence the decision process of attributing the right weight to each risk factor.
However, one of the purposes of this study is to compare two visions and see the impact of changing
one or even all the weights. For defining these weights, it was analysed the risk factors that can expose
more the client, which means, it was given more relevance to risk factors that analyse the exposition
of a client to lead with money or for example the citizenship associated to a country that has several
cases of money laundering. It was important to distribute higher values of weights inside of the entity
group associated with risk factors that analyse the professional activity, occupation, economic activity
and after higher importance to risk factors related to the reason of establishing relation and the type
of opening channel used. After defining the parameters, it will be possible to analyse the distribution
of clients per each level of risk and take the right conclusions about the accuracy of the results.

In technical terms of developing this vision, in the table of parameters (appendixes) it is possible to see
that each weight of each risk factor has a key that was used to multiplicate the score analysed.
Concerning this, new columns were created with the result of the score multiplied by the parameter,
giving the necessary results for calculating the final score of this static vision.

As it is possible to analyse in Figure 3.5, the new columns followed the same method of creation as it
is described below:

score_pond_business_duration = if(and(Scores_Power BI[Model] = "0B", Scores_Power_BI[Entity Type] = "P"},Scores_Power BI[score_dur_rel]

*CALCULATE (max{Parameters[Parameter]), Parameters[Key]
BI[Entity Type] = "P"),5co

if{and{Scores_Power_BI[Model]
[Parameter]), Parameters[Key]
if(and{5cores_Power_BI[Model]
[Parameter]}, Parameters[Key]
if{and{Scores_Power_BI[Model]

0a", Scores_P

s_Power_BI[score_dur_rel]*CALCULATE{max(Parameters

_Ongoing_Enti
"0G", Scores

ade_Dur_Rel_Nzg™),
er_BI[Ent
a

de_Dur_Rel_Neg"},

= "E"),5cores_Power_BI[score_dur_rel]*CALCULATE(max(Parameters

_Ongoing_Enti

"0B", Scores_P: - BI[Entity Type] = "E"),5cores_Power_BI[score_dur_rel]*CALCULATE{max(Parameters

f
[Parameter]), Parameters[Key] = "E_Onboarding_Entidade_Dur_Rel MNeg"),23)))

Figure 3.5 — DAX Formula of an Example of One Calculated Column

Additionally, for each group of risk factors, the same logic was followed, it was created a new column
for each result of the total score of each group of risk factors:

score_pond_entity_group = if(and(Scores_Power BI[Model] = "0B", 5cores_Power_BI[Entity Type] = "P"),(Scores_Power_BI[score_pond_cae]

+Scores_Power_BI[score_pond_profiszsao]+5c Power_BI[scor r_BI

pond_open_purpose J+5Scores_Power_BI[score_pond_adv_media]+Scores_|

[score_pond_canal_contrat]+5cores_Power_EBI[score_pond_a of ]+5cores_Power_BI[score_pond_business_duration])*CALCULATE(max(Parameters

[Paramster]), Parametzrs[Key] = o ade_Macro_Ponderador"),

if(and{5Scores_Pou

~_BI[Model] = "0G", Scores_Power_BI[Enti

y Type]l = "P"),(Scores_Power_BI[score_pond_cae]+5Scores_Power_BI

[score_pond_profissao]+[score_pond_open_purpose]+Scores_Power_BI[score_pond_adv_media]+Scores_Power_BI[score_pond_canal_contrat]
+Scores_Power_BI[score_pond_stiv_profl+5Scores_Power_BI[score_pond_business_duration] )*CALCULATE(max{Parameters[Parameter]), Parameters
[Key] = "P_Ongoing_Entidade_Macro_Ponderador"),

if(and{Scores_Power_BI[Model] = "0G", Scores_Power_BI[Entity Type] = "E")
[score_pond_dt_

J(Scores_Power_BI[score_pond_cae]+Scores_Power_BI

onst]+5cores_Power_BI[score_pond_open_purpose]+5cores_Po BI[score_pond_adv_media]+5cores_Power_BI

[score_pond_canal_contrat]+5cores_Power_BI[score_pond_business_duration])*CALCULATE(max(Parameters[Parameter]), Parameters[¥ey] =

ade_M

"E_Ongoing_Enti

ro_Ponderador”),

if{and{5cores_Power_BI[Model] = "0B", Scores_Power_BI[Entity Type] = "E"),{Scores_Power_BI[score_pond_cae]+Scores_Power_BI

[score_pond_dt_const]+Scores_Power_BI[score_pond_open_purpose]+Scores_Po BI[score_pond_adv_media]+Scores_Power_BI

[score_pond_canal_contrat]+Scores_Power_BI[score_pond_business_duration])*CALCULATE(max(Parameters[Parameter]), Parameters[Key]

"E_Onboarding_Entidade_Macro_Ponderador”),@))))

Figure 3.6 — DAX Formula of the Score per Entity Group

Finally, all the results of each group were summed, and it was possible to achieve the final score for
each client. It is important to mention, that this was the phase where the strategic rules were
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implemented, which means that if a client has one of the flags mentioned before, the final score
automatically turns 500 points (High-Risk).

Below, it describes the calculation of the final score and the application of the strategic rules.

Firstly, a column was created with a flag of “Y” or “N” that indicates if a client has one of the strategic
rules defined as “Y”:

Auto High = if{or{or(or{Or(OR(Scores_Power_BI[x_suspicious_a
Scores_Power_BI[score_pep] <> 8),Scores_Power_BI[x_ari_ind]=

ty_ind] = "¥", Scores_Power_BI[x_correspondent_bank_ind] = "¥"), Scores_Power_BI[x_no_ubo_ind] = "v"),
),Scores_Power_BI[x_no_ubo_ind]="¥"}, "¥","N"}

Figure 3.7 — DAX Formula of the Auto High Column Created

Secondly, the final score was calculated by summing all the results obtained from each group of risk
factors:

Final_Score_Baseline = Scores_Power_BI[score_pond_country_group] + Scores_Power_BI[score_pond_entity_group] + Scores_Power_BI[score_pond_product_group] +
scores_Power_BI[score_pond_behavioural_group]

Figure 3.8 — DAX Formula of the Final Score Baseline

Lastly, it was converted to the final score, if the client had the flag “Auto High” marked as “Y”:

Final_Score_Baseline AH = if(Scores_Power BI[&uto Highl = "Y™, 588, Scores_Power BI[Final_Score_Baseline])

Figure 3.9 — DAX Formula of the Final Score Baseline with Auto-High

After all the calculations and columns were created it was possible to calculate the final score for each
client based on his entity type and model.

3.4.2. Variation

As was already described, the objective of the variation vision is to provide the possibility of analysing
the impact in real-time by changing the parameters that were attributed to the baseline vision.
However, it was necessary to create several measures in the Power Bl solution for achieving the final
objective, which means, the final score also with the strategic rules applied.

It was in this variation that the parameters created were applied. Each calculation between the score
and the parameter chosen for the risk factor was created as a measure following the DAX structure of
the figure below:

Measure Open Purp = s ores_Power_BI,if(and({Scores_Power_BI[Model] = "OB", Scores_Power_BI[Entity Type] = "P"),Scores_Power BI[score_op_purpose]

*P_Onboarding_Entity_| _Bus_Rel[P_Onboarding_Entidade_Prop_Rel_Neg Value],
if{and{Scores_Power_BI[Model] = "0G", Scores_Power_BI[Entity Twpe] = "P"),Scores_Power_BI[score_op_purpose]*P_Ongoing_Entity_Prop_Bus_Rel
[P_Ongeing_Entidade_Prop_Rel_Neg Value],

if({znd{5cores_Power_BI[Model]

0G", Scores_Power_BI[Entity Type] = "E"),Scores_Power_BI[score_op_purpose]*E_Ongoing_Entity_Prop_Rel_Neg
[E_Ongeing_Entidade_Prop_Rel_Neg Value],
if{and{Scores_Power_BI[Modsl]

[E_Onboarding_Entidade_Prop_Rel_Neg Valuel,@)))))

"0B", Scores_Power_BI[Entity Type] = "E"),Scores_Power_BI[score_op_purpose]*E_Onboarding_Entity_Prop_Bus_Rel

Figure 3.10 — DAX Formula of the Score per Risk Factor Variation

As it is possible to analyse, it was used the function “sumx” for calculating the score multiplied by the
parameter chosen in the slicer. This process was repeated for each risk factor in order to calculate the
aggregation of scores per group of factors.
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Since one of the requirements was to present some statistics regarding the average of the scores
multiplied by the weight of each risk factor, it was also created a measure for each risk factor using the
function “AVERAGEX” as it is presented in the figure below:

Measure AWG Open Purp = AVERAGEX(Scores_Power BI,if{and(Scores_Powsr_BI[Model] = "0B", Scores_Power BI[Entity Type] = "P"),Scores_Power_BI[score_op_purpose]
#P_Onbearding_Entity_Prop_Bus_Rel[P_Onboarding_Entidade_Prop_Rel_Neg Value],

if(and{Scores_Power_BI[Model] = "0G", Scores_Power_BI[Entity Type] = "P"),5cores_Power_BI[score_op_purpose]*P_Ongoing_Entity_Prop_Bus_Rel
[P_Ongoing_Entidade_Prop_Rel_Neg Value],

if(and{5cores_Power_BI[Model] = "0G", Scores_Power_BI[Entity Type] = "E"),5cores_Power_BI[score_op_purpose]*E_Ongoing_Entity_Prop_Rel_MNeg
[E_Ongoing_Entidade_Prop_Rel_Neg Value],

if(and{5cores_Power_BI[Model] = "0B", Scores_Power_BI[Entity Type] = "E"),5cores_Power_BI[score_ocp_purpose]#E_Onboarding_Entity_Prop_Bus_Rel
[E_Onboarding_Entidade_Prop Rel HNeg Valuel,8)))))

Figure 3.11 — DAX Formula of the Average Score per Risk Factor

In most of the calculations, it was used 0 as the else value, because it is not expected to have a NULL
value as in the weight as in the score. Additionally, these measures were created for all the risk factors
present in the CRR Model.

Finally, the same method was followed to calculate the aggregated score per group and the final score.
As an example of the DAX syntax applied to the groups:

Measure Entity Group = sumx(Scores_Power_BI, if{end({Scores_Power_BI[Model] = "0B", Scores_Power_BI[Entity Type] = "P"},([Measure CAE] + [Measure Open Furp] +

[Measure Adwv P

[P_Onboarding_!

ia]+[Measure Canal Contrat]+[Measure Ativ Profl+[Measure Dur Rell]+[Measure Profissao])*P_Onboarding_Entity_Macro_lieighter
idade_Macro_Ponderador Value],

if(and{Scores_Power_BI[Model] = "0G", Scores_Power_BI[Entity Type] = "P"),{[Measure CAE] + [Measure Open Purp] +[Measure Adv Media]+[Measure Canal Contrat]+
[Measure Ativ Profl+[Mezsure Dur Rel]+[Measure Profissaoc])*P_Ongoing_Entity_Macro_Weighter[P_Ongeing_Entidade_Macro_Ponderador Value],
if(and{Scores_Power_BI[Model] = "0G", Scores_Power_BI[Entity Type] = "E"),{[Measure CAE]+[Measure Dt Constitulicao]+[Measure Open Purpl+[Measure Adv Medial+
[Measure Canal Contrat]+[Measure Dur Rel])*E_Ongoing_Entity_Macro_Weighter[E_Ongoing_Entidade_Macr Value],

if(and{5Scores_Power_BI[Model] = "0B", Scores_Power_BI[Entity Type] = "E"),{[Measure CAE]+[Measure Dt cao]+[Measure Open Purpl+[Measure Adv Media]+
[Measure Canal Contrat]+[Measure Dur Rel]}*E_Onboarding_Entity_Macro_lWeighter[E_Onboarding_Entidade_Macro_Ponderador Value],8)1)))

Figure 3.12 — DAX Formula of the Score per Entity Group

Measure Avg Entity Group = AVERAGEX(Scores_Power_BI, if(and(Scores_Power_BI[Model] = “OB", Scores_Power_BI[Entity Type] = “B"),([Measure CAE] + [Measure Open
Purp] +[Mezsure Adv Mediz]+[Measure Canal Contrat]+[Measure Ativ Prof]+[Measure Dur Rell+[Mezsure Profissac])*P_Onboarding_Entity_Macro_leighter
[P_Onboarding_Entidade_Macro_Ponderador Value],

if{and({Scores_Power_BI[Model] = "0G", Scores_Power_BI[Entity Type] = "P"),([Measure CAE] + [Measure Open Purp] +[Measure Adv Medial+[Measure Canal Contrat]+
[Measure Ativ Prof]+[Measure Dur Rel]+[Measure Profizsac])*P_Ongoing_Entity_Macro_Meighter[P_Ongoing_Ent
if{and(Scores_Power_BI[Model] = "0G", Scores_Power_BI[Entity Type] = "E"),([Mezsure CAE]+[Mezsure Dt Cons
[Measure Canal Contrat]+[Measure Dur Rel]}*E_Ongoing_Entity_Macro_lWeighter[E_Ongoing_Entidade_Macro_Ponder:
if{and({Scores_Power_BI[Model] = "OB", Scores_Power_ BI[Enti

dade_Macro_Ponderador Value],

icgo]+[Measure Open Purpl+[Measure Adv Medial+
Value],

; Type] = "E"),([Measure CAE]+[Measure Dt Constituicao]+[Measure Open Purpl+[Measure Adv Medial+
[Measure Canal Contrat]+[Measure Dur Rel])*E_Onboarding_Entity_Macro_Weighter[E_Onboarding_Entidade_Macro_Ponderador Value],@)))))

Figure 3.13 — DAX Formula of the Average Score per Entity Group
And for the final score for each client:

Measure Final Score Variation = [Measure Country Group] + [Measure Entity Group] + [Measure Product Group] + [Measure Behavioural Group]

Figure 3.14 — DAX Formula of the Final Score Variation

Measure Final Score Variation AH = sumx{S5cores_Power_BI, if(Scores_Power_BI[Auto High] = "Y",50@, [Measure Final Score Variation]))

Figure 3.15 — DAX Formula of the Final Score with Auto-High Variation
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3.4.3. Definition of the Parameters — Variation

In order to support the process of defining each parameter for each variable of the CRR Model, two
pages in the report were created to make the process of choosing easily understandable and intuitive.
As it is possible to analyse, for each risk factor and group there is a drop-down box where the user that
is analysing the report can choose a parameter between 0 and 1. Additionally, two controls were
created to guarantee that the sum of parameters defined is 1 for the entity group as well as the sum
of the groups' parameters.

Each slicer contains inits field the parameter value and impacts instantly and in real-time all the graphs
presented in the rest of the dashboards since all these slicers are synced with the other pages.
Concerning visual aspects, the colours defined have the purpose of associating all the same risk factors
that are part of one group with the same colour.

Calibration CRR Model - Definition of Parameters - Variation (1/2)

Individuals Onboarding:

Entity Group Macro Parameter Professional Activity e CAE Product Group Macro Parameter o
040 o 013 0,10 0,25
Channel Occupation w Opening Purpose Controls
0,20 - 020 0,05
Flag Adverse Media Business Duration Relation - ’ ~
Control Sum of Parameters Entity Group
015 o 015 <
Country Group Macro Parameter Residence v 0.35 0,00
035 v 085 Citizenship Parameter Control Sum of Parameters Groups
Individuals Ongoing:
Entity Group Macro Parameter Profissional Activity ~ CAE Product Group Macro Parameter
035 o 015 . 0,10 010 e
Channel Occupation e Opening Purpose
0,20 < 020 v 0,05 Controls
Flag Adverse Media Business Duration Relation e
015 s 01s 0,00
Country Group Macre Parameter “  Residence v 0.40 Control Sum of Parameters Entity Group
020 v 060 Citizanship Paramater
Behavioural Group Macro Parameter e Sum of Scores * Micro Parameters of the 4 Risk Factors ~ U'DD
_ Control Sum of Parameters Groups
035 v 40

Figure 3.16 — Dashboard of Definition of Parameters Individuals
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Calibration CRR Model - Definition of Parameters - Variation (2/2)

Entities Onboarding:

Entity Group Macro Parameter Constitution Date Country Group Macro Parameter

1

Business Duration Relation Flag Adverse Media Controls
Product Group Macro Parameter
0,15
Opening Purpose Channel OOU
015 Control Sum of Parameters Entity Group

CAE g 0.00

Entities Ongoing: Controlos

Entity Group Macro Parameter Constitution Date Country Group Macro Parameter
010 0.35 0.00
ont L f Parameters

Business Duration Relation Flag Adverse Media Product Group Macro Parameter

Opening Purpose Channel Behavioural Group Macro Paramete

CAE

Figure 3.17 — Dashboard of Definition of Parameters Corporate Clients

After developing what was described, it was important to define a specific problem that this solution
could solve and also to prototype the rest of the pages with the relevant information to conclude if the
objective was fulfilled or if some adjustments were needed.

3.5. DEMONSTRATION

The specific situation identified to analyse the performance of this tool was defined based on the
analysis presented in Figure 3.1, where it is possible to conclude that most of the clients have a
business relationship with a low score (20 points). It was possible to verify that this low score was
associated to older durations in business relations, which means, that most of the clients are evaluated
in the ongoing model. Since the ongoing model is usually for clients with a relation higher than 182 or
365 days and most of the clients do not have a recent relation, it was decided that this solution would
evaluate the impact of just changing the macro parameters (weights of the groups) in the model and
keeping the micro-ones (weights of each risk factor) the same in both visions. Additionally, it was
decided to create the baseline with no behavioural group, which means, the weight of the parameter
of the behavioural group is 0. This decision was placed to show the impact of introducing the
behavioural group in the variation. Since most of the clients achieve the condition of being on the
ongoing model, it was decided to give more than 50% to the transactional group in order to understand
the impact of including transactional history in the risk calculation of the clients. However, it was not
possible to present values based on variables, because the data randomly created only had KYC
information. So, for this study, it was considered a dynamic parameter: the average score for each
client in terms of metrics calculated, where it is possible to choose between 20, 40 and 100 points. In
other words, 40 points represent that the average of each client in the behavioural group is 40 —
Medium Risk. This allows us to be conservators and analyse the impact on the distribution of clients
by each level of risk if, for example, the average of all the clients in the behavioural group would be
100 points.

22



Even though the universe of clients at a bank can be very diverse, it is not expected that most clients
are associated to suspicious transactions. However, it was decided for this study to consider a constant
value of 40, which means medium risk for all the clients, for analysing from a conservative perspective
the distribution of clients per level of risk.

The scale that defines the level of risk was an assumption used in this demonstration. As it is possible
to understand the dashboard with detailed information about the clients and their characteristics, the
tendency that we concluded was that most of the clients have low risk in most of the risk factors. To
be able to present a distribution that identifies clients in all the risk levels, it was decided to use the
following scale: 0 < Final Score <= 35 the client is low risk, 35 < Final Score <= 60 the client is medium
risk and higher than 60 the client is high risk. The maximum score used for the strategic rules was
defined as 500. Lastly, if a client has some information missing or is not parametrized, the score applied
is 100 (as the high risk). This assumption was created based on the characteristics of the clients, and it
can be adjusted for further work in the case that the clients present different characteristics.

With this situation defined, it was possible to develop the rest of the solution in order to present the
analysis required based on the parameters chosen.

3.5.1. Prototyping the Final Solution

After developing the steps described, it was necessary to finish the prototype phase of the solution,
for doing it, the parameters chosen in Figures 3.18 and 3.19 were considered for presenting the
following results. In the other vision, it is possible to analyse in the appendices the parameters used
for the baseline vision.

This chapter will present the results of the pages developed to answer the requirements that were
defined in the design phase.

Calibration CRR Model ‘pmums EOIENEN EIEEEN

Baseline: Count of Low Risk Clients per Entity Type
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Model Entity Type Average Final Score 9043 Entity Type 40000
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908 3648 35444 o8 » . e i 3
Medium Risk Clients L s ents 26401

[ ]
High Risk Clients
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Figure 3.18 — Dashboard Resume
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The first page works as a resume of the main statistics about the distribution of clients and the final
score. For presenting all these results, the principles of DV were followed, like "Highlighting the most
important information" and "Avoiding clutter", which means, cards for the main numbers and the
slicers to choose each model, the entity type and remove the auto-high clients. Also, both visions are
clearly illustrated in this dashboard, and it was tried to keep a similar structure in each one of them to
make the dashboards easier to understand. In the case of applying selections in the slicers, it would
show a clear vision of the statistics. In the bar charts, it represents the global average of the score
multiplied by the parameter chosen for each model and entity type. Additionally, this page presents
the count of clients per level of risk and also the averages of final scores achieved for both visions.
With this information, some requirements that were established in this study were achieved.

As one of the requirements was to present a vision without the application of strategic rules, which
means, the same universe of clients but without heuristic rules, the dashboard presented before was
replicated for presenting the statistics for this vision:
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Figure 3.19 — Dashboard Resume Without Auto-High Rules

As it is understandable from the figure, the structure was kept from the dashboard presented below
in order to have a clear comparison between both results. The application of strategic rules influences
mainly the high-risk clients, as it is possible to observe in the statistics. While going through the analysis
of this dashboard, a financial institution can evaluate the impact of defining strategic rules and their
effectiveness, which means, a client can have a low score in all the other factors, but if he has a" Y" in
one of the strategic rules, it makes him an automatically high-risk.

The third and fourth dashboards are where the parameters were chosen, they have the same structure
as it was mentioned in the prototyping phase since it was not identified any relevant topic or necessity
of change regarding the structure and appearance of the page. Although below it is possible to analyse
the final parameters used in this demonstration:
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Calibration CRR Model - Definition of Parameters - Variation (1/2)

Individuals Onboarding:

Entity Group Macro Parameter Professional Activity CAE Product Group Macro Parameter
0,18 . 0,10 0,15
Channel Occupation Opening Purpose v Controls
0,15 025 0,05
Flag Adverse Media — Business Duration Relation ’
Control Sum of Parameters Entity Group
0,15 0,15
Country Group Macro Parameter v Residence 0.35 00 O
035 065 S ontrol Sum of Parameters Groups
Individuals Ongoing:
Entity Group Macro Parameter of Profissional Activity ™ CAE . Product Group Macro Parameter
0,20 0,10 0,05
Channel Occupation ™ Opening Purpose
0,15 0,05 Controls
Flag Adverse Media Business Duration Relation
o1s - 0.00
Country Group Macro Parameter ™ Residence v 0.35 Control Sum of Parameters Entity Group
015 0,65 Citizenship Paramete
Behavioural Group Macro Parameter v Sum of Scores * Micro Parameters of the & Risk Factors v 000
Control Sum of Parameters Groups
0,60 40 v

Figure 3.20 — Final Parameters Considered Individuals Clients

Calibration CRR Model - Definition of Parameters - Variation (2/2)
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Figure 3.21 — Final Parameters Considered Corporate Clients

As was mentioned at the beginning of this chapter, it was supposed to define a weight heavier than
50% to the Behavioural Group to analyse the impact of the transactional history in the clients' risk. The
rest of the parameters were defined based on the ones of the Baseline vision, where they were kept
in the same proportion and with the same distribution. Additionally, as it was mentioned in one of the
requirements, for creating a dynamic report where the user can define the parameters used, it is
important to keep the coherency in the results for creating comparisons. In order to maintain
coherency, it is necessary to have controls that alert if the user's choices are correctly applied. In the
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right corner, it was created two controls for helping the user's experience and to present results based
on parameters well-defined. The first control, "Control Sum of Parameters Entity Group" guarantees
that the sum of the parameters chosen in the Entity Group is 1. So, if, for example, the user would
change the parameter "Opening Purpose" for 0,25 the control would present a red value with a value
of 0,05, which means, the sum exceeds 0,05 the supposed total defined in the literature review of the
model, which is 1. The second control follows the same logic as the previous one, it guarantees that
the sum of the macro parameters chosen is 1, and it also follows the same logic if a value higher than
1is the result of the sum.

The only parameter that follows a different method of creation is the "Sum of Scores * Micro
Parameter of the 4 Risk Factors" since it has 3 different possible values, 20, 40 and 100.

As was mentioned in the demonstration chapter, it was impossible to present and utilize in this master
thesis data regarding the transactional history of each client. Considering this group in the calculation
of the risk was considered an average score for all the clients. This value of the average score means
that the sum of the scores multiplied by the respective micro-parameter is 20, 40 or 100. The four risk
factors were assumed as an example in the case of having an average for the four of them.

This assumption can influence the accuracy of the model, but as it was mentioned, the solution was
developed to receive real data and calculate the risk with the respective scores for each client.

The user can choose one of the 3 values to apply in the calculation of risk. The results presented took
into consideration a conservative vision where the average score for all the clients is 40 points. Since
the macro-parameter defined for the behavioural group is 60%, this decision considerably impacts the
results. However, it is expected that the transactional history of the clients impacts their risk because
they have a relationship with an institution older than 6 months. Since the bank already knows the KYC
information about the client and their information already influenced the risk during the first months
(onboarding phase), it is normal to follow a logic of analysing and give more importance to the
transactional behaviour of the client to understand if the risk is aligned with the characteristics of him
or if he has a suspicious history of transactions that do not match with his characteristics.

In this study, the distribution followed was based on the best practices considered in the market and
should be adapted to the reality of the client in order to answer his necessities in a complete way. The
objective is to present this report and change the parameters for analysing the results performed in
real-time in terms of distributions and the risk calculated for each client.

The following dashboards were developed based on the requirements of presenting the distribution
of scores for the Baseline vision to understand the impact of adding a behavioural group to the model.
It was considered relevant to divide the high-risk clients into a specific dashboard since this group of
clients requires a detailed analysis and can represent a problem of Money Laundering or illegal
activities to a bank. As it is possible to analyse, it was created a line graph for each level of risk, and it
presents the distribution of the total of clients per score. In the cards performed it is possible to
understand what the average of scores per model and type of client in each level of risk is. General
information is also presented in the cards on the right where it is mentioned the total number of clients
per risk level and the respective percentage in the total number of clients. The zoom slicer added in
the visualization was to analyse in a more detailed way the total number of clients since the scale has
a very high maximum value (5k).
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Figure 3.22 — Dashboard Medium and Low Risk Clients

Regarding the High-Risk clients, as it was mentioned, a specific dashboard was created with some
statistics in order to verify the impact of the strategic rules defined. Based on this group of clients it is
possible to understand whether the number of clients is aligned with the expectations of a bank

regarding the generation of alerts and the necessary diligence that they need to apply. It presents the
number of clients regarding each vision created and it includes a variation without the application of

strategic rules, which means, if there was not any heuristic rule created how many clients would be

High-Risk. This analysis can help to understand if the scale of levels of risk is well defined or if some

adjustments should be made in order to reduce or increase the number of clients at this level. As it is

possible to observe, the strategic rules have a huge impact on the final risk of most of the clients, and
just 19 clients would be High-Risk without any transformation of their score. By analysing these
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visualizations, the banks can evaluate the impact of creating or removing a strategic rule and analyse
in the results if that choice had a several impact.

Calibration CRR Model - High Risk Clients
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Figure 3.23 — Dashboard High-Risk Clients

One of the requirements was to present statistics about the distribution of the average scores per each
group of risk factors and to present what are the risk factors that contribute more to the final risk.
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Figure 3.24 — Dashboard Exploratory Analysis Baseline
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In Figure 3.24, it is presented how the dashboard "Exploratory Analysis — Baseline" was prototyped.
This page was created based on the calculations and results obtained for the baseline vision, and the
attributes used are calculated columns as mentioned in the construction of this vision. To help the user
access and analyse the information, it followed a structure of starting with high-level analysis and then
going through each group of risk factors. The first graph in the top left corner presents the general
view of the scores and how each group contributes to those values. It is divided into the model and
the entity type. Since in this vision, it was not considered the behavioural group, weight was 0, and
there is no part of the bar related to that attribute. Each of the values presented in each bar represents
the average of results obtained in each group of risk multiplied by the macro-parameter defined.

The same creation method was followed for the other graphs, it just changed the attributes considered
since each graph represents one group of risk factors. The complexity of the entity group in terms of
the number of risk factors impacts the interpretability and capacity of analysis of its graph. However,
a zoom slicer was used for navigating the visualization and understanding the impact of all the
attributes.

There are also slicers at the top of the page, which allow the user to see the results regarding the type
of entity, model or remotion of Auto-High clients. Even though there is already a separation in the
graphs, these slicers make the analysis of the graph easier.

The next figure (Figure 3.25) presents a similar dashboard compared with the one presented above
and it contains the results of the Variation vision. It has the same graphs, but for calculating the values
created, also new measures were performed with the average of the scores per risk factor and as a
higher-level analysis, the average of scores per groups.

= - Model Entity Type Auto High N
Calibration CRR Model Wocn W e - e
Analysis by Group of Risk Factors - Variation: o m: W

B oG e v

Average Final Scores and Average Scores * Micro and Macro Param. by Risk
Faﬂu?g Groups ? v Average Score * Micro Parameter by Risk Factor by Group. Model and Type of Entity - Country Group

@ Country Group @ Product Group @Entity Group @Behavioural Group @Citizenship @ Residence

15 14
10 9

OB oG

M

Average Scores
g cire

Model and Entity Type
Average Score * Micro Parameter by Risk Factor by Group. Model and Type of Entity - Entity Group

@ Adv Media @ Professional Activ. @CAE @Channel @Dt Constitution @ Bus. Dur. Relation @Open Purp. @ Occupation

o

Model and Entity Type

Average Score * Micro Parameter by Risk Factor by Group. Model and Type of
Entity - Product Group

| . .
£
3 5

Model and Entity Type Model and Entity Type

Avg Score * Micra Param.

(o,

Figure 3.25 — Dashboard Exploratory Analysis Variation
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3.6. RESULTS AND EVALUATION

Concerning the requirements defined at the beginning of this study, there was an alignment of the
expectations before starting to prototype the solution. By developing this tool, it was possible to
understand through the demonstration chapter the powerfulness of the solution and how it can
improve the presentation of results performed by a CRR Model. Additionally, while the final version of
the Power Bl dashboards was being developed, some discussions and meetings with specialists of the
area (AML/CDD and DV) were placed for sharing the results achieved. The feedback received was
positive, and the overall evaluation focused on the impressive capacity of the tool on presenting real-
time analysis regarding adjustments and changes performed during these discussions.

Even though this master thesis did not use real data for presenting the results, the capacity to answer
all the analyses initially defined improved the credibility of the solution developed. It is important to
mention that the purpose of this study was also to develop an adaptive tool that could be personalized
regarding the necessities and characteristics of each client, and, mainly, a tool that can take as input
different risk factors and can be adapted to each CRR Model created based on weighted models.

The easy access to Power Bl also helps the visualization of data, where it is possible to synthesize the
information on each page of the report and analyse it from a detailed perspective with the application
of the slicers on specific topics. However, the exploratory results for both visions have some detailed
information, so it can be difficult to analyze the impacts in the graph and understand the values
presented. It was a topic identified as relevant to improve in future projects.

Concerning the demonstration problem, the main topic was to evaluate the relevance of changing the
macro parameters of the vision Variation, in order to add the impact of the behavioural group in the
risk calculation. Again, Power Bl had a significant impact on the effectiveness, accuracy, and efficiency
of the results obtained, since the changes applied were quickly performed and the results were
successfully updated in real-time. For the business world, specifically financial institutions and
consulting companies, where several projects regarding CRR Models are developed, now it is possible
to add this tool to presentations or discussions with clients, and if some adjustments are needed in
each weight of the risk factors, it is possible to present its impact without being dependent on other
executions or manual changes that can take time and resources.

As will be mentioned in the limitations, some challenges were faced during the process of developing
this solution. However, it is now possible to measure and analyze the final results of this solution, and,
most importantly, evaluate the impact of Power Bl in the calibration process of CRR Models.

The results achieved in the demonstration show how Power Bl can easily lead with a universe of 40.000
clients and their information by accessing the dataset in a quick way. For creating the variation vision,
it is needed to create several measures, that influence the time spent performing the visualizations
utilized in each dashboard. For evaluating the performance of some dashboards, the Performance
Analyzer by Power Bl was taken into consideration. Performance Analyzer inspects and displays the
time required to update or refresh all visuals that user interactions initiate (Decoding the Most Unused
Feature of Power Bl — the Performance Analyzer, n.d.).

With this evaluation tool, it was possible to analyze how much time the visualizations take to update
their results regarding the parameters chosen in the slicers of the pages presented before. With this,
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it is possible to present if, for example, in a meeting, it would be necessary to spend too much time
updating the results if some changes were made. For the baseline vision, the results were significantly
faster since they were not dependent on the parameters created.

The results achieved for the dashboard "Resume" can be analyzed in the figure below:
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Figure 3.26 — Performance Analyzer of the Resume Dashboard

As it is possible to see from Figure 3.26, the maximum time that a visual took to refresh its results was
17600 ms, which means, 17.6 seconds. Since the dashboard "Resume" has the main numbers and the
visualizations presented use information from the most complex measures, it was just analyzed the
performance of the visuals on this page. The results obtained show that the visualizations will not take
too much time when, for example, it is decided to choose new parameters in the respective pages for
analyzing the results in this dashboard. These results also help to understand which visualizations are
taking more time. It was expected that the cards registered the maximum time since they are the ones
related to the distributions of the final risk per each level of risk. It was predictable that this behaviour
would occur because these cards perform statistics regarding the last step of calculations, the final
score. The final score is dependent on some other measures, which also use several results from others
in their calculation. In the end, it is expected that the dimension of the dataset used as input also
impacts these results. However, it is normal that the software takes some time to perform all the
results since the number of measures created is also complex, with a lot of dependencies between
each one of them.

Analysing the intervals of time also shows that changing one or all the parameters does not impact the
performance of the report.
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In terms of communication, as it is the last chapter of the methodology used, this report can also be
useful in different areas since it is based on presenting results performed by a weighted model, so it
can be also adapted to different industries and consider different risk factors for new studies. Since it
was developed to be used as a tool, it was important to have the validation and recognition of the
work that was done. In this specific part, after presenting the final solution to specialists of the area
regarding the CRR Models, it was possible to validate the logic besides the results achieved. Lastly, the
outcome received was that the solution was correct and complete to be used in future studies or in
real projects.
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4 LIMITATIONS

The main limitation of this study is the data used for performing the visualizations. Even though the
data was in the right format, all the parametrizations were given without business context, except the
score of each country that was analysed in the list of the UE. The source of data is not possible to
present in this study regarding the confidentiality terms adopted by the company in question.

The initial solution defined to developed in Power Bl had the objective of taking into consideration the
transactional history of each client and the dynamic definition of intervals of values as it was created
for the parameters, for attributing the respective scores. It was not possible to present the dashboards
for those concepts since there was no access to real data and it was not generated randomly
information for transactional variables.

Based on the dashboards developed, as mentioned, several measures were created in order to answer
all the requirements and develop a complete solution. Some challenges were faced when Power Bl did
not charge in the visualizations because of its memory limit. This limitation was just faced when it was
tried to create measures for a specific group of clients (high-risk clients) since it was based on defining
measures that depended on other measures and on the parameters chosen and the time to charge
the results was too long.

Lastly, in the figures presented, some names of some variables are in Portuguese because it was the
original language considered when this study started. However, as it is possible to visualize in the front-
end of the solution, everything is in the language of this document and does not impact the user
experience when analyzing the report.
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5 CONCLUSIONS AND FUTURE WORKS

The main objective of this master's thesis was to develop a tool that could impact the calibration
process of CRR Models and improve the decision-making processes of parameters when presenting
final distributions. Plus, it was also an objective to perform a report that could easily present results
regarding the characteristics of the clients and could also be used as a supportive tool for the decision-
making process of the weights of each risk factor. The first conclusion achieved was that it was possible
to create a report in Power Bl that answered the points mentioned.

The methodology applied helped the process of developing the dashboards since several changes and
adjustments were made regarding the necessities that occurred and the requirements defined. Due to
the challenge of creating a tool that could impact this calibration process, it was necessary to invest
time in learning technical concepts for replicating the logic of the mathematical model with the
possibility of dynamic changes in the parameters. Also, some meetings were taken with specialists of
the areas in order to evaluate what could be necessary to adapt and validate the results achieved.
After all these steps, it was possible to successfully create a report that answered the requirements
defined with accurate and correct results.

The demonstration phase presented in this study was very important in order to evaluate the
performance and impact of the tool created. In the future, regarding each client's transactional profile,
it will be possible to demonstrate an extension of the impact of this tool, since the dashboards were
successfully tested for a sample of information created manually. The power of developing a dynamic
tool is based on the capacity to analyse in real time the impact of applying changes to the parameters
and evaluate its impact. In Power Bl, the visualizations easily produced the results needed, improving
and creating a better user experience. Plus, the controls provided were also created for anyone familiar
with Power Bl to be able to analyze the report and simulate results.

Nevertheless, there are further works that can improve the accuracy of the results, like applying
machine learning techniques to the definition of the parameters based on the relevance of the
variables used in the mathematical formula. Even though this model was simple and did not have an
impact on using it in this tool, it is important to have an optimized and efficient model with the right
variables and techniques for optimizing the weights. Plus, applying those techniques can give the
possibility of changing the visions presented in the Power BI, by focusing on some specific points, like
different parametrizations (scores) considered in each vision, or a detailed analysis for a specific group
of clients.

Concluding, there can be several adjustments to this report in order to fulfil the necessities of each
situation. However, it is possible to confirm that Power Bl can be used on the calibration process of
Customer Risk Rating Models since all the dashboards presented were focused on providing supportive
results that can improve the decision process of parameters in the universe of weighted models.
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Dashboards Developed
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Calibration CRR Model - Definition of Parameters - Variation (1/2)
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Calibration CRR Model

Analysis by Group of Risk Factors - Baseline:

Average Final Scores and Average Scores * Micro and Macro Param. by Risk
Factors Groups

Behavioural G
30 2 N
g 20
H
A
»
3
£
.,
0
E P P
o8 0G

Model and Entity Type

Average Score * Micro Parameter by Risk Factor by Group, Model and Type of
Entity - Product Group
0

N
=}

Avg Score * Micro Param.

o

Model and Entity Type

Calibration CRR Model

Analysis by Group of Risk Factors - Variation:

Average Final Scores and Average Scores * Micro and Macro Param. by Risk
Factors Groups
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Calibration CRR Model - Risk Factors e A con B 4
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Calibration CRR Model - Parameters Baseline

Entity Type lﬁ!adel Group  Risk Factor Parameter Entity Type . Model Group Risk Factor Parameter
E Onboarding Entidade Data_Constituicio 0,15 [ Onboarding Entidade Prop_Rel_Neg 0,05
E Onboarding Entidade Dur_Rel_Neg 015 P Onboarding Entidade CAE 0,10
E Onboarding Entidade Flag_Adv_Media 0,15 P Onboarding Entidade Atividade_Profissional 0,15
E Onboarding Entidade Prop_Rel_Neg 0,20 P Onboarding Entidade Canal_Contratagio 015
E Onboarding Entidade CAE 035 P Onboarding Entidade Dur_Rel_Neg 0,15
E Onboarding Entidade Macro_Ponderador 0,50 P Onboarding Entidade Flag_Adv_Media 0,15
E Onboarding Pais Macro_Ponderador 0,35 P Onboarding Entidade Profissdo 0,25
E Onboarding Pais Residéncia 1,00 [ Onboarding Entidade Macro_Ponderador 0,50
E Onboarding Produto Macro_Ponderador 0,15 P Onboarding Pais Macro_Ponderador 035
E Onboarding Produto Produto 1,00 P Onboarding Pais Nacionalidade 035
E Ongoing Entidade Data_Constituigdo 0,15 P Onbearding Pais Residéncia 0,65
E Ongoing Entidade Dur_Rel_Neg 0,15 P Onboarding Produto Macro_Ponderador 015
E Ongoing Entidade Flag_Adv_Media 0,15 P Onbearding Produto Produto 1,00
E Ongoing Entidade Prop_Rel_Neg 0,20 P Ongoing Entidade Prop_Rel_Neg 0,05
E Ongoing Entidade CAE 035 P Ongoing Entidade CAE 0,10
E Ongoing Entidade Macro_Ponderador 0,50 P Ongeing Entidade Atividade_Profissional 0,15
E Ongoing Pais Macro_Ponderador 0,35 P Ongoing Entidade Canal_Contratagdo 0,15
E Ongoing Pais Residéncia 1,00 P Ongoing Entidade Dur_Rel_Neg 0,15
E Ongoing  Produto  Macro_Ponderador 0,15 p Ongoing  Entidade Flag_Adv_Media 0,15
E Ongoing Produto  Produto 1,00 P Ongoing Entidade Profissdo 025

P Ongoing Entidade Macro_Ponderador 0,50

p Cngoing Pais Macro_Ponderador 035

P Ongoing Pais Nacionalidade 035

P Ongoing Pais Residéncia 0,65

P Ongoing Produto Macro_Ponderador 0,15

P Ongoing Produto  Produto 1,00
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