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Abstract

Small and Medium Enterprises (SMES) are 2.6 times more likely to be rejected for a loan than a
multinational, and the worldwide trade finance gap for SMEs is estimated at $1.7 Trillion USD.
The main barrier to finance for SMEs is the high costs of due diligence during the financing
process. Our research partner, a third-party logistics (3PL) provider was interested in exploring
using their trade data to inform creditworthiness decisions for SMEs. Previous research has
shown that alternative databases can be used to improve the risk assessment of SMEs’
creditworthiness, however, we found no evidence that supply chain operational data from 3PLs
can be used to improve the creditworthiness assessment of SMEs for trade financing. Through a
partnership with a 3PL with a financial institution branch, we collect insights into the challenges
and opportunities for 3PLs to leverage their databases to better inform credit scoring decisions
for SMEs. We also use two publicly available databases to illustrate the methodology we
propose in our research for 3PLs to build their own credit scoring methodologies. We document
the proposed features to be explored by 3PLs which to build their own credit scoring models.
Aligned with the research on alternative databases, we conclude that the use of operational
supply chain data from 3PLs can be useful to strengthen credit scoring models for trade
financing of SMEs. In addition, we propose solutions to common challenges drawn from the
nature of a 3PL’s data structure and initial model iterations (i.e., cold start problem, feature
acquisition). Supply chain operational data from 3PLs can be leveraged to build a credit score
model and could be a steppingstone for 3PLs to take a central role in the trade ecosystem.
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1. Introduction

“The modern era of international trade is one of increasingly complex interactions
between people, firms, and organizations. Supply chains cross countries and regions. Trade has
become a 24/7 business and good performance in trade requires connectivity along not only
roads, rail, and sea, but in telecommunications, financial markets and information-processing.
Having inefficient or inadequate systems of transportation, logistics, and trade-related
infrastructure can severely impede a country s ability to compete on a global scale.” (The World
Bank, 2021)

Supply chain trade financing is a function that has evolved from being owned by
financial institutions (FIs), into a function that crosses the trade finance ecosystem, requiring
participation from FIs, technology providers, suppliers, buyers, and logistics providers
(McKinsey & Company, 2021).

Trade finance is an umbrella term that represents the financial instruments and products
used by companies to facilitate international trade and commerce. The main goal of trade finance
products is to help reduce the risk associated with global trade by reconciling the divergent needs
of exporters and importers (Barnier, 2020).

Unlike conventional financing mechanisms that are predominantly used to manage
solvency or liquidity, trade financing is utilized to protect against international trade's inherent
risks, such as currency fluctuations, political instability, issues of non-payment, or the
creditworthiness of one of the parties involved. Examples of trade financial mechanisms include
(Barnier, 2020; Beck et al., 2021; Lotte van Wersch, 2019):

e Lending lines of credit issued by banks to help both importers and exporters.



e Using letters of credit (LOCs) to reduce the risk associated with global trade
where the buyer's bank guarantees payment to the seller for the goods shipped.

e Factoring through which companies are paid based on a percentage of their
accounts receivables.

e Exporting credit or working capital supplied to exporters.

e Insuring shipments and the delivery of goods to protect the exporter from
nonpayment by the buyer.

Small and mid-size enterprises: Small and mid-size enterprises (SMEs) are businesses
that maintain revenues, assets, or employee levels below a certain threshold. Each country has its
own definition of what constitutes an SME. Certain size criteria must be met and occasionally
the industry in which the company operates is considered as well (Liberto, 2020; World Bank,
n.d.). SMEs play an important role in the economy, employing vast numbers of people and
helping to shape innovation. Governments regularly offer incentives, including favorable tax
treatment and better access to loans, to help keep them in business (Liberto, 2020).

Our motivation for this study is to improve how trade financing decisions for SMEs are
made. Trade finance for SMEs is relevant to promoting trade and consequently economic growth
(Demirguc-Kunt et al., 2017; OECD, 2021b). However, SMEs face two key challenges with
gaining access to trade financing: (1) counterparty risk is high?, especially when they lack the
access needed to conduct their due diligence; and (2) trade requires working capital investments

while SMEs access to capital requirements is constrained. Traditional trade financing instruments

1 «“Counterparty risk is the likelihood or probability that one of those involved in a transaction
might default on its contractual obligation. Counterparty risk can exist in credit, investment, and trading
transactions” (Murphy, 2020).



allow large enterprises to overcome both challenges — the World Trade Organization (WTO)
estimates that 80-90% of world trade relies on financing. However, the World Bank estimates
that in emerging economies, SMEs account for up to 40% of the gross domestic product (GDP)
and more than half of the jobs worldwide (OECD, 2021b; Trade Finance Global, 2020; World
Bank, n.d.)?.

The challenge for SMEs in accessing trade finance is that the relative transaction cost is
high for both parties. For SMEs, it typically means that they must dedicate a high share of their
human resources to meet the financial institution's requirements. On the other hand, financial
institutions have two uneconomical options: provide a labor-intensive due-diligence process, or
attempt to automate the process with limited information; both usually result in uneconomical
outcomes for the SME and the financial institution (OECD, 2021b).

In this research, we seek to answer the following research question: can supply chain
transactional data features® be leveraged by third-party logistics operators (3PL) to assess the risk
of financing trade for SMEs? Credit scoring models incorporating the transactional data features
could allow financial institutions to better assess trade finance riskiness for SMEs. As part of our
research, we will identify the key factors that drive trade credit risk for SMEs. We will include
supply chain operational variables and financial metrics in our feature selection process. With

populated data on our proposed data features, 3PLs could develop a model to determine trade

2 Today, SMEs have less access to trading than larger enterprises. For example, in the
manufacturing sector in most OECD countries, only 10-25% of SMEs export whereas 90% of their larger
counterparts export. (OECD, 2021, p.7). The contribution of SMEs to trade is higher if we account for
indirect exports and other sectors beyond manufacturing, but there is still room for growth. (Ali et al.,
2018; Auboin, 2021; International Finance Corporation, 2013; Kim et al., 2019; OECD, 2021b; World
Bank, n.d.).

3 In this capstone paper, we refer to data features as the input variables for credit models (i.e.,
financial rations, estimated revenue, country of origin, etc.)



financing options for SMEs, and, as a consequence, promote trade growth. Beyond business
applications, this research is relevant from an academic point of view because it provides new
insights on how to measure trade credit risk with new alternative data sources.

We believe that trade finance decisions could be supported with a credit scoring model
that incorporates supply chain data from 3PLs, for example: gross merchandise value, country of
origin, country of destination, etc. We also believe that these models would provide increased
supply chain visibility and improved risk management practices in addition to improving
financing decisions made by 3PLs with financial institutions branches to guarantee a scalable
and economical method to make credit decisions for SMEs. 3PLs could also benefit from
improved stickiness with SMEs in their trade ecosystem. By improving the measurement of trade
risk of SMEs, 3PLs with financial institution branches can make more informed lending
decisions and proactively manage the credit risk through the 3PLs. Furthermore, the operational
data can be leveraged by financial institutions and 3PLs to improve risk management (Acero et
al., 2021; Ng et al., 2021; Sdenz et al., 2018; Saenz & Revilla, 2014).

We have conducted a collaborative research project with a 3PL with a financial institution
branch to understand how to build a credit scoring model which leverages operational supply
chain data to measure and manage the trade risk. Our methodology was to review the existing
literature to identify the key features for credit score modeling, and to illustrate the credit score
modeling process with two publicly available SMEs credit databases. In our methodology, we
prioritized using explainable and interpretable models over other techniques such as deep
learning to comply with the World Bank recommendation on policy for interpretability of credit
decision processes (Brock, 2021; Euromoney Institutional Investor PLC, 2014; The World Bank

Group, 2019; World Bank, n.d.).



This document is structured in five chapters: (1) Introduction, (2) Literature Review, (3)

Data and Methodology, (4) Results and Analysis, (5) Discussion, and (6) Conclusion.
2. Literature Review

The research question driving our capstone is: can supply chain transactional data
features be leveraged by third party logistics operators (3PL) to assess the risk of financing trade
for SMEs? Today, SMEs* face barriers to access trade finance due to high transaction costs in the
due-diligence process for financial institutions. The objective of this research is to understand
how a credit scoring model can leverage supply chain operational data to evaluate trade
financing riskiness for SMEs, making the due-diligence process scalable and less labor-intensive
for the financial institutions in partnership with 3PLs (OECD, 2021a, 2021b).

In the body of the literature review, we synthesize the body of knowledge related to our
research question from four angles: (2.1) the state of the trade finance industry; (2.2) the gap and
barriers for SMEs’ trade financing; (2.3) credit scoring methodologies; and (2.4) the value of
operational supply chain data for trade financing.

2.1 The State of the Trade Finance Industry

“Trade finance is essential to global trade. In many cases, goods simply cannot cross
borders without it. This is particularly true in emerging market and developing economies
(EMDE:s), as risk perception, jurisdictional differences, unfamiliar counterparty relationships,

and geographic distances, among other factors, create a need to document and share risk on

* See motivation and problem statement for further details: Small and mid-size enterprises: Small
and mid-size enterprises (SMESs) are businesses that maintain revenues, assets, or employee levels below
a certain threshold. Each country has its definition of what constitutes an SME. Certain size criteria must
be met and occasionally the industry in which the company operates is considered as well (Liberto, 2020;
World Bank, n.d.). SMEs play an important role in the economy, employing vast numbers of people and
helping to shape innovation. Governments
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shipments.”(International Finance Corporation, 2020, p. 2). Trade finance is tied with economic
and job growth and is crucial to drive development (Beck et al., 2021; International Finance
Corporation, 2020; Kim et al., 2019). In Figure 1 we can see that the global trade finance market
is composed of core players and enablers (McKinsey & Company, 2021); logistics providers can
play a key role in partnership with financial institutions.

Figure 1

The Global Trade Finance Ecosystem Segmented by Core Participants

The global trade finance ecosystem can be
segmented into core participants and facilitators.

—> Exchange of goods or services =—> Exchange of money Technology services

Financial

institutions J

Buyers
(eg, large
| corporates)

Suppliers
(eg. |
MSMEs) |

Technology
providers

Logistics Govern-
providers ments and
regulators

Source: ATF analysis

Note. McKinsey & Company, (2021). Reconceiving the global trade finance ecosystem.
McKinsey & Company.
https://www.mckinsey.com/~/media/mckinsey/industries/financial%20services/our%20insights/re
conceiving%20the%20global%20trade%20finance%s20ecosystem/reconceiving-the-global-
trade-finance-ecosystem-final. pdf?’shouldIndex=false
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Up to 80% of trade is financed by credit or credit insurance, but coverage is not uniform.
A lack of trade finance is a significant non-tariff barrier to trade. Small and medium-sized
enterprises (SMEs) face the greatest hurdles to access affordable trade financing because of
barriers to transactions (i.e., Know Your Customer Costs “K'YC™® and Anti-Money Laundering
costs “AML”®) (Kim et al., 2019). In some large, developed countries, up to a third of SMEs face
such challenges. SMEs account for 20% of US exports, and 40% of EU exports. Globally, over
half of trade finance requests by SME:s are rejected, whereas just 7% for multinational
companies. Global liquidity tends to be concentrated within the biggest institutions and their
clients (WTO, n.d., 2016).

In response to the challenges resulting from the COVID-19 pandemic, governments are
looking to their export credit agencies (ECAs) to fill any financing gaps left by the private
market and to mitigate the impact of the crisis by engaging in both short-term (ST) and medium-
and long-term (MLT) trade finance. In the absence of comprehensive data on trade finance, the
brief from the OECD uses surveys to attempt to identify emerging trends. These indicators
suggest that ST trade finance is facing access problems (increased costs of ST financing for
SMEs and higher rates of rejected applications) while MLT trade finance appears to be relatively
resilient (decrease of 34% in volume and 15% in the number of MLT export credit transaction).

ECAs may therefore have a role to play in ST trade finance by acting on liquidity and increasing

® The know your customer costs (KYC) refers to the associated costs to gather data on a client
during a due diligence process. The KYC process can be automated or conducted manually, but there is a
trade off between accuracy and cost per client.

® The anti-money laundering costs “AML” refers to the costs and expenses related to audit and
perform due diligences to reduce the risk of conducing transactions that support money laundering.
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capacity. However, for MLT trade finance, ECAs might have fewer levers for action, especially if
the pandemic is affecting the demand side and reducing the pipeline of projects (OECD, 2021a).
2.2 The Gap and Barriers for SMEs’ Trade Financing

SME:s in developing countries face even greater challenges in accessing trade finance.
The estimated value of unmet demand for trade finance in Africa is US$ 120 billion (one-third of
the continent’s trade finance market) and US$ 700 billion in developing Asia. Bridging these
gaps in provision would unlock the trading potential of many thousands of individuals and small
businesses around the world. Gaps in trade finance provision are highest in new “frontier”
countries for trade, where trade opportunities are increasing as global production patterns evolve.
The gaps in trade financing provision arise due to a mix of structural and development factors.
These gaps are even greater after the 2008-09 financial crisis compounded them. And to stress
the problem, local banking sectors are often not equipped to fill the market gap (WTO, 2016).

The main barriers of trade finance, as shown in Figure 2, are related to the lack or high
costs of knowledge to accurately assess the creditworthiness of SMEs. According to market
surveys, SMEs are 2.6x more likely to be rejected for trade financing than are multinationals

(Kim et al., 2019, 2021).
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Figure 2

Barriers to Trade Finance (% of Responses)

AML/KYC requirements 76
High transaction costs
or low fee income

Low credit ratings of
company and/or obligor’s country

59
52

Issuing bank’s low credit ratings 51

Basel regulatory capital requirements 48

Low company and/or 43
obligor credit rating

Global economic uncertainty 41
such as trade tensions

Client’s lack of familiarity 32
with products

Lack of dollar liquidity 29

Bank staff’s lack of

familiarity with products 26

AML = anti-money laundering, KYC = know your customer.
Source: ADB. 2019 Trade Finance Gaps, Growth, and Jobs Survey—Banks.

Note. Kim et al., (2019). 2019 Trade Finance Gaps, Growth, and Jobs Survey (0 ed., ADB Briefs)
[ADB Briefs]. Asian Development Bank. https://doi.org/10.22617/BRF190389-2

With so many businesses deprived of the support that they need to grow, action is needed
to address these trade financing gaps. The United Nations Financing for Development agenda,
who are already executing various steps to tackle this issue on three fronts, highlight that: first, to
encourage global financial institutions to remain engaged and to ensure that regulations are not
prohibitive; second, to increase the capacity of local financial institutions; and third, to provide
support measures to increase the availability of trade finance via multilateral development banks
(WTO, 2016).

2.3 Credit Scoring Methodologies

Credit scoring is a common statistical approach used by financial institutions and lenders

of capital to determine the creditworthiness of an individual, business, institutions, and even

countries. Credit scores can be used to accept or reject the offering of a loan, determine the
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riskiness of the counterparty, and determine the pricing of the credit (Brock, 2021; Lando, 2004).
Credit scoring should not be confused with credit rating. The latter is mostly used for large
enterprises and institutions to assess the counterparty risk of not completing its financial
obligations. Credit scores tend to be in any numerical range, whereas credit ratings tend to be
classified (e.g., AAA, AA, BB, etc.) (The World Bank Group, 2019).

Credit scoring has evolved. Modern credit scoring was spearheaded by the discriminant
technique from Ronald A. Fisher in 1936, the technique is useful to classify observations into
non-overlapping groups. The discriminant technique has been used to differentiate creditworthy
loans from non-creditworthy loans. (Fisher, 1936; The World Bank Group, 2019). Another
example of a mathematical technique is linear programming, currently utilized in modern
algorithms to determine credit scores such as myFICO (The World Bank Group, 2019).

The Fair Credit Reporting Act (FCRA) was introduced in the 1970s in the United States
to prevent financial institutions from using discriminatory data (i.e., race, gender, etc.) to
estimate the credit score (Federal Register, 2012; The World Bank Group, 2019). Recent
innovations in statistical methods combined with access to new data sets could enable new credit
decisions, which suggests that incorporating new alternative data sources such as 3PL
transactional data could lead to improved credit riskiness measurement (The World Bank Group,

2019).
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Financial institutions that offer credits to SMEs for trade finance, are also subject to the
Basel’ regulations and could affect their capital requirements. Because of Bassel 11,8 multiple
financial institutions realized that improving in-house credit scoring models was not only a
requirement in some markets but also an opportunity to improve risk management and improve
the profitability of the credit portfolio (Brock, 2021; Cucinelli et al., 2018; Cummings &
Durrani, 2016; The World Bank Group, 2019).

In parallel to financial institutions seeking methods to improve their in-house credit
scoring models, researchers have developed innovations in the credit scoring methodologies.
Innovation in credit scoring is twofold: due to the availability from new data sources, researchers
have been able to apply new statistical methodologies. Recent literature on credit scoring builds
on such innovations, searching for methodologies that can improve model performance (Dastile
et al., 2020; Dias Duarte et al., 2017; Roy & Shaw, 2021; The World Bank Group, 2019),
exploring data sources that can provide improved predictive power and studying the effect of
different financial instruments (Altman et al., 2020; Bedin et al., 2019; Dias Duarte et al., 2017;
Schmidt-Eisenlohr, 2009), and feature engineering to reduce the feature acquisition costs for
alternative credit scoring data sources (Angilella & Mazzu, 2015; Kou et al., 2021) The pace of

innovation in trade finance has accelerated by the COVID-19 pandemic crisis (Auboin, 2021).

" “The Basel Accords are a series of three sequential banking regulation agreements (Basel I, 11,
and I11) set by the Basel Committee on Bank Supervision (BCBS).

The Committee provides recommendations on banking and financial regulations, specifically,
concerning capital risk, market risk, and operational risk. The accords ensure that financial institutions
have enough capital on account to absorb unexpected losses.” (Chen, 2011)

8 Basel Il incorporated additional requirements on capital adequacy for banks, specifically, it
required financial institutions to assess credit risk of assets in the calculation of regulatory capital ratios
(Chen, 2020).
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Traditional credit scoring methodologies include linear regression, discriminant analysis,
and logistic regressions; all are used to predict the outcome or probability of default or non-
default on the credit (Beaver, 1966; Lando, 2004; The World Bank Group, 2019). New
methodologies include supervised and unsupervised machine learning techniques for credit
scoring (i.e., decision trees, random forests, gradient boosting, neural networks, clustering,
automated feature engineering, natural language processing, etc.) (Dastile et al., 2020; The World
Bank Group, 2019). The drawback of the new methodologies is that they commonly require a
higher cardinality of features, and new regulations might restrict the use cases of the new
methodologies as they will likely be too complicated to be able to explain the effect of each
feature on the outcome (Dastile et al., 2020; The World Bank Group, 2019).

2.4 The Value of Operational Supply Chain Data for Trade Financing

Existing literature explores how alternative data sources (instead of data sources limited
to financial metrics) can improve model performance (Gupta et al., 2018; Kou et al., 2021; Roy
& Shaw, 2021; Shi et al., 2019). Roy & Shaw, (2021) explored in their research how non-
financial data sources can be leveraged with new methodologies to improve baseline credit
scoring models. Shi et al., (2019) analyzed the interaction of macroeconomic variables in the
default riskiness of loans with farmers in China. Gupta et al., (2018) proved that the size and age
of an SME can help to understand the survival probability and by consequence their implicit
counterparty default risk. Lee et al., (2012) showed that international sales of Korean SMEs are
associated with better survival rates, suggesting that country of origin and destination mix from
3PL could be useful for measuring credit riskiness. Grunert et al., (2005) show that financial

institutions which use financial and alternative data sources have better predictive power than
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using only one of the sources. However, it is key to ensure that the features that are included are
designed to reduce feature acquisition costs without sacrificing performance (Kou et al., 2021).

We found no evidence in existing research to prove or disprove that operational supply
chain data from 3PLs can enhance trade finance decisions for financial institutions. However,
research suggests that it could given the value of alternative sources of data (Ali et al., 2018,
2019; McGuinness et al., 2018; Ng et al., 2021; Song et al., 2016). Supply chain data as an
alternative data source can improve trade financing decisions and can even go as far as making
firms more creditworthy. Ng et al., (2021) explored how US conflict mineral firms with higher
supply chain visibility have improved trade finance and are deemed to have higher
creditworthiness. Moreover, Ali et al., (2018) showed that SMEs engaged in trade finance have
improved performance, especially in the case of a high degree of trade digitalization.
McGuinness et al., (2018) showed that trade finance helped decrease the probability of distress
of European SMEs during the financial crisis in the period of 2003-12.
2.5 Conclusion of the Literature Review

Recent literature in credit scoring is focused on twofold innovation: the use of new
statistical approaches and the leverage of alternative data sources. The existing literature shows
that alternative data sources, combined with new statistical approaches, can improve the
predictive power of creditworthiness scoring of SMEs (Altman & Sabato, 2007; Dias Duarte et
al., 2017; Georgios, 2019; Gupta et al., 2015, 2018; Kou et al., 2021; Roy & Shaw, 2021; Shi et
al., 2019).

We identified that the existing literature does not prove the potential value of
incorporating operational supply chain data from 3PLs for SMEs trade finance. Our research will

help to understand what the potential of this alternative data source is to improve SME
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creditworthiness scoring and to potentially reduce the gap for SME trade financing. Our findings,

from the literature research, are summarized in Figure 3:

Figure 3

Framework of Findings from Literature Research: Market Structure and Players

Players

Potential role
in trade
financing

Relevance &
implications
for research
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[MeKinsey &
Company, 2021).

High: CRIM &
transactional
database will
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features for the
credit score
modeling.

3PLs

Is naturally
poised to lead
the ecosystem
with ownership
of the physical &

information flow.

Highest: central
transactional
database used
far deriving
features for the
supply chain
credit scaring
moadels.

Financial
institutions

Eagerly exploring
alternative
sources of
revenue. Credit
cautious since
2009-11 crigis.
and marecver
with COVID-19
(OECD, 2021a).

High: central as
they can
complement
transactional
infermation with
financial profiling
from traditional
credit scoring
models,

Buyers

Seeking to lower
acquisition cost,
specially trading
costs. Will likely
be interested in
solutions that
drive trade costs
down {McKinsey
& Company,
2021).

Medium: direct
features will
capture traits of
the buyers as
they can serve as
proxies of guality
due-diligence
from
procurement
functions.

Enablers

Regulators

nterested in
promuoting job
growth — 60-70%
of employment is
tied to MSMEs
{McKinsey &
Campany, 2021).
Driwe credit
regulation.

Low: some of the
engineered
features will
capture indirectly
regulators effects
{i.e,, country of
arigin &
destination).

Trade
organizations

WTO promote
trade financing
far SMEs as a key
driver for
economic
growth in terms
of GDP and
employrment
[WTO, n.d.,
2018).

Low: unlikely
that some of the
engineered
features will
capture directly
or indirectly their
effects.

Note. Designed based from McKinsey & Company’s, OECD & WTO frameworks for market
structuring (McKinsey & Company, 2021; OECD, 2021a; WTO, n.d., 2016).
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3. Data and Methodology

Our research objective is to understand which data features of supply chain transactional
data can be leveraged to improve trade financing decisions for SMEs. To do so, we have
designed the following methodology to analyze and understand the effect of supply chain
transactional data features on trade financing decisions for SMEs. We built the methodology to
best fit the available data that a 3PL will likely have. First, we will elaborate the data availability
constraints for our research and the likely data structure used by 3PLs. In the time frame of our
capstone, we did not have access to the records of the database, but we will elaborate on the
structure and potential features to be generated. Next, we will develop the methodology used in
this capstone to identify potential features to be used by 3PLs to estimate creditworthiness. In
this chapter we look at three major themes of the methodology: (1) performing exploratory data
analysis; (2) engineering features from supply chain transactional data; and (3) building and

testing credit scoring models.
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3.1 Data
3.1.1 Understanding the Transactional Data Context of a 3PL

We have conducted this research in collaboration with an international 3PL to ensure that
the insights are industry applicable. It is relevant to understand the context of the data availability
for a 3PL to be able to design a credit score model from the 3PL data.

Based on our collaboration with the industry, we learnt that 3PLs will probably have
transactional data records designed to capture the movement of goods as illustrated in Figure 4.
Through the partnership, we conducted guided interviews with the data owners of the partner
3PL. The interviews allowed us to understand the structure of the databases and how they are

linked with each other and updated as data is generated with each transaction.

Figure 4

Schematic of Typical Database Setting for Transaction Records of a 3PL
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Note. Interviews with logistics provider, personal communication, (2021)
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These databases will tend to be exhaustive on the level of details regarding physical
movements and the nature of the goods being transported. It is unlikely though, that a 3PL will
have accurate and exhaustive logs of the characteristics of their clients (i.e., stored in Customer
Relationship Management software, also known as CRM). Traditional credit scoring
methodologies rely on financial ratios calculated from CRMs or databases built from due
diligence and review processes (Brock, 2021; The World Bank Group, 2019). Hence, 3PLs will
likely lack the traditional databases used for credit scoring (Roy & Shaw, 2021; The World Bank
Group, 2017).

In addition, it may be possible to have access to additional databases from the 3PL to
boost the predictive power of the supply chain operational data. For example, the payment
records tied to the transactions could be leveraged to measure existing payment delays and
defaults of SMEs even before being financed. In the case of our partner, we were able to leverage
the payment records database and a CRM equivalent database. Lastly, 3PLs interested in trade
financing can obtain more data features through purchasing credit scoring of SME databases,

using publicly available databases, and building processes to obtain them.
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3.1.2 Public Databases Used for Capstone

We used two publicly available databases to build classifier models to assess SME credit
riskiness. The two databases are: (1) Polish companies bankruptcy data set from the UCI
Machine Learning Repository (Tomczak et al., 2016), and (2) the United States of America
national Small Business Administration (SBA) database (Li et al., 2018). We utilized these
public databases to illustrate the potential methodologies 3PLs could use to assess the
creditworthiness of SMEs and to identify features that could potentially be replicated or
estimated from 3PLs' transactional databases.

The Polish companies database has 64 attributes, one dependent variable and 19,967 rows
of data. The database records financial ratios and reports if the company defaulted or continued
as a going concern. The defaulted companies are from 2000-2012 and the going concern
companies are from 2007-2013 (Tomczak et al., 2016). This database was useful for our capstone
to illustrate if financial ratios are useful for classification models. This database also helped us
better understand if 3PLs could estimate some of the data features from the transactional
database or record them in a new database from the feature acquisition process during the loan
generation.

The SBA database, after cleaning, had 14 attributes, one dependent variable and 465,629
rows of data. The SBA database has attributes from multiple alternative data sources including
geographic location, properties of the SME (e.g., the number of employees), and characteristics
of the loan (e.g., size of the loan, portion guaranteed by collateral, etc.). The SBA database
measures if an SME defaulted or repaid its loan obligation. The data used is from 1987 to 2005
(Li et al., 2018). This database was useful for our capstone to illustrate how 3PLs could leverage

alternative data sources to build a credit score model.
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The two databases were useful for this capstone project because we were able to illustrate
a viable methodology to build the first iteration of a credit score model for SMEs. Additionally,
we were able to identify that model selection is key to improve performance of the riskiness
assessment. Finally, the databases were useful to understand to what degree could a 3PL estimate
the key features used in traditional credit scoring models.
3.2 Methodology with Public Databases
3.2.1 Performing Exploratory Data Analysis

Our purpose of performing exploratory data analysis (EDA) was to understand the quality
and exhaustiveness of the data. We performed three key EDAs on each database: (1) cleaning of
null values, (2) distribution analysis, and (3) Pearson correlation analysis (Pearson, 2018; Tukey,
1977). We eliminated null values without imputation due to the large size of the dataset. We
eliminated the null values during the data cleaning process. We performed distribution analysis
to understand the risk of outliers and adjusted if needed. The Pearson correlation matrix allowed
us to identify risks of multicollinearity in the models.
3.2.2 Engineering Features from Supply Chain Transactional Data

3PLs are unlikely to have access to financial data from the SMEs but they will commonly
have access to transaction databases. Credit scoring models built from transactional databases
require feature engineering to be able to leverage their supply chain transactional data for credit
score modeling. Transactional databases are not designed to capture features directly relevant to
credit scoring modeling. For example, some key features to determine SMEs’ credit score are
their age and the number of recent transactions, but these features are not directly found in a

transaction database; instead, they must be must be engineered (Gupta et al., 2018; Kou et al.,
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2021). In Section 4.1.2 we present the synthesis of proposed features to be explored in future
research to build a credit scoring model for SMEs with the transactional database of a 3PL.
3.2.3 Building and Testing Credit Scoring Models
For both databases, we built five models to predict the classification: (1) logistic

regression for classification (Eq. 1) (Jurafsky & Martin, 2021), (2) single tree model (Eq. 2)
(Romadhan, 2021; Therneau et al., 2022), (3) single tree model with weights for unbalanced
dataset (Eq. 3) (Romadhan, 2021; Therneau et al., 2022), (4) Bayesian classifier (Eq. 4)
(Malhotra, 2017), and (5) logistic regression with LASSO regularization (Eq. 5) (Jurafsky &
Martin, 2021). For equations 1 to 5, we have defined the following variables:

e 0 is the loss function the model is trying to fit the data to.

e y® is the value the model predicts.

e 7@ is the observed value.

o xW is the value the input variable vector.

e 0, is a hyperparameter that the model learns during training and validation.
e « is a secondary hyperparameter that we can find using cross validation to specify
the size of the regularization term.
Model (1) logistic regression
The logistic regression model estimates the probability of the discrete outcome observed
given a set of input variables. The logistic regression models are commonly used with a cutoff to
decide how to assign the predicted probability to an outcome (Jurafsky & Martin, 2021).

m
0 = argmax, Z logP(y®W|x®) Eq. 1

=1

Model (2) single tree model (CART)
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The single tree model is a predictive model that splits the outcomes based on cutoff rules
for each variable and it branches to have multiple layers of cutoffs (Romadhan, 2021; Therneau

et al., 2022).

n n
6 = argming ) (y® = 90)2 Y (y© — 02 Eq.2
i=1 i=1

Model (3) single tree model (CART) with weights

The single tree model is similar to the single tree model but it has been adjusted with
weights for each observation to influence the relevance of certain type of mistakes. It allows to
build a model that penalizes one mistake more than other classification errors (Romadhan, 2021;
Therneau et al., 2022).

n n
0 = argming z 6;,(y® — )2 z 6,y — 91)2 Eq. 3
i=1 i=1

Model (4) Bayesian classifier

The Bayesian classifier model, as the name suggests, leverages the Bayesian principle to
train a classifier model given an observed input vector x(©. The model maximizes the probability
of correctly classifying an observation given an input vector (Malhotra, 2017).

6 = argmaxgP(y®|x®)(y®]x®) Eq. 4

Model (5) Logistic regression with LASSO regularization

The logistic regression model with LASSO regularization is similar to the logistic
regression, except it includes the LASSO regularization term which reduces the weight of the
parameters from the original model. This causes the new model to be less likely to overfitting

and improves the possibility for a better out of sample performance (Jurafsky & Martin, 2021).
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m n
0 = argmax, [Z logP(y(i)|x(i))] — aZ|9j| Eq. 5
i=1 j=1

Overfitting can be a challenge when building predictive models in model training so we
divided the data into training (70% of the data) and testing datasets (30% of the data) (Bishop,
2006; Cady, 2017; Kahloot & Ekler, 2021). We will test the performance of the five classification
models using accuracy rate, sensitivity, specificity, and the area under the curve® in Eq. 6 through
9, respectively (Cady, 2017).

Performance metrics for classification models

True positive + True negative

Accuracy rate =
y True & false positive + True & false negative Eq. 6

True positive

Somsitiviey Eq. 7
ensitivity True positive + False negative !

¢ P True negative Eqg. 8
pecificity = True negative + False positive *

AUC = (1 — False positive rate) - (True positive rate) He-

9 “AUC is an effective way to summarize the overall diagnostic accuracy of the test. It takes
values from 0 to 1, where a value of 0 indicates a perfectly inaccurate test and a value of 1 reflects a
perfectly accurate test.” (Mandrekar, 2010)
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4. Results and Analysis
4.1 Results from Interviews
4.1.1 Proposed Methodology for a 3PL to Build a Credit Score Model
Based on the interview process and the literature review, in Figure 5 we propose how a
3PL could leverage a transactional database to build a credit scoring model to assess the riskiness

of financing an SMEs trade.

Figure S
Methodology Overview
Transactional database (2) Feature engineering (3) Models & testing
from 3PL I]
x4
- [Ulo
Models Testing
(a) Logistical regression To identify key
[ Probability of SME |, features and
defaulting on trade loan significance
(b) Multivariate
Feature engineering regression Experimenting
informed by Predict length of To observe effects on
Complementary databases EDA payment delay trade finance access
To enhance the mode| Interviews with 3PL and Y Y

prediction

Market surveys and
research

*  Prior research
______________________ *  Principal component
analysis [PCA)

(o]
i o
(1) Exploratory data I .’a _____ +(/|6§ﬂ _____ - ‘zzﬁv
analysis

Exploratory data analysis Randomly segmented training and testing data
To understand the exhaustiveness, guality and Utilizing k-fold methed
reliability of the data

A 3PL first performs their own exploratory data analysis, like the work we have done in
Section 4.2.1. Then, the 3PL engineers features from the transactional database and alternative
databases. The 3PL can build the features proposed in Section 4.1.2 and Section 4.2.3 Key
features. Next, the 3PL decides on the dependent variables to be used for training the credit

scoring models. Finally, the 3PL can train the credit scoring models using methodologies such as
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k-fold (we split the data into multiple subsets where we repeat the training and validation of the
model). The resulting model would allow the 3PL to solve the cold start problem? for the first
time they set up the credit scoring process and for new SMEs from which they lack financial
information. In ongoing operations, the 3PL should also build into the credit scoring model the
features captured from traditional credit databases; this information would need to be collected
from the trade financing process (i.e., delay on payment on loans, amount securitized with
goods).
4.1.2 Proposed Features for a 3PL to Use in a Credit Score Model

In this section we have aggregated the features found through the literature review that
could be useful for 3PLs to explore when building a credit score model. Based on our literature
review! and interviews with industry experts, we have built Table 1 which aggregates the key
features identified by database source. These features are independent from our findings from the
publicly available databases.

Table 1

Proposed Features for a Credit Scoring Model for Trade Financing of SMEs

Database
source

Transactions | Age of SME - adopted from Kou et al., 2021 "Age | Kou et al., 2021
- shipment of company"

Feature Source

records Trade financing to transaction value ratio - Adapted from Bedin et
decision variable al., 2019

Size of SME estimated as GMV*? Adapted from Gupta et
al., 2018

10 Cold start refers to the issue of a model not being able to learn inferences without having
gathered sufficient information

11 See literature review for further details Figure 2, 2.3 Credit scoring methodologies, and 2.4 The
value of operational supply chain data for trade financing

12 GMV = Gross Merchandise Value
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Survived economic crisis (i)

Adapted from
McGuinness et al.,

2018
Number of transactions in time (i) Proposed by our
GMV in last (i) months(s) capstone

Time since last transaction

Avg. GMV of transactions

Classification of goods shipped

Transactions
- payments
records

% of transactions paid on time

Avg. delay time of payment

Number of delayed payments

Proposed by our
capstone

Transactions
- customer
data fields

Last update of customer fields

Reported values (Y/N)

% of values reported

Proposed by our
capstone

CRM

Reported values (Y/N)

% of values reported

Days since last update on CRM

Business unit classification for trade operations

Internal customer classification for trade
operations

Size reported by SMEs

Revenues reported by SMEs

Proposed by our
capstone

External
databases

Qutlook of industry

Profitability of industry

Adapted from Roy &
Shaw, 2021

GDP growth rate in SME home country

Unemployment rate at SME home country

GDP growth rate at SME buyer country

Unemployment rate at SME buyer country

Adapted from Cucinelli
etal., 2018

Enterprise tax records for t time

Breach of contract for t time

Years in industry

Industry sentiment index

Engel coefficient

Chi & Zhang, 2017

Historical bankruptcy rate geography location

Industry

Historical bankruptcy rate by geography and by
business sector

Historical bankruptcy rate of entity's legal form

Type of firm

Kou et al., 2021

Management
- not
available at
time of
research, to

Education and experience

Integrity commitment

Succession planning

Financial flexibility & group support

Credit history

Roy & Shaw, 2021
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be acquired
through due

Repayment period

Compliance

diligence Government Approvals
process Audit of account
Registered capital classification Chi & Zhang, 2017
Personal tax records
Number of managers Kou et al., 2021
Number of shareholders
Financial - EBITDA Margin Georgios, 2019
not available | Profit per employee
at time of Accounts receivable turnover Chi & Zhang, 2017
research, to Cash conversion cycle
be acquired | Revenue growth
through due | Retained earnings growth
diligence Current ratio Roy & Shaw, 2021
process Quick ratio
Leverage

Debt-Equity ratio

Outside liabilities - net worth

Proprietary ratio

Debt service coverage

Interest coverage

Fixed assets coverage

Stock’ turnover

Debtors’ turnover

Creditor’ turnover

Return on capital

Operating profit ratio

Net profit ratio

Note. Features collected and adapted from multiple papers (Bedin et al., 2019; Chi & Zhang,
2017; Cucinelli et al., 2018, Georgios, 2019; Gupta et al., 2018; Kou et al., 2021; McGuinness
etal., 2018; Roy & Shaw, 2021).

In addition, we identified a key challenge that most likely 3PLs will also face: how to

build a credit scoring model with the lack of labeled data on completed loans and defaulted

loans. The challenge is that 3PLs probably would not have labels on which SMEs went bankrupt

or defaulted on their loans. From the literature review we concluded that 3PLs will require labels
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to measure the performance on their credit scoring model'®. We recommend transforming the

problem from an unlabeled dataset to a labeled dataset.

To do so, we recommend performing feature engineering to obtain labels that could

measure the trade finance riskiness of SMEs by measuring how effectively the SME fulfills loan

obligations and potentially if an SME that could have defaulted (Chopra & Packt Publishing,

2019; Dong & Liu, 2018; Duboue, 2020; Ozdemir, 2018). We propose the following features

because 3PLs with access to transactional databases like the data structure we reviewed, should

be able to generate the features even in cold start.

(a) Probability of an SME defaulting: The 3PL could estimate if an SME
defaulted based on their shipment behavior. For example, if an SME stopped
activity with the 3PL abruptly they could label it as an SME which defaulted. A
model trained on this dependent variable could learn patterns on the behavior of
SMESs which will stop operations with the 3PL.

(b) Expected delay in payment: From the interviews with our partner 3PL, we
identified that in addition to the transactional database, the 3PL has a payment
database on the shipments. The delay on payment could be used as a proxy for the
delay on repayment of trade finance. This engineered feature could be used to
solve cold start challenges of 3PLs. In the long term, 3PLs would have data on the
delay of payment on the loans that they could use to label the default instead of

using an estimate.

13 We want to express our gratitude to the Senior lecturer in Operations Research and Statistics
from the Massachusetts Institute of Technology, Dr. Mohammad Fazel Zarandi for his guidance between
using supervised or unsupervised training (personal communication, November 15, 2021).
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The designed target features have limitations. Feature (a) assumes that all SMEs which
discontinued transactions with the 3PL were due to default or bankruptcy, however, it could be that
the SME decided to opt out of international trade or chose to operate with another 3PL, also known
as churning. Feature (b) assumes that the delay in payment was due to risk of default on the trade
receipt.

Finally, we recommend that 3PLs perform principal component analysis to reduce the
dimensionality of the features dataset and identify the key components driving the predictions of

the model (Abdi & Williams, 2010; Jolliffe, 2002).
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4.2 Results from Public Databases
4.2.1 Exploratory Data Analysis

As described in Section 3.2.1, we performed three key EDAs on each database: (1)
cleaning of null values, (2) distribution analysis, and (3) Pearson correlation analysis (Pearson,
2018; Tukey, 1977).

(1) Cleaning of null values: We first eliminated all the rows with any null value and
measured the dimensionality of the data base. In Table 2 we share the results on dimensionality
after performing the data cleaning.

Table 2

Cleaning of Null Values Output

Database Dimensionality Null values Resulting rows
Polish companies 43,405 X 65 41,322 19,967
U.S. SBA SME 535,774 x 21 982,030 465,629

(2) Distribution analysis: We plotted the histograms and continuous distributions of the
numeric variables to look for any key outlier that could need to be excluded. From the
histograms and distribution plots we observed that the parameter values are highly concentrated
for the Poland companies database. For the SBA database, we observed that each value shows a
different distribution with no outstanding cases of outliers. We will illustrate the learnings from
the exploratory data analysis using one variable for each of the databases, the full plots are in the
Appendix (1): histograms and distribution analysis of databases in Figures 14 to 17.

For example, in Figure 6 we observed the histogram analysis of the logarithm of total
assets from the Polish database. In Figure 7 we observed the distribution analysis for the same
variable. From both plots, we concluded that there were no outliers, and that the distribution

resembles a normal distribution.
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Figure 6
Histogram Analysis for Poland Database [example]
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Distribution Analysis for Poland Database [example]

X29_logarithm_of_total_assets

0.6~

0.4-

density

0.2-

In Figure 8 we observed the histogram analysis of the industry classifier code from the
U.S. SBA SME database. In Figure 7 we observed the distribution analysis for the same variable.
From both plots, we concluded that there were no outliers, that the values are concentrated on
specific codes that might be better represented as categorical data, and that there is no clear

distribution pattern that follows a generalized distribution model.
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Figure 8
Histogram Analysis for U.S. SBA SME
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(3) Pearson correlation analysis: In Figure 10 and Figure 11 we calculated the pearson
correlation map between variables for each database. We did not observe cases of unexpected
perfect correlation, suggesting that all features are linearly independent from each other. We
observed few instances of high correlation, but these were not surprising (i.e., in the SBA SME
database we identified that SBA appv and DisbursementGross were highly correlated, but this
was expected, as DisbursementGross is a non-linear transformation from SBA appv since the

guaranteed amount of the loan is a function of the loan amount).
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Figure 10

Pearson Correlation Analysis for Poland Database
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Figure 11

Pearson Correlation Analysis for U.S. SBA SME Database
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4.2.2 Model Performance

We built five models for each of the two databases. We measured the performance of
each model with four metrics described in Section 3.2.3 Building and testing credit scoring
models. The model with the best performance for the Polish companies database was the logistic
regression with the highest area under the curve. The best model for the SBA database was the
single tree (CART) with weights penalizing the errors.

In Figure 12 we show the performance metrics of the five models we built for the Polish
companies database. We found that the logistic regression has the best area under the curve,
whereas the other models like the CART and logistic regression with LASSO had higher
accuracies. The logistic regression outperforms the other models because it has a higher area

under the curve and the strongest specificity.

Figure 12
Performance Metrics of Models for Polish Companies

Model performance for Polish companies database
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m Accuracy 94.49% 98.13% 98.13% 12.14% 97.88%
m Sensitivity 95.77% 99.85% 99.85% 10.40% 99.95%
Specificity 33.87% 16.94% 16.94% 94.36% 0.05%
Area under the curve 64.82% 58.39% 58.39% 52.38% 49.97%
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In Figure 13 we show the performance metrics of the five models we built for the SBA

SME database. We found that the CART model with weights has the best performance with the

highest area under the curve. Even though the CART with weights has the worst accuracy, the

model has the highest specificity and the best capacity to differentiate between both categories

given the unbalanced nature of the dataset.

Figure 13

Performance Metrics of Models for SBA SME
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4.2.3 Key Features

In this section, we explore how some of the key features from the best models could be

approximated by a 3PL leveraging their transactional databases and the potential risks of errors

in the engineered feature estimates.

For the Polish companies database, the logistic regression had the best area under the

curve. Some of the key features (as seen in Table 3) could be estimated by the 3PL by leveraging

the transactional database.

Table 3

Key Features from Best Performing Model for Polish Companies

Feature Coefficients
X15 .total liabilities . 365...gross profit .depreciation. 2.73E+19
X8 book value of equity .total liabilities -2.72E+19
X19 gross profit .sales -7.86E+16
X11 .gross profit .extraordinary items .financial expenses..total assets 4.21E+15
X3 working capital .total assets 3.79E+15
X1 net profit .total assets -3.09E+15
X24 gross profit .in 3 years..total assets 2.47E+15
X20 .inventory . 365..sales -2.24E+15
X21 sales .n..sales .n.l. -1.51E+15
X45 net profit .inventory -1.51E+15
X44 .receivables . 365..sales 1.51E+15
X39 profit on sales .sales -1.37E+15
X12 gross profit .short.term liabilities 1.32E+15
X49 EBITDA .profit on operating activities .depreciation..sales 1.18E+15
X23 net profit_.sales -1.17E+15
X2 total liabilities .total assets -6.89E+14
X27 profit on operating activities .financial expenses -4.72E+14
X4 current_assets .short.term liabilities 4.60E+14
X17 total assets .total liabilities 4.19E+14

For example, x44 and x21. x44 is the ratio of receivables divided by sales. This measure

estimates how quickly can a company collect payment from its customers, in other words, to

41



what degree is the company financing its customers. The 3PL could estimate this variable only
for the trade being financed from the gross merchandise value from their existing transactional
databases and the date of payment for the goods shipped in the invoice. The limitation of this
estimate is that it could only be done for the portfolio of shipments seen by the 3PL. If the SME
has other receivables and sales, the 3PL would not be able to estimate the ratio for the SME, but
only for a subset of the SMEs’ transactions. On the other hand, x21 is the growth of sales from
period to period. This metric can be estimated by the 3PL by tracking the cumulative value of the
gross merchandise shipped by the SME for each period. The estimate for x21 has the same
limitation as that for x44, as it would only be possible for the 3PL to estimate it for the shipments
that they see from the SME, not the full sales achieved by the SME.

However, the two most relevant features in the logistic regression model for the Polish
company were x15 and x8, which cannot be estimated by the 3PL without acquiring features
during the financing due diligence process. These two measures are both financial metrics that
assess the liquidity of the companies and their capacity to pay debt obligations. x15 measures the
ratio of the total liabilities divided by the companies’ gross profit plus depreciation. The
numerator is the companies’ current level of debt, and the denominator is an estimate of the
operational cash flow available in the period. This metric measures the capacity of the firm to
cover its liabilities from its operating cash flow. x8 is the ratio of the book value of equity
divided by the total liabilities. It is a ratio used to measure the leverage of the company, based on
the distribution of the sources of financing. Higher financial leverage means a riskier company to

lend to.
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For the SBA SMEs database, the CART tree with weights had the best area under the
curve. Some of the key features (as seen in Table 4) could be estimated by the 3PL leveraging the

transactional database.

Table 4
Key Features from Best Performing Model for SBA SMEs

Feature Variable
Importance
Term 126,692.94
Portion 19,641.16
GrAppv 12,722.78
DisbursementGross 10,889.07
SBA Appv 10,606.28
ApprovalFY 7,966.761
State 7,047.61
Localbank 6,489.52

Most of the key features from the SBA SMEs best performing model can be estimated by
a 3PL. Three examples of features that could be captured by a 3PL during the financing process
include: the term is the duration of the loan, meaning how much of the loan is covered by
collateral, and the amount disbursed and the collateral size. There are other features that could
also be captured by the 3PL from the current SME information at the transaction database, for

example, the geographic location of the SME.
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S. Discussion
5.1 Limitations

The main limitation of this capstone paper is that the databases we used for credit score
modeling are not from a 3PL. Even though we have found evidence that suggests that a 3PL
could build a trade finance risk assessment model for SMEs, our research does not prove that
operational transactional data from a 3PL can be used. Our research suggests that a 3PL with
trade financing processes could leverage their operational transactional data to build a credit
score model with features that would approximate some of the most useful features we observed
from financial and other alternative databases.

Furthermore, we have identified that a key constraint for 3PLs building credit scoring
models for the first time will be to label the observation for the predicted variables on their
training datasets. From our interviews, we have identified that 3PLs will likely not have labeled
data for the SME's credit performance, but we have proposed two alternatives that 3PLs can

likely use to reproduce the labels.
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6. Conclusion

In this chapter we answer our research question: can supply chain transactional data
features be leveraged by third-party logistics operators (3PLs) to assess the risk of financing
trade for SMEs? The conclusion chapter of this capstone is split into three subsections where we
discuss the key insights for management, the future research that should be explored in this topic,
and the contribution of this academic capstone.
6.1 Insights and Management Recommendations

From our research, we synthesize our recommendations to management in three key
insights: (1) there is strong evidence that transactional databases from 3PLs can be used to build
features for a credit score model for SME trade financing; (2) data labeling is a key challenge for
cold starting the credit score model; and (3) 3PLs will likely need to acquire features by
collecting information during the SME trade financing process.

1. Transactional databases from 3PLs can be used to build features for a credit
score model for SME trade financing. From the literature review and from the
models we built from the publicly available databases, we observed that features
from alternative datasets improve the credit score model performance. In the
literature review, we found that features such as age and size of the SME, which
can both be estimated from a 3PL database (i.e., CRM records or from the
transactional database) can improve the assessment of SME riskiness. In the case
of the publicly available datasets we evaluated, we found that multiple features
could be estimated through the transactional database of a 3PL (i.e., growth of

sales, the ratio of receivables to sales, geography).
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2. Data labeling is a key challenge for cold starting a credit score model. From our

interviews, we learned that 3PLs would likely have no records on SMEs that have
defaulted or that have defaulted loans. Without data labeling, it would be
challenging for the 3PL to build a credit scoring model for SMEs' trade financing
riskiness. We have concluded that 3PLs could engineer features, such as delays in
payments of receivables, to label their dataset to be able to train their baseline
model.

3PLs will likely need to acquire features by collecting information during the
SME trade financing process. From our literature review, we have learned that
credit scoring models benefit from alternative data sources, but the models still
rely on traditional financial datasets. We have not found evidence to claim that a
credit score model built solely on alternative datasets is sufficient. Hence, we
would recommend 3PLs to acquire both financial features and alternative features

during the financing process.
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6.2 Future Research

In this section, we discuss the three main hypotheses we believe future research on the
topic of trade financing decisions for SMEs using 3PL supply chain data should focus on.

(1) Which are the key alternative features that a 3PL can generate from their own
databases to support the assessment of the trade creditworthiness of an SME? Our research
suggests that 3PLs can generate features from their databases to build a credit scoring model, but
we have not identified which are the most relevant features. Future research could focus on
generating multiple iterations of features and testing which are the most relevant for assessing
trade financing risk for SMEs.

(2) Which are the key financial features that a 3PL needs to acquire to improve the
assessment of trade creditworthiness of an SME? From our literature review, interviews, and
research we have learned that traditional financial features are relevant to measuring the
creditworthiness of SMEs (e.g., liability ratios, cash flow ratios, interest coverage ratios).
However, different studies have different financial features and we have not found an exhaustive
study that proves which financial features are the most relevant. Future research could also
explore which financial features are the most relevant in the context of trade financing with the
3PL operational features.

(3) Does giving trade financing to SMEs improve their intrinsic creditworthiness of
SMEs? In our literature review, we learned that SMEs’ riskiness can benefit from financing, but
there are multiple sources of financing (e.g., trade financing, revolving credit, loans). Future
research could explore if there is a causality effect on creditworthiness between SMEs with and

without trade financing.
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6.3 Contribution

In this capstone project we aimed to answer the research question: Can supply chain
transactional data features be leveraged by third-party logistics operators (3PL) to assess the
risk of financing trade for SMEs? We believe they can. SMEs are marginalized from today’s
trade financing ecosystem due to the high costs of due diligence. As consequence they are 2.6x
times more likely to be rejected for a loan than a multinational (Kim et al., 2019, 2021). 3PLs are
a key player in the trade industry (McKinsey & Company, 2021) and we believe they could
potentially build an ecosystem around financing to serve SMEs.

In our capstone project, we identified three key insights: (1) non-traditional features such
as supply chain data-driven features can help strengthen credit scoring models; (2) 3PLs can
engineer some of the traditional and non-traditional features for credit scoring models from their
transactional and payments database; and (3) interpretable models can be trained to assess SMEs’
creditworthiness.

These findings are relevant for 3PLs because it means that they could explore trade
financing as a branch to their core trade business. 3PLs could build an ecosystem around the
trade business by acquiring interaction points with their customers, such as trade financing. By
owning more share of interactions and a higher share of the spend from their consumers on the
trade ecosystem, they could potentially benefit from higher customer stickiness, higher organic

growth, and higher revenue per customer of the ecosystem.
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Appendix

Appendix (A): Histograms and Distribution Analysis of Databases

Figure 14

Histogram Analysis for Polish Companies

X1_net_profit_.total_assets X10_equity_.total_assets »traordinary_items_financial_exg 2_gross_profit_.short.term_liabilit
20000 - 20000 - 20000 20000 -
15000 - 15000 - 15000~ 15000 -
10000 - 10000 - 10000 - 10000 -
5000 - 5000 - 5000 - 5000 -
0 L 1 1 1 1 0 L 1 1 1 1 0 L 1 1 1 1 1 0 L 1 1 1 1
0 25 50 75 0 100 200 300 -20  -15 -10 -5 0 -100 0 100 20(
X2_total_liabilities_.total_assets X3_working_capital_.total_assets current_assets_.short.term_liabili vables_.short.term_liabilities...op¢
20000 - 20000 - 20000 -
15000~ 6000~ 15000 - 15000 -
€
310000- 4000~ 10000 - 10000 -
(8]
5000 - 2000 - 5000 - 5000 -
O L 1 1 1 1 1 0 L 1 1 1 1 0 L 1 1 1 1 1 1 O L 1 1 1 1
-400 -300 -200 -100 0 -6 -4 -2 0 0 100 200 300 400 500 -1.2e+07-8.0e+06-4.0e+06 0.0e+00
6_retained_earnings_.total_asset X7_EBIT_.total_assets book_value_of_equity_.total_liabil X9_sales_.total_assets
20000 - 20000 - 15000 -
15000~ 15000 - 100007
10000 -
10000 - 10000 -
| 5000 -
5000 - 5000 - 5000
o L ' ' ' 0 L ' ' ' o L ' ' ' ' ' O L ' ' ' '
0 200 400 -400 -200 0 0 30 60 90 120 0 20 40 60
value

53



count

count

3_.gross_profit_.depreciation..sal __.gross_profit_.interest..total_ass

20000- 20000 -
15000 - 15000 -
10000~ 10000 -
5000 - 5000 -
0- 0-

' ' ' ' ' ' ' '
0 1000 2000 3000 4000 5000 -400 -200 0

X17_total_assets_.total_liabilities X18_gross_profit_.total_assets

20000 -
9000~
15000 -
6000 - 10000 -
3000 - 5000 -
o L 1 1 1 1 1 0 L 1 1 1 1 1 1
0 30 60 90 120 -500 -400 -300 -200 -100 O
X21_sales_.n..sales_.n.1. ©fit_on_operating_activities_.total_
20000 - 20000 -
15000 - 15000 -
10000 - 10000 -
5000 - 5000 -
0 L ' ' ' ' O -- ' ' ' --
0 10000 20000 30000 -20  -15  -10 -5 0
i_.equity_.share_capital..total_ass net_profit_.depreciation..total_liab
20000 - i
15000 - 10000 -
10000 -
5000 -
5000 -
O L 1 1 1 O L 1 1 1 1 1
0 50 100 -5 0 5 10 15
X29_logarithm_of_total_assets X30_.total_liabilities_.cash..sales
20000 -
30007 15000 -
2000 - 10000 -
1000~ 5000 -
o L 1 1 1 1 1 O L 1 1 1 1 1
0 2 4 6 8 0 1000 2000 3000 4000
)erating_expenses_.short.term_li¢ _operating_expenses__.total_liabil
15000 -
9000 -
10000 - 6000 -
5000 - 3000 -
0- 0- T

0 100 200 300 400 500

liabilities_._365...gross_profi

t .de ross_profit_.depreciation..total_lic

20000 - 15000 -
15000 -
10000 -
10000 -
5000 -
5000 -
O L 1 1 1 O L 1 - 1 1
-5e+06 0e+00 5e+06 0 10 20
X19_gross_profit_.sales X20_.inventory_._365..sales
20000 — 20000 -
15000 - 15000 -
10000 - 10000 -
5000 - 5000 -
0 L 1 1 1 1 0 L 1 1 1 1
-150 -100 -50 0 0 25000 50000 75000
X23_net_profit_.sales gross_profit_.in_3_years..total_a¢
20000 - 20000 -
15000 - 15000 -
10000 - 10000 -
5000 - 5000 -
0 L ' ' ' ' 0 L ' ' '
-150 -100 -50 0 -200 0 200
value

on_operating_activities_ .financial

28_working_capital_.fixed_asset

20000 - 20000 -
15000 - 15000 -
10000 - 10000 -
5000 - 5000 -
O L 1 1 1 O L 1 1 1 1
0e+00 1e+06 2e+06 0 4000 8000 1200(¢
X31_.gross_profit_.interest..sales ant_liabilities_._365..cost_of_proc
20000 — 20000 -
15000 - 15000 -
10000 - 10000 -
5000 - 5000 -
o T 1 1 1 1 0 L 1 1 1 1
-150  -100 -50 0 0 250000 500000 750000
35_profit_on_sales_.total_assets X36_total_sales_.total_assets
15000 - 10000 -
10000 -
5000 -
5000 -
0 - ' ' ' 0 L ' ' ' '
-15 -10 -5 0 0 20 40 60
value

54



int_assets_.inventories..long.term

38_constant_capital_.total_asset: X39_profit_on_sales_.sales sets_.inventory_.receivables..sho

20000 - 20000 - 20000 - 20000 -
15000 - 15000 - 15000 - 15000 -
10000 - 10000 - 10000 - 10000 -
5000 - 5000 - 5000 - 5000 -
O L 1 1 1 1 1 O L 1 1 1 1 1 1 O L 1 1 1 1 O L I_ 1 1 1
0e+00 le+05 2e+05 3e+05 4e+05 0 100 200 300 400 500 -150 -100 -50 0 0 100 200 300
.profit_on_operating_activities_.d¢ _profit_on_operating_activities_.s: Jn_receivables_.inventory_turnove X44_receivables_. 365..sales
20000 - 20000 - 20000 — 20000 -
15000 - 15000 - 15000 - 15000 -
€
8 10000 - 10000 - 10000 - 10000 -
)
5000 - 5000 - 5000 - 5000 -
o L 1 1 1 1 0 L 1 1 1 1 1 0 L 1 1 1 1 0 L 1 1 1 1
0e+00 le+05 2e+05 3e+05 -150 -100 -50 0 50 0e+00 2e+05 4e+05 6e+05 0e+00 2e+05 4e+05 6e+05
X45_net_profit_.inventory ant_assets_.inventory..short.term_ inventory_._365..cost_of_products t_on_operating_activities_.deprec
20000 - 20000 - 20000 - )
15000 - 15000 - 15000 - 15000~
10000 - 10000 - 10000 - 10000~
5000 - 5000 - 5000 - 5000 -
0 L ' ' ' ' O L ' ' ' ' ' 0 L ' ' ' ' 0 1 ' ' ' ' '
-60000 -40000 -20000 O 0 100 200 300 400 0 50000 100000 150000 -20 -15 -10 -5 0
value

rofit_on_operating_activities_.deg
1

50_current_assets_.total_liabilitie
2500 -

L_shortterm_liabilities_.total_ass erm_liabilities_._365..cost_of_prc

20000 - 20000 -
10000 - -
15000 - 10000 15000 -
7500 -
10000 - 10000 -
5000 - 5000 -
5000 - 2500 - 5000 -
O L 1 1 1 1 O L 1 1 1 1 1 O L 1 1 1 1 O L 1 1 1 1 1 1
-150 -100 -50 0 0 10 20 30 40 0 4 8 12 0 500 1000 1500 2000 2500
X53_equity_.fixed_assets 54_constant capital_.fixed_asset X55_working_capital _sales_.cost_of_products_sold..c
20000 - 20000 - 20000~ 20000 -
15000 - 15000 - 15000 - 15000 -
€
8 10000 - 10000 - 10000 - 10000 -
)
5000 - 5000 - 5000 - 5000 -
o L 1 1 1 1 O L 1 1 1 1 o L I- 1 1 0 L 1 1 1 1
0 1000 2000 3000 0 4000 8000 12000 0e+00 2e+06 4e+06 -7500 -5000 -2500 0
tory_.short.term_liabilities...sales_ X58_total_costs_.total_sales X59_long.term_liabilities_.equity X60_sales_.inventory
20000 - 20000 - 20000 - 20000 -
15000 - 15000 - 15000 - 15000 -
10000 - 10000 - 10000 - 10000 -
5000 - 5000 - 5000 - 5000 -
0 L ' ' ' ' ' 0 L ' ' ' ' 0 L ' ' ' ' ' 0 L ' ' '
-1500 -1000 -500 O 500 0 2500 5000 7500 0 2000 4000 6000 8000 0e+00 5e+04 le+05
value

55



X61_sales_.receivables

X62_.shortterm_liabilities_.365..sales

X63_sales_.shortterm_liabilities

20000~
20000 -
15000~
15000 - 15000 -
10000~
10000~ 10000 -
5000~ 5000 50007
0- WL 0- o- H_
g 0 500 1000 1500 0e+00 5e+05 1e+06 0 100 200 300 400 500
3 X64_sales_fixed_assets YBankrupt
20000~ 200001
15000~ 15000 -
10000~ 10000
5000 - 5000 -
0- 0-
0 5000 10000 15000 20000 0.00 0.25 0.50 0.75 1.00
value
Figure 15
Distribution Analysis for Polish Companies
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Figure 16

Histogram Analysis for U.S. SBA SME
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Figure 17
Distribution Analysis for U.S. SBA SME
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Appendix (B): Ranking of Key Features Found from Literature Review

Table B1

Table of Key Features Found from Literature Review

Database

Feature Source
source

Transactions | Age of SME - adopted from Kou et al., 2021 "Age | Kou et al., 2021
- shipment | of company"

records Trade financing to transaction value ratio - Adapted from Bedin et
decision variable al., 2019
Size of SME estimated as GMV Adapted from Gupta et
al., 2018
Survived economic crisis (i) Adapted from
McGuinness et al., 2018
External Outlook of industry Adapted from Roy &
databases Profitability of industry Shaw, 2021
GDP growth rate in SME home country Adapted from Cucinelli
Unemployment rate at SME home country etal., 2018
Engel coefficient Chi & Zhang, 2017
Historical bankruptcy rate geography location Kou et al., 2021

Historical bankruptcy rate by geography and by
business sector

Management | Education and experience Roy & Shaw, 2021
Credit history
Registered capital classification Chi & Zhang, 2017
Personal tax records
Number of managers Kou et al., 2021
Number of shareholders

Financial EBITDA Margin Georgios, 2019
Accounts receivable turnover Chi & Zhang, 2017

Cash conversion cycle
Revenue growth
Retained earnings growth

Current ratio Roy & Shaw, 2021
Quick ratio
Debt-Equity ratio
Interest coverage
Fixed assets coverage

Note. Features collected and adapted from multiple papers (Bedin et al., 2019, Chi & Zhang,
2017; Cucinelli et al., 2018; Georgios, 2019; Gupta et al., 2018, Kou et al., 2021; McGuinness
etal., 2018; Roy & Shaw, 2021).
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