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A B S T R A C T

The paper evaluates, from a sustainable finance viewpoint, a machine learning model implemented in a fintech
platform, whose aim is to assign credit ratings. The aim of the model is to learn from both micro economic data
and macro economic trends the credit rating of companies that ask for credit. We show that the proposed model
is able to reward the companies that have better financial performances with better ratings and, therefore, a
higher probability/lower cost of obtaining credit. At the same time, the model correctly takes into account
the overall evolution of the economy, favoring financial inclusion for the more penalized economic sectors,
particularly during crisis times. The model, its application to credit rating, and its evaluation, are illustrated
with reference to more than 100,000 European companies before and during the COVID-19 pandemic crisis.
The results shows that, while the impact of the financial variables does not change over time, and particularly
during the pandemic, the impact of sectors changes considerably, favoring financial inclusion and resilience.
1. Introduction

The assignment of a credit rating to a company determines the
probability that, when the same company asks for a credit, the credit
will be granted and, in addition, it determines its price (interest rate).

In the bank based credit rating, the traditional credit scoring models
work well especially for firms with large dimension, credit access, cash,
and/or collateral. Such models usually do not work for companies with
no financial history or collateral even if they have payback capabil-
ities. As a result, traditional credit rating and lending will not help
the financial inclusion of a significant proportion of companies, and
especially of the new ones. It is therefore crucial to develop novel credit
scoring models, based on the application of machine learning, to allow
companies without a traditional financial history or relationship, but
with good financial conditions, and good networking capabilities, to
have a credit rating that allows them to gain access to credit.

Recent advancements are gradually complementing the traditional
bank lending system with platform based systems, known as ‘‘Financial
technologies’’ (Fintechs). These systems present a paradigm shift from
traditional intra-organizational systems to customer-oriented techno-
logical (digital) systems, and are gradually gaining ground in many
economies across the world, both developed and in development. The
emergence of business-to-customer (B2C), customer-to-customer (C2C),
provider-oriented business-to-business (B2B) and peer-to-peer (P2P)
platforms are typical examples of Fintech systems. Fintech companies
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offer solutions that differ from traditional institutions regarding the
providers and the interaction types as well as regarding the banking
and insurance processes they support [1,2].

Platform based systems aim at facilitating credit services by con-
necting individual lenders with individual borrowers without the inter-
ference of traditional banks as intermediaries. In this way, the platforms
serve as a digital financial market and can significantly improve cus-
tomer experience in terms of cost saving and speed of the services to
both borrowers and lenders.

Despite their various advantages, digital platform systems also bear
risks. Credit rating is purely based on the data available, and not on the
financial history and banking relationship of the company. In addition,
they are characterized by asymmetry of information and by a strong
interconnectedness among their users [3–5] which may affect credit
ratings.

There is, therefore, a need to evaluate the trustworthiness of the
credit ratings assigned by fintech platforms and, in particular, their
accuracy and robustness. The former measures how accurate the credit
scores are in the estimation of the actual credit default; the latter
measures how the same scores are stable across variations in the input
data and/or in the surrounding economic scenarios.

In this paper we contribute to the literature with a fintech credit
rating model, based on a multidimensional network model, whose aim
is to improve financial inclusion. We also contribute to the literature
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with an assessment method which evaluates fintech ratings in terms
of their accuracy and robustness, advancing the recent works of [6–8]
Before describing the model and the evaluation framework, in the next
Sections, we now briefly review the most important available rating
models.

The use of statistical methods to evaluate the default risk of a
company is a well-known problem in finance and in statistics. The rel-
evant literature begins with the work of Beaver and Altman in the late
1960s. Beaver [9] proposed a univariate linear model, and found that
a number of indicators could discriminate between matched samples
of failed and non-failed firms for as long as five years prior to failure.
One year later, Altman [10] proposed the Zscore, which, starting from
the financial ratios of the companies, calculates a multivariate linear
discriminant model to divide the companies in two likely categories:
bankrupt and non-bankrupt. The advantage of the Zscore, which is still
one of the most important reference models, is the simplicity and the
explainability of its analytical form, with direct correlations between
the input parameters (financial ratios) and the discriminant score. A
common criticism of the method is that, in reality, the importance of fi-
nancial variables for the score of a company depends on their economic
environment, described for example by the country or economic sector
of belonging. If the economic environment is not taken into account,
the credit scores may suffer lack of robustness.

The Zscore methods of Altman has prompted the development of
many credit scoring papers and real implementations based on statis-
tical learning from the available data. All of them try to explain the
probability of default of a company (response variable) by means of
a set of explanatory financial variables. Different statistical learning
methods have been attempted, ranging from the classical Logit and
Probit models [11] and survival models [12,13] to more recent ma-
chine learning models such as neural networks [14] and support vector
machines [15]. All methods minimize a distance function, based on the
likelihood of the data or on the match between the predicted and the
actual probabilities of default, in a cross-validation setting.

A peculiarity of these developments, and particularly of those based
on machine learning models is that, differently from what occurs in the
application of Altman’s model, the discriminant coefficients are not de-
fined ex-ante by an expert user, but they are automatically determined
by the optimization algorithm. This is, one hand, an advantage, as it
allows the wide applicability and reproducibility of scoring models. On
the other hand, a possible disadvantage of scoring methods based on
machine learning is the necessity to have an accurate and complete
database of the companies, data that could be difficult to collect,
especially for the companies which have experienced bankruptcy. And,
in addition, a rating is a multidimensional opinion about the financial
strengths or weaknesses of a company; hence it is important to integrate
learning models with financial analysts’ knowledge.

The need to combine machine learning with expert reasoning is
fulfilled in an important newly emerging benchmark method, based
on machine learning: the Maximum Expected Utility (MEU) model,
developed at the Standard & Poor’s Risk Solutions Group [16,17]. The
model is not only an automatic algorithm, but is has a clear economic
interpretation and it measures its performance in economic terms. The
main idea is to seek a probability measure that maximizes the out-
of-sample expected utility of an investor who chooses his investment
strategy so as to maximize his expected utility under the model he
believes to be efficient. The authors demonstrates how this new nu-
merical method outperforms the Logit and Probit methodology, by
adding multidimensional network effects, the interactions between the
financial ratios of a company, to obtain a more accurate prediction of
the real probability of default.

Another important emerging standard method is RiskCalcTM, em-
ployed by Moody’s. The model is based on the Merton model [18]
in which a firm’s future asset value has a probability distribution
2

characterized by its expected value and standard deviation. The method j
defines a ‘‘distance to default’’ which is the distance in standard devi-
ations between the expected value of the assets and the value of the
liabilities at time 𝑡. The greater the value of the firm and the smaller its
olatility, the lower is the probability of default. The authors demon-
trate how the performance of the Merton methodology outperforms
hat of the Zscores model using the well-known Area Under the ROC
urve predictive accuracy. As for the MEU model, RiskCalcTM achieves
high performance by combining learning methods with expert based

nput.
Following the previous developments, in this paper we introduce a

ifferent machine learning model: the Multi Objective Rating Evalua-
ion (MORE) model, which combines a machine learning methodology,
ased on a multidimensional network model, with the utilization of
xpert opinions, notably in the choice of the explanatory variables.

The MORE rating model arises from an intensive data analysis on all
vailable company data: to date, all yearly income statement/balance
heet data (plus register data) of more than 25 million companies
orldwide have been used for its development. Company data are
ggregated by sectors (defined by NACE codes) and by Country. Once
ggregated, sector and country specific factors are inserted as explana-
ory factors in the MORE scoring model to provide more accurate
atings. Doing so, the macro economic evolution of each sector, within
ach country, is integrated into MORE. We point out that Modefinance,
he owner of the MORE model, is a rating agency regulated by the
SMA (the European Securities and Markets Authority). This implies
hat the credit ratings obtained from the MORE model are to be
alidated every year, and that the validation results are provided to
he ESMA authority for its external validation.

Differently from the MEU and RiskCalcTM models, which are based
n proprietary data, all data behind the MORE model are accessible
nd, therefore, the performance of the model can be transparently
valuated in terms of accuracy and robustness. We will do so for the
ecent period of time, which includes the COVID-19 pandemic.

This will allow to evaluate the robustness of the model, that is,
o investigate whether and how the MORE ratings have been affected
uring the COVID-19 pandemic, in terms of their (micro economic)
inancial drivers and their (macro economic) distribution across sectors.

To evaluate the robustness of the model we will take, as response
ariable, the variation in the rating classes over two consecutive time
eriods and evaluate its dependence on time, economic and financial
ovariates.

From a practical viewpoint, we will consider more than 100,000
uropean Small and Medium Enterprises, for which a MORE rating has
een assigned, and for which balance sheet data is available. Without
oss of generality, we will focus on the largest European countries:
rance, Germany, Italy, Spain, and on the financial periods between
015 and 2020.

The paper is organized as follows. Section 2 presents the MORE
intech rating model; Section 3 presents the data which will be used
o assess the model; Section 4 presents model assessment evaluation;
ection 5 presents concluding remarks.

. A fintech rating model

Modefinance is a FinTech company registered by the ESMA (Eu-
opean Securities and Markets Authority) as a Credit Rating Agency.
lthough the company does not operate as a peer-to-peer platform, it
rovides a scoring service for investors [19].

The data used by Modefinance is based on official financial informa-
ion (balance sheets and income statements) which is publicly available
hrough the network of European Chambers of Commerce. To make
ata consistent between different European countries, the data needs
o be reclassified to minimize the differences between different fiscal
egislations.

To determine credit ratings, Modefinance employs the Multi Ob-

ective Rating Evaluation (MORE) model. The MORE model is used
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to assess the level of distress of companies, using data included in
financial statements. The basic idea of the model is to first select a set of
financial ratios, which are used by expert financial analysts as relevant
predictors of bankruptcy. The chosen financial ratios are then combined
with the country and sectorial classification of each company, which
summarizes the information on the economic environment. This with
the purpose of creating a credit rating model that takes into account
both micro economic and macro economic data. All financial, country
and sectorial variables are then combined in a multidimensional net-
work based machine learning algorithm, which produces a score for
each company taking interactions between all variables into account
and maximizing the overall predictive accuracy of the model.

Thanks to its interactive dimension, the MORE model can assign a
rating to a company even in the presence of missing data, as ‘‘similar’’
companies can provide a complementary information. In particular,
differently from what happens with most machine learning models,
the MORE model provides an evaluation of the creditworthiness of a
company even when the bankruptcy information is missing.

Thanks to a selection of variables which is based on financial
knowledge, the MORE model is not solely a statistical learning tool, but
is explainable in terms of the financial figures contained in the income
statements of the companies and/or as a function of the economic
evolution of countries and industrial sectors.

The core idea of the model is to assign credit ratings by observing
every aspect of the economic and financial behavior of a company. The
more a company is balanced in terms of key financial variables such as:
profitability, liquidity, solvency, interest coverage and efficiency, the
better the rating class will be.

The variables are chosen combining highly default correlated vari-
ables with financial analyst’s opinion, separately for each economic
sector and country. In this way the model can choose different ratios
for different economic backgrounds. The choice of the explanatory
variables is very important: they should be a limited number, to avoid
multicollinearity and overfit of the model; and they should be repre-
sentative of the financial and economical behavior of a company, to be
explainable.

Once a set of financial ratio variables is selected, the MORE model
‘‘converts’’ each ratio value in a rating attribution, using fuzzy logic.
This is based on the assumption that in each financial ratio there is
the indication of a company’s rating. The fuzzy analysis builds rating
intervals from the observed distribution of the values of the financial
ratios, using reference values which are typical benchmarks of financial
analysts, following corporate finance theories.

More specifically, fuzzy logic is applied in the MORE model as
follows. First, MORE assigns a rating class to the median value of
the distribution of a specific ratio. The highest rating class and the
lowest rating classes are then fixed from the same ratio distribution but
conditional on the country and sector to which the company belongs.
All rating classes are finally determined dividing the interval between
the highest and lowest class in equally spaced intervals.

Foe example, the application of the MORE model may imply that
Company X gets an AA rating value for its ratio because it performs
relatively better than the other companies belonging to the same coun-
try. On the other hand, Company Y, with the same ratio value, may get
a CCC rating class, because its ratio performs worse in comparison with
the other companies belonging to the same country. It is important to
underline that fuzzy intervals are not built solely on statistical models,
but they are corrected by financial analysts. For example, if the leverage
ratio is less than zero; the maximum rating class can only be equal to
CC.

Once the rating value for each financial ratio is assigned, the MORE
model agglomerates all the information to find one rating for each
selected company. The MORE agglomeration is based on a multidimen-
sional network approach for which the better the financial equilibrium
of a company the better its final rating.
3

Table 1
Distribution of companies by economic Sectors.

No. Sectors Abbrev. No. of. companies Percentage

1 Automobiles & Components Auto 3,160 2.90
2 Capital Goods Capt 15,658 14.35
3 Commercial and Professional Services Comm 9,509 8.71
4 Consumer Durables and Apparel ConD 4,515 4.14
5 Consumer Services ConS 3,193 2.93
6 Energy Enrg 87 0.08
7 Food & Staples Retailing FdStp 7,945 7.28
8 Food Beverage & Tobacco FdBvg 6,191 5.67
9 Health Care Equipment & Services HCare 2,631 2.41

10 Household & Personal Products HsPd 386 0.35
11 Materials Mtrls 11,281 10.34
12 Media & Entertainment Media 2,634 2.41
13 Pharmaceuticals & Biotechnology Pharm 578 0.53
14 Real Estate REst 2,177 1.99
15 Retailing Rtail 27,793 25.46
16 Software & Services Sftw 1,869 1.71
17 Technology Hardware & Equipment Tech 994 0.91
18 Telecommunication Services Tcom 256 0.23
19 Transportation Trnsp 6,809 6.24
20 Utilities Util 1481 1.36

Table 2
Description of the data variables.

Variables Description

1 Turnover Operating revenue (Turnover) in 1000 EUR
2 EBIT Operating P/L [= EBIT] in 1000 EUR
3 PLTax P/L after tax in 1000 EUR
4 Leverage Leverage (ratio)
5 ROE Returns on Equity (percentage)
6 TAsset Total assets in 1000 EUR
7 ROA Return on Assets (percentage)
8 MScore MORE Rating Score

This can be understood by means of an example. Suppose there are
three different companies, with different ratio behaviors: company ABC
and company XYZ, which perform very well for one financial ratio
(ratio 1 and ratio 2 respectively) but badly for others; and company
UVW which has ratios with similar good values (although not very
good). The model will assign a better rating to company UVW instead
of company XYZ. For more details we refer to [19].

3. Data

To evaluate the MORE model, we consider annual balance sheet
data on over 100,000 SMEs from 20 sectors across European countries,
covering a period that ranges from 2015 to 2020. The total number
of SMEs considered is 109,147, of which 31,249 (28.63%) are from
France, 1437 (1.32%) from Germany, 53,121 (48.67%) from Italy, and
23,340 (21.38%) from Spain. Table 1 shows the distribution of the
institutions according to their economic sector classification.

Table 1 shows that, consistently with the predominance of SMEs in
Europe, companies are concentrated in the Retailing, Capital Goods,
Materials sectors and Commercial and Professional services. Sectors
characterized by large companies, such as Energy, Pharmaceuticals and
Telecommunication services, are less populated.

For each company, seven financial ratios have been extracted, from
their publicly deposited balance sheet. Doing so we approximate the
functioning of the MORE algorithm, which is based on a limited selec-
tion of financial ratios, chosen with the help of expert financial analysts.
Table 2 present a list and description of the considered financial ratios,
which will be, along with the MORE rating, the data employed to
evaluate the proposed model.

Among the eight variables in Table 2, the variable ‘‘MScore’’: the
rating evaluation assigned by the MORE model, will be employed as
a response target variable. The other seven variables will be taken as

candidate predictor variables.
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Table 3
Summary (Median and Median Absolute Deviation) of financials of companies by sectors
for the year 2020.

Turnover EBIT PLTax TAsset Leverage ROE ROA

Auto Median 8472.50 421.50 301.50 8761.00 1.35 9.41 5.12
MAD 6063.09 553.75 423.28 6570.14 1.22 10.46 5.86

Capt Median 7304.00 317.00 217.00 7503.50 1.92 9.81 4.41
MAD 4781.38 419.58 312.83 5931.14 1.86 12.21 5.37

Comm Median 7582.00 311.00 213.00 6636.00 2.13 11.71 4.72
MAD 5042.32 449.23 341.00 5295.85 2.13 15.11 6.35

ConD Median 6733.00 225.00 128.00 7564.00 1.54 5.67 3.20
MAD 4093.46 409.20 326.17 5589.40 1.45 10.56 5.31

ConS Median 5534.00 56.00 18.00 6790.00 2.22 3.38 0.99
MAD 2827.32 588.59 504.08 6378.15 2.52 21.17 7.93

Enrg Median 9275.00 403.00 271.00 9253.00 1.37 8.35 5.16
MAD 7411.52 429.95 326.17 8510.12 1.28 9.76 5.20

FdStp Median 6699.00 194.00 135.00 3588.00 1.98 13.71 6.05
MAD 4253.58 253.52 192.74 2868.83 1.96 16.23 7.16

FdBvg Median 8491.00 229.00 132.00 8719.00 1.57 5.73 3.03
MAD 6262.50 354.34 269.83 7564.23 1.60 8.09 4.05

HCare Median 6850.00 373.00 273.00 6865.00 1.63 11.22 5.24
MAD 4489.31 554.49 434.40 6401.87 1.65 16.72 8.41

HsPd Median 6276.00 310.00 184.00 7403.00 1.56 10.42 4.53
MAD 3785.82 710.17 564.87 6158.72 1.66 17.64 10.13

Mtrls Median 7436.00 327.00 230.00 8316.00 1.36 7.56 4.09
MAD 4956.33 444.78 341.00 6155.76 1.29 9.59 5.01

Media Median 7350.50 245.00 195.50 7750.50 1.92 9.75 3.58
MAD 4914.08 663.46 561.91 6246.94 1.96 17.53 7.73

Pharm Median 11972.00 658.00 551.50 15466.50 1.07 11.04 5.35
MAD 10054.99 1326.19 975.55 14194.41 1.12 13.53 7.99

REst Median 7415.00 1356.00 737.00 48484.00 1.47 4.74 2.79
MAD 5326.98 1974.82 1438.12 57293.59 1.75 6.94 3.38

Rtail Median 8038.00 219.00 141.00 5297.00 1.81 8.89 4.40
MAD 5805.86 281.69 203.12 4096.42 1.81 10.84 5.00

Sftw Median 8079.00 448.00 356.00 6886.00 1.92 16.28 6.64
MAD 5538.99 597.49 498.15 5307.71 1.79 18.92 8.52

Tech Median 8216.00 425.00 320.50 9223.00 1.23 9.22 5.32
MAD 5693.18 604.90 466.28 6801.43 1.24 11.88 6.71

Tcom Median 8570.00 448.00 320.00 7987.50 1.73 11.88 6.11
MAD 5893.34 640.48 475.91 7246.21 1.62 16.61 7.35

Trnsp Median 7639.00 184.00 115.00 5397.00 2.36 9.46 3.42
MAD 5141.66 312.83 247.59 4255.06 2.30 12.87 5.04

Util Median 8694.00 1362.00 670.00 24035.00 2.15 9.14 5.45
MAD 6616.84 1596.76 953.31 21482.87 2.48 12.42 5.46

The aim of the next Section will be to employ the above data
o evaluate the accuracy and the robustness of the MORE model,
articularly during the pandemic times.

Table 3 presents some summary statistics of the explanatory vari-
bles. For each sector, the median and median absolute deviation is
alculated and reported. For the sake of clarity, we consider only the
ear 2020, remarking that the same statistics for the other years do not
iffer remarkably.

From Table 3 note that, as expected, the explanatory variables
iffer in their variability, being expressed in different scales. Some, like
urnover and total assets, are expressed in absolute values; others, like
BIT and PL after Tax, although derived from other variables, are also
n absolute values; finally, Leverage, ROE and ROA are ratios between
ariables.

Table 4 reports the summary statistics of the response variable: the
ating of a company, along the considered years, that is, from 2015 to
020. In the bottom part of the Table, the same ratings are aggregated
n three rating groups, with all A’s belonging to ‘‘High’’; all B’s to ‘‘Med’’
nd the remaining ones to ‘‘Low’’.

From Table 4 note the stability of the rating distribution over time,
ith the exception of the year 2020, in which a larger proportion of

ompanies falls into the ‘‘low’’ categories, with respect to the previous
ears.

Let 𝑁𝑖(𝑡𝑘), 𝑖 ∈ 𝑆, be the number who are in state 𝑖 at time 𝑡𝑘,
nd 𝑁𝑖𝑗 (𝑡𝑘, 𝑡𝑘+1) be the number who move from state 𝑖 at time 𝑡𝑘 to

state 𝑗 at time 𝑡 . The maximum likelihood estimator of the transition
4

𝑘+1
Table 4
Distributions of standard company annual ratings (top) and rating groups (bottom).

2015 2016 2017 2018 2019 2020

Standard ratings

AAA 0.78 0.89 1.00 1.10 1.22 0.99
AA 7.92 9.03 9.94 10.25 10.46 10.25
A 13.99 14.80 15.53 15.86 16.18 15.94
BBB 22.87 22.99 23.06 22.94 22.90 22.26
BB 24.91 24.54 24.12 23.69 23.24 21.90
B 19.05 18.32 17.47 17.04 16.53 15.36
CCC 6.44 5.71 5.27 5.28 5.43 7.33
CC 2.67 2.45 2.33 2.45 2.55 3.93
C 1.21 1.14 1.14 1.20 1.27 1.72
D 0.16 0.14 0.14 0.18 0.21 0.31

Rating groups

High = AAA, AA, A 22.70 24.71 26.47 27.21 27.86 27.18
Med = BBB, BB, B 66.82 65.85 64.65 63.67 62.67 59.52
Low = CCC, CC, C, D 10.48 9.44 8.88 9.12 9.47 13.30

probability 𝑃𝑖𝑗 (𝑡𝑘, 𝑡𝑘+1)

𝑃𝑖𝑗 (𝑡𝑘, 𝑡𝑘+1) =
𝑁𝑖𝑗 (𝑡𝑘, 𝑡𝑘+1)

𝑁𝑖(𝑡𝑘)
(1)

To better understand the phenomena, Table 5 shows the transition
atrix of the probability of a change in the MORE rating between year
and 𝑡+1. Each row corresponds to the credit rating at time 𝑡 and each

column corresponds to the rating at time 𝑡 + 1.
Table 5 shows that the probability that a company rated AAA in

2019 will be rated AA in 2020 is 45.82%. This probability used to
be around 37.27% between 2015–2016, 36.71% 2016–2017, 35.71%
2017–2018, and 35.78% in 2018–2019. This suggests that the chance of
a AAA-rated company defaulting within one year continually decreased
from 37% to 36% between 2015–2019, with 2019–2020 recording a
rise in the transition probability. Thus, more AAA rated companies are
likely to default in 2020 than in the preceding years. Similarly, the
transition probability from a BBB-rated company to BB within one year
ranged between 16%–18% between 2015–2020, with 2020 recording
the highest transition probability over the sample period.

To summarize, the descriptive analysis done so far clearly indicates
a deterioration of credit ratings of the considered European companies,
during the COVID-19 outbreak year (2020). Worse ratings imply less
financial inclusion and higher costs for companies.

However, an aggregate result of this kind is not sufficient. It is
instead of extreme importance to understand whether and how the
fintech MORE rating is robust; that is, whether it is able to maintain
the importance weight of the financial performance variables, leaving
differences in rating to depend only on sector specific characteristic.
A positive answer would mean that the fintech rating model, while
adjusting to the macro economic shocks caused by COVID-19, which
create imbalance between sectors, steadily takes into account micro
economic firm-specific characteristics, rewarding the best performing
companies and encouraging movements from worsening sectors to
more resilient ones, improving financial inclusion and sustainability.

4. Model assessment

A rating model can be assessed in different ways, which can be
reflected in different statistical evaluation models. We follow the per-
spective of a supervisory authority like the European Security and
Markets Authority (ESMA), which is the actual supervisor of the MORE
model. In this perspective, to be validated from a statistical viewpoint,
a rating model should be SAFE: Sustainable, Accurate, Fair and Ex-
plainable. ‘‘Sustainable’’ essentially means that the ratings are robust
in time, allowing only for small variations in ratings, along all rating
classes. ‘‘Accurate’’ essentially mean a high goodness of fit. ‘‘Fair’’ mean
that they do not introduce biases among population groups, differing by
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Table 5
Annual rating transition matrix, 2015–2020.

AAA AA A BBB BB B CCC CC C D

2015–2016

AAA 53.97 37.27 6.19 1.52 0.47 0.35 0.12 0.12 0.00 0.00
AA 4.73 66.24 22.96 4.36 0.94 0.59 0.13 0.03 0.01 0.00
A 0.41 19.55 54.32 20.17 3.38 1.62 0.39 0.12 0.03 0.00
BBB 0.09 2.54 19.44 57.60 15.62 3.14 1.17 0.32 0.08 0.00
BB 0.02 0.40 2.38 21.20 57.84 14.35 2.76 0.86 0.17 0.01
B 0.02 0.26 1.01 5.05 25.48 57.97 7.60 2.12 0.47 0.01
CCC 0.00 0.30 1.21 4.58 13.21 31.95 36.26 9.77 2.60 0.13
CC 0.00 0.24 0.55 2.95 9.03 19.96 25.15 30.71 10.79 0.62
C 0.00 0.15 0.46 1.37 5.17 9.50 17.25 22.64 39.82 3.65
D 0.00 0.00 0.56 1.68 1.12 3.35 12.29 12.85 27.93 40.22

2016–2017

AAA 54.40 36.71 5.58 1.24 0.72 0.93 0.41 0.00 0.00 0.00
AA 4.67 66.64 22.33 4.58 0.96 0.57 0.19 0.04 0.01 0.01
A 0.48 19.20 55.33 19.74 3.01 1.57 0.52 0.12 0.02 0.01
BBB 0.10 2.55 18.92 57.95 15.71 3.11 1.28 0.29 0.10 0.00
BB 0.03 0.38 2.48 21.03 59.16 13.43 2.54 0.77 0.17 0.01
B 0.00 0.27 1.28 4.70 24.11 59.34 7.53 2.15 0.61 0.03
CCC 0.00 0.37 1.14 4.90 14.05 29.95 35.61 10.85 3.02 0.11
CC 0.00 0.19 0.67 3.10 7.95 19.82 24.26 31.80 11.76 0.45
C 0.08 0.00 0.24 1.29 3.30 8.38 20.23 20.79 40.13 5.56
D 0.00 0.66 1.32 0.00 1.32 3.29 10.53 15.13 28.29 39.47

2017–2018

AAA 54.61 35.71 6.85 2.01 0.46 0.37 0.00 0.00 0.00 0.00
AA 4.63 65.62 23.55 4.52 0.84 0.63 0.18 0.04 0.00 0.00
A 0.41 17.38 55.29 21.32 3.21 1.54 0.67 0.12 0.06 0.01
BBB 0.08 2.34 17.64 58.25 16.39 3.57 1.35 0.29 0.09 0.00
BB 0.02 0.34 2.16 19.37 59.63 14.25 3.01 0.99 0.20 0.02
B 0.01 0.19 1.13 4.11 22.60 60.19 8.29 2.77 0.65 0.05
CCC 0.00 0.26 1.13 4.51 13.67 27.66 38.09 11.11 3.32 0.24
CC 0.04 0.12 0.87 3.23 9.76 17.47 21.20 33.36 13.18 0.79
C 0.00 0.08 0.08 1.78 3.63 7.75 13.88 23.00 43.34 6.46
D 0.00 0.00 0.00 0.63 1.90 4.43 10.76 11.39 25.95 44.94

2018–2019

AAA 55.63 35.78 5.25 2.25 0.50 0.50 0.08 0.00 0.00 0.00
AA 4.78 65.22 23.64 4.44 1.10 0.60 0.21 0.01 0.01 0.00
A 0.47 17.08 55.86 20.86 3.49 1.64 0.49 0.09 0.02 0.00
BBB 0.14 2.30 17.41 58.09 16.39 3.76 1.48 0.32 0.11 0.00
BB 0.01 0.36 2.27 19.56 59.14 14.10 3.22 1.14 0.19 0.00
B 0.03 0.24 1.26 4.62 22.32 58.95 8.73 3.06 0.72 0.06
CCC 0.07 0.29 1.35 4.96 13.60 26.54 37.98 11.75 3.19 0.26
CC 0.00 0.11 0.64 3.06 9.23 19.25 20.96 32.06 13.60 1.08
C 0.00 0.15 0.30 2.05 4.26 6.24 16.88 20.30 43.42 6.39
D 0.00 0.00 0.00 1.01 0.00 1.51 11.56 10.55 28.14 47.24

2019–2020

AAA 39.43 45.82 9.41 2.63 0.98 1.28 0.30 0.15 0.00 0.00
AA 3.63 58.15 27.65 6.28 1.77 1.85 0.53 0.11 0.04 0.00
A 0.54 16.78 48.62 23.54 4.86 3.74 1.56 0.31 0.06 0.00
BBB 0.11 2.94 17.64 50.83 18.28 5.71 3.42 0.84 0.21 0.02
BB 0.04 0.54 2.92 20.42 51.03 15.26 6.81 2.47 0.48 0.02
B 0.05 0.38 1.46 5.58 23.13 47.57 13.28 6.89 1.61 0.04
CCC 0.05 0.42 1.43 6.22 13.36 24.35 32.51 16.34 4.79 0.52
CC 0.04 0.11 0.83 3.38 10.24 16.24 18.43 31.79 17.67 1.29
C 0.07 0.36 0.22 2.37 4.46 6.97 16.53 19.34 41.12 8.55
D 0.00 0.43 0.00 1.28 1.28 1.71 6.41 6.84 22.65 59.40

gender or country of nationality. ‘‘Explainable’’ means that the results
of the models should be understood in terms of their drivers. According
to this perspective, to evaluate the MORE model we consider, as a
response variable, the variation in the rating class, once ordinal rat-
ings are converted into numerical codes. Doing so, we measure the
robustness of the ratings assuming linearity which implies, for example,
that a two notches change in a high rating class has the same value
as a two notches change in a low rating class. The obtained response
variable will then be assumed to depend on a linear combination of
company specific and of sector specific variables, allowing for a clear
explainability of the results. At the same time, we aggregate results by
5

countries, allowing for further analysis on model fairness which could m
Table 6
Conversion of MORE ratings in numerical values.

MORE rating D C CC CCC B BB BBB A AA AAA

Numeric values 0 1 2 3 4 5 6 7 8 9

Table 7
ANCOVA parameter estimates for the model chosen by means of a stepwise model
selection.

Dependent variable: 𝛥 MScore

2015–2016 2016–2017 2017–2018 2018–2019 2019–2020

Leverage 0.0045*** 0.0041*** 0.0041*** 0.0038*** 0.0049***
ROE −0.00003** −0.0002*** −0.0002*** −0.0001*** −0.0001***
ROA −0.0150*** −0.0145*** −0.0138*** −0.0154*** −0.0172***
Auto 0.2649*** 0.1775*** 0.0834*** 0.0804*** 0.0775***
Capt 0.1453*** 0.1410*** 0.1038*** 0.1337*** −0.0723***
Comm 0.1215*** 0.1576*** 0.0931*** 0.0644*** −0.0601***
ConD 0.2093*** 0.1706*** 0.1151*** 0.0867*** −0.2243***
ConS 0.1975*** 0.1713*** 0.0758*** 0.0885*** −0.7566***
Enrg 0.0684 0.1707* −0.0703 0.0769 0.1987*
FdBvg 0.1531*** 0.1062*** 0.0533*** 0.0328*** 0.0225
FdStp 0.1239*** 0.1326*** 0.0405*** 0.1299*** 0.1877***
HCare 0.1909*** 0.2009*** 0.0677*** 0.0996*** −0.0177
HsPd 0.1704*** 0.1065** 0.1933*** 0.0157 −0.2525***
Media 0.0925*** 0.1242*** 0.0324* 0.0600*** −0.1563***
Mtrls 0.1999*** 0.1433*** 0.1013*** 0.0864*** 0.0055
Pharm 0.1818*** 0.0887** 0.0117 0.1344*** 0.1400***
REst 0.0936*** 0.0982*** 0.0245 0.0257 −0.0476**
Rtail 0.1459*** 0.1305*** 0.1027*** 0.0847*** 0.0042
Sftw 0.1856*** 0.1937*** 0.1893*** 0.1398*** 0.0326
Tcom 0.1312** 0.2046*** 0.0434 0.2011*** −0.0051
Tech 0.1589*** 0.2315*** 0.1132*** 0.1627*** −0.0912**
Trnsp 0.0962*** 0.0633*** −0.0161 0.0560*** −0.0623***
Util 0.0287 0.2340*** 0.1081*** 0.1491*** 0.0851***

Observations 109,147 109,147 109,147 109,147 109,147
R2 0.0471 0.0404 0.0329 0.0344 0.0602
Adjusted R2 0.0469 0.0402 0.0327 0.0342 0.0600

*p < 0.1
**p < 0.05
**p < 0.01

ompare results obtained separately for each country. Finally, as the
im of our validation exercise is essentially to explain the changes in
atings over time and, in particular, during COVID-19 times, we will
easure accuracy in terms of goodness of fit, rather than in terms of
redictive accuracy.

Let 𝑆𝑖,𝑡 denote the numeric value of the MORE rating of institution-
at time 𝑡. For model assessment, we assign numeric values to each
ORE rating as in Table 6 below.

.1. ANCOVA model

We then model the relationship between changes in yearly rat-
ngs and financial performance variables as an analysis of covariance
ANCOVA) written as follows:

𝑖,𝑡 =
𝑝
∑

𝑗=1
𝛽𝑗,𝑡𝑋𝑖𝑗,𝑡 +

𝑞
∑

𝑗=1
𝛼𝑗,𝑡𝐷𝑗𝑖 + 𝜀𝑖,𝑡 (2)

here 𝑌𝑖,𝑡 = 𝑆𝑖,𝑡+1−𝑆𝑖,𝑡 is the dependent variable that measure changes
n the yearly ratings of institutions-𝑖 between time 𝑡 and 𝑡 + 1, 𝑋𝑖𝑗,𝑡 is
he value of the quantitative covariate variable 𝑗 for institution 𝑖 at
ime 𝑡, 𝐷𝑖𝑗 is 1 if institution-𝑖 is in sector-𝑗, and zero otherwise. In this
pplication, the quantitative covariates are the financial performance
ariables (i.e., leverage, ROE, ROA). The error term 𝜀𝑖,𝑡 is typically
ssumed to be normal and independent.

The general application of ANCOVA models is to test whether the
eans of the fixed factors are equal, or at least one of the means is
ifferent from another. Furthermore, the models allows us to evaluate
he effects of the fixed factors to identify which ones have weak,

oderate or strong effects.
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Table 8
Classification of the sector impacts on the 2019–2020 rating variations.

Mild positive impact No impact Mild negative
impact

Moderate negative
impact

High negative
impact

Very high negative
impact

Pharmaceuticals &
Biotechnology

Utility Software & Services Real Estates Consumer Durables Consumer Services

Food & Staples
Retailing

Automobiles &
Components

Food Beverages &
Tobacco

Commercial Services Household Products

Energy Materials Transportation
Retailing Capital Goods
Telecommunication
Services

Technology Hardware

Health Care Services Media
*

w

Table 7 presents the empirical findings derived from the application
f the ANCOVA method to our data, leading to the estimated coeffi-
ients for the statistically selected explanatory variables and sectors,
cross different year-to-year variations.

From Table 7 note first that, among the seven candidate explanatory
ariables, three are selected by the stepwise model selection procedure
nd, therefore, reported in the Table: Leverage, ROE and ROA. These
hree variables are those that mostly affect the variations in credit
atings. Note that they balance different characteristics of a firm: its
inancial dependence (leverage); its profitability (ROA); its operational
fficiency (ROA).

Second, Table 7 shows that the sign and magnitude of all the
oefficients of the chosen three financial variables is stable over time,
mplying that the MORE rating maintains the importance weight of the
icro economic characteristics, even during the pandemic.

Third, Table 7 shows that the importance weight of sectors, quite
table between 2015 and 2019, changes dramatically in 2020. While
ood (Staples Retailing), Pharmaceutical and, to a lower extent, En-
rgy, positively impact changes in credit ratings during the COVID-19
andemic, all the others impact negatively. This indicate that the
atings have adjusted to take into account the higher demand of goods
nd services for certain sectors (food, pharmaceutical, energy) at the
xpense of all the others.

To further evaluate the results of the model, we have compared the
019–2020 sector effects on the ratings by means of a set of pairwise
tatistical t-tests aimed at verifying the statistical significance of their
ifference. We have taken into account the dependence of all pairwise
ests by the same model by means of the Bonferroni correction to the
-values. Fig. 1-panel (b) reports the resulting p-values, whereas Fig. 1-
anel (a) reports the dendrogram of a hierarchical clustering algorithm
n the same sectorial effects.

From Fig. 1, we observe six types of clusters for 2019–2020, whose
escription is reported in Table 8.

Table 8 classifies the changes in ratings during the pandemic by
ector clusters. The leftmost cluster contains the sectors with a (mild)
ositive impact on the ratings: pharmaceuticals, food and staples retail-
ng and energy. For these sectors, the pandemic improves the fintech
ating and, therefore, when the fintech platform is employed, greater
inancial inclusion opportunities follow, for companies in the sector
nd for new entrants. The rightmost clusters contains sectors with a
high or very high) negative impact on the ratings: Consumer services
nd durables, Household products, for which the fintech platform im-
lies lower financial opportunities for companies that remain in these
ectors.

.2. ANCOVA model with lags

This section considers more flexible models with lags on the depen-
ent variable of the set-up in (2). This is to help us better understand
he dynamics of these MORE rating. This new set-up is simply ANCOVA

ARDL (autoregressive distributed lag), given by:

𝑖,𝑡 =
𝑞
∑

𝜙𝑙𝑌𝑖,𝑡−𝑙 +
𝑝
∑

𝛽𝑗,𝑡𝑋𝑖𝑗,𝑡 +
𝑞
∑

𝛼𝑗,𝑡𝐷𝑗𝑖 + 𝜀𝑖,𝑡 (3)
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𝑙=1 𝑗=1 𝑗=1
Table 9
ANCOVA + ARDL parameter estimates for the model.

Dependent variable: 𝛥 MScore (𝑡)

2016–2017 2017–2018 2018–2019 2019–2020

𝛥 MScore.t1 −0.2616*** −0.2586*** −0.2798*** −0.2681***
Leverage 0.0043*** 0.0043*** 0.0039*** 0.0051***
ROE −0.0001*** −0.0001*** −0.0001*** −0.0001***
ROA −0.0073*** −0.0066*** −0.0073*** −0.0094***
Auto 0.1707*** 0.0484*** 0.0182 0.0191
Capt 0.1114*** 0.0705*** 0.0865*** −0.1148***
Comm 0.1121*** 0.0544*** 0.0051 −0.1276***
ConD 0.1601*** 0.0896*** 0.0427*** −0.2745***
ConS 0.1465*** 0.0362** 0.0204 −0.8210***
Enrg 0.1254 −0.0911 −0.0021 0.1594
FdBvg 0.0917*** 0.0255** −0.0085 −0.0228
FdStp 0.0971*** 0.0078 0.0726*** 0.1532***
HCare 0.1535*** 0.0226 0.0182 −0.0926***
HsPd 0.0703 0.1421*** −0.0190 −0.3332***
Media 0.0800*** −0.0064 −0.0032 −0.2091***
Mtrls 0.1286*** 0.0684*** 0.0396*** −0.0439***
Pharm 0.0718* −0.0297 0.0728* 0.1105**
REst 0.0858*** 0.0110 −0.0080 −0.0811***
Rtail 0.1016*** 0.0672*** 0.0381*** −0.0470***
Sftw 0.1450*** 0.1395*** 0.0782*** −0.0443*
Tcom 0.1589*** 0.0134 0.1245** −0.0386
Tech 0.1948*** 0.0876*** 0.0987*** −0.1409***
Trnsp 0.0276** −0.0576*** −0.0034 −0.1002***
Util 0.1968*** 0.1150*** 0.1126*** 0.0529*

Observations 109,147 109,147 109,147 109,147
R2 0.1042 0.0946 0.1041 0.1057
Adjusted R2 0.1040 0.0944 0.1039 0.1055

*p < 0.1
**p < 0.05
**p < 0.01

here 𝑞 is the lag order of the dependent variable, and 𝜙𝑙 is the
autoregressive coefficient at lag 𝑙. For simplicity, we consider a lag 1
set-up to model the dynamics of the MORE rating.

Table 9 reports the results of the parameter estimates with the
lags of the MORE rating. Since there is no lag observation for 2015–
2016, it is not included in the estimation. Fig. 2-panel (b) reports the
associated p-values, whereas Fig. 2-panel (a) reports the dendrogram
of a hierarchical clustering algorithm on the same sectorial effects.

The results from Table 9 and Fig. 2 confirm those in Table 7
and Fig. 1: the three explanatory variables that are selected as most
significant by the model are still Leverage, ROE and ROA, measuring,
respectively, the financial dependence, the profitability (ROA) and
the operational efficiency of a company. The results that concern the
impact of sectors remain unchanged.

5. Conclusions

The aim of the paper is to describe a machine learning fintech
inclusion platform, and evaluate the sustainability of its credit ratings,
in terms of their accuracy and robustness. This in particular during the
COVID-19 pandemic, to understand how it favors financial inclusion.
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Fig. 1. Top: A dendrogram of the cluster of sector effects of the change in MORE ratings between 2019–2020, using the ANCOVA model. Bottom: The matrix of
Bonferroni adjusted p-value for pairwise t-test between means of the sectors, using the ANCOVA model. The off-diagonals are color-coded to describe the sign of the statistical
relationships, with green signifying difference in means (i.e p-value > 0.05), and white for non-significant differences.
The machine learning model is based on financial data publicly
available through the Chambers of Commerce, from which a set of
explanatory variables are selected in terms of their combined financial
and statistical importance. This implies a high degree of transparency
and explainability of the obtained credit ratings.

To evaluate the accuracy and robustness of the proposed fintech
rating model, we have analyzed data on a large collection of compa-
nies, and built an econometric model to explain the variation of the
rating as a function of both micro economic factors (expressed by the
company’s financial ratios) and macro economic factors (expressed by
the company’s economic sector of activity).

The obtained empirical results indicate that the impact of company’s
financials on the ratings is highly robust: it does not change over time,
even during the pandemic year. On the other hand, the ratings do
change substantially across different sectors.

More precisely, during the COVID-19 pandemic, the ratings of the
Food, Pharmaceutical and Energy sectors improve; whereas all the oth-
ers, and especially Consumer services and household products, worsen.

In summary, our results indicate that fintech credit ratings based
on the application of machine learning models, such as MORE, increase
(decrease) the ratings of the companies that have the better (the worse)
financials, and adjust their ratings to take into account variations in
macro economic conditions, reflecting future market expectations. This
implies that fintech credit ratings can improve financial inclusion, even
during crisis times: maintaining the reward for the better performing
7

companies, and incentivizing mobility of companies across sectors, to
improve sustainability.

Future research may include comparison with Bayesian learning
models for credit scoring (see e.g. [20], [21]).
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Fig. 2. Top: A dendrogram of the cluster of sector effects of the change in MORE ratings between 2019–2020, using the ANCOVA-ARDL model. Bottom: The matrix of Bonferroni
adjusted p-value for pairwise t-test between means of the sectors, using the ANCOVA-ARDL model. The off-diagonals are color-coded to describe the sign of the statistical relationships
with green signifying difference in means (i.e p-value > 0.05), and white for non-significant differences.
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