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e Insurance companies and asset managers need to rely on
roprietary internal rating for sovereign bonds in order not to . I
prop y 9 ) 9 ) Sovereign Credit Risk Map
be exclusively dependent on rating agencies. 2022-Q3

e We introduce a new internal rating model that provides a == R <.
purely quantitative assessment of sovereign credit risk, with- ? g*f < *J
» ’

out resorting to potentially opaque subjective adjustments

made by rating agencies. It uses a framework based on em-

pirical evidence on the determinants of sovereign stress. “
The model relies on a limited set of parameters which are A
empirically validated and supported by economic theory. It

can easily be applied to a large set of countries.

AAA AA+ AA AA- A+ A A- BBE+ BBB BBB- BB+ BB BB- B+ B B- c
. . . Rating
e As no manual, qualitative adjustments are made, our model Source: GIAM calculations
results — opposite to those of the rating agencies — cannot

be criticised for subjective bias.

e The model uses available macro data (including medium-term projections) in an efficient and transparent way, blending two
approaches: a) a panel regression model, to perform out-of-sample projections, and b) a machine learning algorithm (k-
means) to cluster countries according to credit risk indicators.

e We currently cover 72 countries, with a focus on those most relevant for a liability-driven manager like Generali Insurance
Asset Management (GIAM). The structure of the model is flexible enough to allow for a quick extension of the country
coverage. In total, the model is based on a manageable set of roughly 20 economic time series variables.
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The following sections present GIAM’s internal approach to
modelling sovereign credit risk. We shed some light on the
construction details, without going into the full technical de-
tails. We will present the input data as well as how and where
they enter the approach and for what purpose. Finally, we
show some examples of how the results are summarised and
presented graphically.

Compared with the sovereign rating methodologies used by
agencies or central banks our approach innovates in two
ways. Firstly, it employs machine learning (ML) to group
countries according to macroeconomic and fiscal metrics
without resorting to arbitrary thresholds. Secondly, instead of
limiting ourselves to the proxies for the quality of governance
and rule of law commonly used in sovereign credit risk analy-
sis, we include an ESG index (MSCI) to include a broader
assessment that makes a step towards integrating environ-
mental and social concerns into sovereign rating.

1. Introduction

When dealing with credit risk both at the corporate and sov-
ereign level, there is hardly any way around the major Credit
Rating Agencies (CRAS), including e.g., Moody's, S&P, and
Fitch. Their ratings are widely used and generally accepted.
However, at least since the Enron crisis, the agencies have
repeatedly come under criticism, not least for the lack of
transparency in their approaches. All agencies apply subjec-
tive and sometimes sizeable adjustments to their model-de-
rived ratings, decided by a committee roughly every six
months, following rules and methodologies that are not dis-
closed.

Thus, the regulator asks insurance companies and asset
managers to perform their own independent assessment of
credit risk. In this report we present our new tool. It provides
a fully data-driven and transparent approach, with no subjec-
tive interventions at all. Our sovereign ratings are built from
publicly available data, and use both historical data and pro-
jections, sourced from the IMF and the World Bank. However,
we still use the information contained in the agencies’ ratings,
for two reasons: firstly, CRAs devote a lot of resources to an-
alysing sovereigns, incl. on political and other less quantita-
tive risks, and therefore their output provides a lot of infor-
mation. Secondly, and more prosaically, clients will never
stop looking at the blends of CRAs’ ratings. Therefore, CRA
ratings, will always be seen as a sort of benchmark. A useful
proprietary assessment should in the first place provide early
signals when CRA ratings deviate more visibly from a fully
transparent quantitative assessment.

LI not stated differently, CRA exclusively refers to Moody’s, S&P, and
Fitch.

2. The Model — A two-pillar Approach

The rating generated by the model is based on two equally
weighted sub-ratings (see chart below).

The first pillar is a “classical” regression analysis that aims at
out-of-sample predictions of the average CRA! rating country
by country. The second pillar resorts to machine learning
(ML). We apply cluster analysis to derive factor ratings, for
each country, which are then aggregated to a single rating.

The Model's Two Pillars
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Regression
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CRAs ratings slightly differ in scale and definitions (see Ap-
pendix B). The rating scale we apply mostly coincides with
those used by S&P and Fitch. Below B- we do not differentiate
and just keep a single rating class C. All in all, we cover 17
rating classes from AAA to C. For any kind of calculation and
model estimation, the alphanumerical ratings are mapped lin-
early into numerical scores. The two terms rating and score
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are used synonymously in the following. The differentiation is
revealed from the context.

In line with the academic/policy-oriented literature on sover-
eign risk and with the CRAs practice we identify five areas of
vulnerability, which guide the selection of the variables:

(1) ESG/Governance: The theory behind the standard rating
model states that the quality of government influences fis-
cal policies and the sustainability of debt. We take a
broader approach and use MSCI indices that assess
countries not just in terms of governance but also social
inclusion and environmental risk and policies.

(2) Wealth & size: Richer countries have a potentially wider
tax base, making debt easier to sustain. Moreover, bigger
countries may enjoy a “too big to fail” premium, as their
sovereign debt is more liquid and a fiscal crisis there could
have a systemic impact.

(3) Economic performance: Sustained growth eases the
debt burden in the medium term, while a large slump in
activity or employment makes it more difficult for a country
to keep a prudent fiscal stance. At the same time elevated
inflation, while easing the debt burden is more often a sign
of poor economic governance, adding to sustainability
concerns.

(4) Fiscal performance: Debt dynamics is the key metric;
however, we try to distinguish between the genuine fiscal
stance, proxied by the primary balance, and the share of
expenditures largely beyond the control of the Treasury,
proxied by the ratio of interest expenditure to fiscal reve-
nue. We also consider the health of the banking system,
to assess the risk deriving from the need to bail out banks
to stem the risk of a crisis.

(5) FX and external imbalances: countries issuing a liquid
and widely used currency which plays a big role in central
banks’ reserves benefit in terms of debt sustainability as
they have a limited incentive to issue debt in foreign cur-
rency. We use this information in conjunction with other,
more standard metrics such as import coverage (FX re-
serves to import) or external debt.

The choice of the individual indicators for the regression
model derives from formal statistical testing. In the machine
learning one, we draw from the determinants of sovereign rat-
ings identified by empirical literature and from the variables
chosen by rating agencies .

2.1 The Regression Model

Although CRAs take different approaches — blending a fully
disclosed quantitative model with a rather opaque subjective

2 The correlation between the ratings of different Agencies is usually well
above 0.95.

adjustment — they tend to broadly agree in the assessment of
individual countries’ credit risk?. It can therefore be assumed
that ratings are largely determined by a set of common factors
whose significance for credit risk is generally undisputed. This
motivates the use of a regression model. By identifying a sen-
sible set of fundamentals, it predicts the average CRA rating
of a country. By taking a long-term view, these predictions
should generally correspond to the objective parts of the
CRAs’ approaches.

The average CRA rating of a country is regressed on these
independent (quarterly) variables, using an expanding sam-
ple beginning in 2012, to account for the effect of the Great
Financial crisis on CRAs methodologies. Afterwards, the co-
efficients are used for out-of-sample projections: the four
quarterly ratings for year t are computed with the coefficients
estimated up to t-1. This allows us to filter out the subjective
component of each CRA. We use a Tobit specification (see
box on p. 4) to account for the fact that the dependent variable
is bounded between 1 (AAA) and 17 (C).

Regression model estimates
Dependent Variable: Average of the three main CRA rating (A to "below B-"). Tobit estimation

VELEL Coef. Std. Ermr. z-Stat Prob.
Constant -2.940 1418 -2.074 0.038
ESG * EM dummy 0313 0.068 4613 0.000
ESG * AE dummy 1528 0.105 14.598 0.000
Share in world GDP 16.082 3256 4939 0.000
Per capita PPP GDP 0994 0.167 5.960 0.000
Unemployment rate -0.153 0.009 -17.395 0.000
GDP growth (sy: avg, centered on curr. vear) 0.065 0.014 4514 0.000
Gov't debt to GDP (country medisn) -0.066 0.004 -16.770 0.000
Gov't debt 10 GDP (geyiaton from median) -0.046 0.002 -22.409 0.000
Intrest exp. to revenue -0.104 0.010 -10.700 0.000
Reserves on import * Non reserve currency dummy 0.265 0.039 6.827 0.000

Reserve currency dummy 0.796 0171 4660 0.000

We use the regression to test different hypotheses on what
drives the rating. We chose the final specification based on
the statistical significance of the coefficients, the consistence
with loose theoretical priors, aiming at taking all the dimen-
sions of sovereign rating. The econometric analysis uncov-
ered some interesting facts:

- ESG considerations matter for sovereign rating: this is
not very surprising given the significant correlation be-
tween the MSCI scores and the World Bank governance
measures. What is interesting is the differing impact on
EMs and AMs ratings, as the coefficient of the latter is
nearly five times larger. This may indicate that ESG fac-
tors become important to discriminate among countries
only when they are above a certain level of economic de-
velopment.
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- The economic weight (proxied by the country’s share in
world GDP) is important, confirming the “too big to fail” hy-
pothesis”.

- Global and national debt cycles are important: the me-
dian level of debt to GDP across the sample is statistically
significant, as well as its country-specific evolution. Debt
servicing costs are also very relevant.

The Tobit regression
The specification is composed of:

- alinear, latent variable model

N
Y;=a +ZB,-X#+U€[
i=1
- and a set of identities linking it to the actual variable
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Where f and F are respectively the density and cumulative distribu-
tion function of the error term €, assumed to be logistic.

In our case Ciow =1, Chign= 17

observable classification this is a typical usecase for a so-
called unsupervised classification like cluster analysis. We
perform this analysis by applying the k-means algorithm (see
box on p. 5).

For each of the four dimensions countries are clustered ac-
cording to one or two core variables in a first step. In a second
step, each partial rating is adjusted by up to £2 notches con-
sidering a richer set of variables (see graph on p. 6 for the
basic mode of operation and Appendix C for technical de-
tails). Then the final rating is obtained as an average® of the
partial ratings. The methodology echoes those of S&P and
Moody’s. A key difference is that the initial ratings are not
based on exogenous thresholds but are fully determined by
the data. Moreover, the four sub-ratings used in the ML ap-
proach are averaged without recourse to ad hoc weighting
schemes, increasing transparency.

- Having a reserve currency or one that is widely used in
international trade is important, as it may mitigate the li-
quidity squeezed associated with the risk of balance of
payment crises.

- The import cover ratio (FX reserves divided by import)
is significant only for countries that do not issue a reserve
currency, for which FX volatility is arguably higher and
more dangerous for economic and debt sustainability.

2.2 The Machine Learning Pillar

The machine learning pillar classifies countries by their credit
risk along four economic dimensions. As there is no “true”

% The four adjusted scores are averaged to get the final rating ML for
county i in quarter t. To account for potential nonlinearities in the number
to letter conversion the average is computed on the logit of the final rat-
ing. This aggregation implies that the final rating from the ML algorithm
does not need to correspond with the simple average of the partial rat-
ings.

2.2.1 The Credit Risk Dimensions
The four dimension we consider are:

(1) ESG: The quality of public governance has long been a
key factor in credit risk assessment, we complement it with
the consideration of the environmental and social perfor-
mances.

(2) Income and wealth: The income level is a proxy for the
possibility of the state to raise revenues and address a fis-
cal shortfall.

(3) Fiscal outlook: The size of the debt as a share of GDP
and its resilience to interest rate shocks are crucial deter-
minants of actual and perceived debt sustainability. On top
of that, we consider measures of the fiscal policy stance
and the role of implicit liabilities related to the banking sec-
tor.

(4) External imbalances: current account/external debt cri-
sis may turn into an exchange rate crisis and ultimately
affect a government’s solvency.

The choice of the variables used to represent these dimen-
sions for clustering the countries is based on two considera-
tions. We take the variable we deem the most economically
relevant, and tend to prefer those moving relatively slowly, to
ensure sufficient stability in the core rating.

For ESG we use — consistent with the Generali Group guide-
lines —the MSCI country ESG score. The model can of course
accommodate other choices.

ScoreESG + Score\,{VEALTH + Score,?SCAL + ScoreEXT/ >
4

e
ML,'( =

ESG

SCOFSM WEALTH

+ Scorejt + ScoreglscAL + Score%XT/ )
4

1+e(
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Forincome and wealth, we initially cluster countries accord-
ing to their per capita GDP. It is an intuitive and widely used
measure of a country’s level of development. To derive the
final rating, we perform two adjustments. We first consider the
distance between the average GDP growth and the median
growth differentiated by EMs and AMs. The average GDP
growth is computed on a five-year period centered around the
current year, using the most recent IMF forecasts. This ap-
proach looks through cyclical variations and introduces a for-
ward-looking component. The second adjustment penalizes
countries with elevated growth volatility (10-year standard de-
viation), as this can harm fiscal sustainability.

For the fiscal outlook we first cluster countries using the debt
to GDP ratio and the interest expenditure to revenues ratio.
We use two partial ratings to stress the importance of the debt
sustainability and its resilience to interest rate shocks. We ad-
just the interest expenditure to revenues ratio by considering
the fiscal policy stance, measured by a three-year average of
the primary balance to GDP ratio and the volatility of govern-
ment revenues (10-year standard deviation). Moreover, to ad-
just the debt to GDP ratio, we consider the implicit debt bur-
den related to the risk of having to bail out the banking sector.
For this we use the share of non-performing loans to bank
capitalization, multiplied by the size of the banking sector in
the economy.

k-means

k-means aims at classifying data into k clusters S; such that the
squared sum J of the differences from the cluster-centroids p; is min-
imized:

k
I=> > Ig-ul’

i=1X€ES;

The centroids ; are just the averages of the classification variable(s)
calculated across the cluster members x; € S;. In case of n classifi-
cation variables pand x;are vectors of dimension (nX1). The solution
of the equation is derived iteratively through two steps per iteration:

1. Calculate the k centroids y;. (In the first iteration this can
for example be done by randomly choosing k datapoints.)

2. Assign each datapoint x to the cluster S; with the nearest
centroid y; until all datapoints are classified.

Repeat the two steps until the assignment of the datapoints does not
change anymore between iterations.

As the result depends on the starting points, the whole procedure is
repeatedly applied (500 times in our case) and the best one taken.

For the external imbalances, we cluster according to the ra-
tio of the Net International Investment Position (a stock varia-
ble) and the average of the current account to GDP ratio
(again calculated with a 5-year average centered on the

4 The market for the domestic currency is considered liquid if the currency
is actively traded or a reserve currency, based on recent research by the

current year, using IMF forecasts). We then average the two
scores. Finally, we adjust this combined rating using the ex-
ternal debt to GDP ratio, to take into consideration the risks
stemming from debt rollover and default, and the depth of the
market for the domestic currency, to account for market liquid-
ity risk®.

Additionally, we apply adjustments to the external and fiscal
scores based on the flexibility of the exchange rate regime
and the size of the credit sector relative to the economy. The
first gauges the extent to which the exchange rate can absorb
economic fluctuations. The EMs experience from the 1998
Asian crisis onwards shows that tight FX regimes may stand
in the way of a successful fiscal response to shocks. The size
of the credit sector is an enabling factor for monetary policy
transmission and, more importantly, a measure of the relative
scope of the domestic market to absorb government debt.

Finally, in accordance with the empirical literature, a two and
one notch(es) rating uplift is assigned to the TOP 5 and TOP
10 countries in terms of GDP level respectively(“too-big-to-
fail”).

2.2.2 Technical Implementation

As stated in section 1.2 we implement the credit risk classifi-
cation task with cluster analysis by applying the k-means al-
gorithm. Classical approaches explicitly define limits for the
various classes. This could be done by using quantiles, that
could be directly derived from the data but would lead to a
uniform rating distribution by construction. Unfortunately,
there is strong empirical evidence that ratings are not uni-
formly distributed (see chart below). Another option would be
to use explicit thresholds. They could theoretically be ad-
justed towards any desired target distribution but are quite ar-
bitrary and time-consuming to maintain across different vari-
ables and time.

CRA Average Rating Distribution*

- (2000-Q1 - 2008-Q4)

20%
15%
10%

5%

0%
x C X T R o o o o & o o ¥ O
FF Y v@@@@%@%@@ K < &

Source: Bloomberg, GIAM calculations
*Average raling across CRAs for the 72 couniries covered,

The k-means algorithm uses so-called centroids (see box on
the left) instead of thresholds to classify the data. This

IME. Having a reserve or actively traded currency leads to a rating up-
grade by one notch.

B Generali Investments | Core Matters

5w


https://www.imf.org/en/Publications/Departmental-Papers-Policy-Papers/Issues/2020/11/17/Reserve-Currencies-in-an-Evolving-International-Monetary-System-49864
https://www.imf.org/en/Publications/Departmental-Papers-Policy-Papers/Issues/2020/11/17/Reserve-Currencies-in-an-Evolving-International-Monetary-System-49864

approach is completely data driven. Once the number of clus-
ters is fixed it can be run automatically. No maintenance
and/or arbitrary interventions are necessary.

We are still left with two issues at this stage. First, the rating
distribution does not match that of the CRAs data at all. Thus,
we just cluster the countries based on the extreme and modal
values of the historical rating distribution (see chart on p. 5,
grey bars). Coverage of the remaining rating classes (see
chart on p. 5, red bars) is achieved through the adjustments
(see graph below for the basic mode of operation and Appen-
dix C for technical details). Second, clustering produces a rel-
ative classification of credit risk. As the number of clusters is
fixed there will always be countries assigned to any rating be-
tween AAA and C irrespective of the global economic condi-
tions, i.e., there will be no empty clusters.

As investors seek absolute measures of risk, we apply the k-
means algorithm not only to the current quarter Q: but to the
full (expanding) sample from Qo to Q i.e., not only across
countries but also across time. In doing so, we are still left
with the issue of no empty clusters. But now, it applies to the
totality of all combinations of countries and quarters and not
necessarily to all countries in a particular quarter.

Credit Risk

(Classification Example)

AAA
Ad+

AA-

A+ Slnotch gl TTTTT
A S ------
A- [N R $Z0 e
BBB+ +2 notches
BBB
BBB-
BB+
BB A+
BB-
B+
B
B-
C
Cluster Adjustment 1 Adjustment 2 Final

Results Partial Rating
Source: GIAM

Thus, filtering out just the current quarter in a subsequent step
allows for the existence of “empty” clusters with respect to in-
dividual quarters and that sense for a more absolute risk clas-
sification.

To ensure long-term coherence with the CRAS’ rating distri-
bution we apply a last, rather technical adjustment to the par-
tial ratings. Country-wise, we calculate the long-term differ-
ence between the CRAs’ average rating and the equally
weighted average of our partial ratings. 50% of this difference
is subtracted from the partial ratings. As our empirical
backtesting suggests, this generally shifts the level of our rat-
ings towards the CRASs’ ratings but has no impact on the dy-
namics originated by the model.

At the end of the process, we get a raw score ranging from 1
to 17, which we round to get the AAA to C rating.

3. The Quarterly Analysis

The internal ratings are updated at the end of each quarter.
As Appendix D shows, the results are presented alongside
the range of the CRA ratings and the evolution of the sub-
ratings and convey information about the drivers of changes
in the internal assessment. We do not provide a measure of
outlook, but rather indicate the medium-term (one year) trend.

4. Final Remarks

We developed a purely data-driven methodology for our inter-
nal sovereign ratings, aiming at a balance between the full
independence from CRAs scores and the useful information
they nevertheless convey. We use the information in two dif-
ferent ways, feeding a proprietary unsupervised machine
learning algorithm and a regression model with out-of-sample
forecasts. This modeling framework can have other applica-
tions: for example, to get an internal rating for corporate
bonds, replacing macro variables with firms’ fundamentals.
The clustering algorithm could be fed for example with more
granular environmental and social data to derive in a trans-
parent way a country ESG score.
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Appendix A — Country Coverage
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Appendix B — Ratings Overview

S&P

Investment Grade

Speculative Grade

*https://www.spglobal.com/ratings/en/about/intro-to-credit-ratings; https://www.moodys.com/researchdocumentcontentpage.aspx?docid=pbc_79004; https://www fitchratings.com/products/rating

Moody's

Investment Grade

Non-Investment Grade

Fitch

Investment Grade

Speculative Grade

Ratings — Scale- & Definition-Map*

Extremely strong capacity to meet financial
commitments

Very strong capacity to meet financial
commitments

Strong capacity to meet financial commitments,
but ible to i
conditions and changes in circumstances

Adequate capacity to meet financial
commitments, but more subject to adverse
economic conditions

Less vuinerable in the near-term but faces
major ongoing uncertainties to adverse
and ic conditions

More vuinerable to adverse business, financial
and economic conditions but currently has the
capacity to meet financial commitments

Currently and on
favorable business, financial and economic
conditions to meet financial commitments

Highly vulnerable; default has not yet occurred,
butis expected to be a virtual certainty

Currently highly to
and ultimate recovery is expected to be lower
than that of higher rated obligations

Payment default on a financial commitment or
breach of an imputed promise; also used
when a bankruptcy petition has been filed

Highest intrinsic, or standalone, financial
strength, and thus subject to the lowest level
of credit risk absent any possibility of
exraordinary support from an affiliate or a
government

High intrinsic, or standalone, financial strength,
and thus subject to very low credit risk absent
any possibility of extraordinary support from an
affiliate or 3 government

Upper-medium-grade intrinsic, or standalone,
financial strength, and thus subject to low
credit risk absent any possibility of
exdraordinary support from an affiliate or a
government

Medium-grade intrinsic, or standalone
financial strength, and thus subjectto
moderate credit risk and, as such, may
possess certain speculative credit elements
absent any possibility of extraordinary support
from an affiliate or a government

Speculative intrinsic, or standalone, financial
strength, and are subject to substantial credit
risk absent any possibility of extraordinary
support from an affiliate or a government

Speculative intrinsic, or standalone, financial
strength, and are subject to high credit risk
absent any possibility of extraordinary support
from an affiliate or a government

Speculative intrinsic, or standalone, financial
strength, and are subject to very high credit risk
absent any possibility of extraordinary support
from an affiliate or a government

Highly speculative intrinsic, or standalone,
financial strength, and are likely to be either in,
orvery near, default, with some prospect for
recovery of principal and interest; or, these
issuers have avoided default or are expected
to avoid default through the provision of
exraordinary support from an affiliate or a
government

Typically in default, with little prospect for
recovery of principal or interest; or, these
issuers are benefiting from a government or
affliate support but are likely to be liquidated
over time; without support there would be little
prospect for recovery of principal or interest

owest expectation of default risk. They are
assigned onlyin cases of exceptionally strong

Moody's

Fitch

capacity for payment of financial commitments AAA Aaa AAA AAA
This capacity is highly unlikely to be adversely
affected by Lforeseeable events
AA+ Aat AA+ AA+
Very low default risk. They indicate very strong
capacity for payment of financial commitments
This capacity is not significantly vuinerable to AA Aa2 AA AA
foreseeable events
AA- Aa3 AA- AA-
+ + +
Low default risk. The capacity for payment of i At A K
financial commitments is considered strong
This capacity may, nevertheless, be more A A2 A A
vulnerable to adverse business or economic
conditions than is the case for higher ratings
A- A3 A- A-
+ + +
Expectations of default risk are currently low. 8BB Baat B8BB BBB
The capacity for payment of financial
commitments is considered adequate, but BBB Baa2 BBB BBB
adverse business or economic conditions
are more likely to impair this capacity BBB Baa3 B88B BBB
- aa - »
Elevated vulnerability to default risk, BB+ Bat BB+ BB+
particularly inthe event of adverse changes
in business or economic conditions over time;
however, business or financial flexibility exists 8B Ba2 88 BB l
that supports the servicing of financial
commitments BB- Ba3 BB- BB-
Material default risk is present, but a limited B+ B1 B+ B+
margin of safety remains. Financial
commitments are currently being met,
however, capacity for continued payment is B B2 8 B
vulnerable to deterioration in the business
and economic environment B- B3 B- B-
CCC+  Caatl CCC+
Very low margin for safety. Defaultis a real
possibility CcC Caa2 CccC
CCC- Caa3 CCC-
Default of some kind appears probable CcC Ca CcC
A default or default-like process has begun,
or the issuer is in standstill, or for a closed c c c
funding vehicle, payment capacity is c
irevocably impaired
Experienced an uncured payment default or
distressed debt exchange on a bond, loan
or other material financial obligation, but has
not entered into bankruptcy filings RD
administration, receivership, liquidation, or
other formal winding-up procedure, and has
not otherwise ceased operating.
Entered into bankruptcy filings, administration,
receivership, iquidation or other formal D D
winding-up procedure or that has otherwise
ceased business
defi # ting-definitions
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Appendix C — Rating Adjustments in the ML model

Rating Adjustments

Interpre- Implemen- Mapping
tation tation from low to high

Risk Factor Adjustment Specification Variable

no specific
O ESG adjustment
income median deviation fom  5np ¢ onstant prices the higher
@ @ growth 2 YO (%yoy) nad| the better quintiles 2] 1| ef-1]-2
° g sperarate for EM / AE Y0y, )
EoE
852
£ =
income
volatility over GDP, constant prices the lower
(®) 8;?:{1”:\( past 10 years (%yoy) nadj the better quadies ey 48 4
NPL (in % of Banking Sector) — AxB/C
A Dom. Credit to Pnv. Sect. by Banks (% of GDP) nadj the lower
level y =2 -
&) (@) vulnerability o B Bank NPLs to Total Gross Loans (%) nadj the better quintiles 2|-1] o] 1] 2
C Bank Capital to Assets Ratio (%) nadj
K4
(=3
o
= J|
a 4y Primary S General Govt. Primary Net Lending/Borrowing the higher ol-1l-
® (b1) balance yr.avniage (% of GDP) nadj the better quintiles 2] 1] el-a]-2
b
w
( )revenue volatility over Revenue the lower, tercile: 1] o] 1
volatility past 10 years % of GDP) nadj the better ches
External Debt the lower,
level -
(4) (a) external debt leve % of GDP) nadj the better terciles 1] o] 1
o
Tg E he high
Ec reserve the higher,
© =
£ 3 (b1) eutency dummy, 1if yes e scaling e|-2
o E
actively
% the higher
1ifye £
(b2) tcrzgzﬁcv dummy, 1if yes the bekter scaling 0|-1
credit Dom. Cedit Provided by Fin. Sect the higher,
level 4
A @) size = (% of GDP) nadj the better quintics 1] 2] 3]:al's
g >
o O
S s
=a
the higher
/1t 1
(b) FXregime dummy: 1to 10 the betins scaling 1| 2| 3] 4] 5
TooBig GDP the higher,
level P = PS5 -
®) ToFail** COUIRE/SZE i (current prices) the better LT Tt |iuas
deviation cumulated average
e ymul v
(C) CRAbias g%’; y difference to CRA rating
rating
*to be additionally applied to (2) and (3) Credit Si
**to be applied to the final rating ; ;e |3 |§e 5
o 1[2][2[1] 1] 0
E 2[2[1]of0[1
& 3[] o] o]
x 4[1/0{0]1]-2
“ s[1]o[a[2]2
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Appendix D — Standard Model Output

i Range of CRA ‘.
| ratings; here from !
Y BBB- to BB- )

-—— - - - -

“  Current GIAM
rating
(from the ML and
regression

- ——————

_____ > —- -

,{ Components of
: GIAM rating
I
\

R e

Current partial
GIAM rating
(based on the ML

(in the ML model)

N -
@
o1}

b —— GIAM rating e Bs
S B- CRArange Sf

" \
(s
1213[4[112814(112[314 1121314(112/314(1121314|11218/4|112/3
2014 | 2015 | 2016 2017 | 2018 | 2019 | 2020+ 2021

Source: GIAM caleflations >
7

N ——

~ teath I VBB, O Smmhommmmemem-
S Uriscal
Iexternall

=
P
-
-

AAA AA+ AA AA- A+ A A- BBB+ BBB BBB-

! 1
| Shades of greendenote IG |
| I 1
! l
\

po—————

I GIAM: BB+ (outside CRA range)
] CRAs: from BBB to BBB+

Internal Rating II' *» indicatesthedistance of one notch
illustrative example N T N e >
P T WXL N
Current vs ! : : 1
Curent A _4q A 4y Tendency* o, - (R GIRM BB (e CR8 ange) I
range ) CRAs: from BBB- to BBB I
N |/ 1
CountryA BB+ +1 ;' : @00 i ,, |\ GIAM connectsdirectlyto CRArange )
e o e e / Vecccccccacaacaaccomoso- -
R 7 v/ o - ———
- Country B BBB+ N i 0@ i R
o . ; I GIAM: A+ (inside CRA range) Y
- [
o Country C A+ 4 L__O0®@0 i-- —: CRAs: from A- to AA- I
& R ) | GIAM withinupper part of CRArange :
Country D AA- +1 Ve I I -
(= == ) \\ ” ________________ \l
Country E BBB- v __ _O_©_ __A I GIAM: AA (inside CRA range) "
N
" CRAs: AA
Source: GIAM calculations 0 :
a | Gl!AMand allCRAsarethesame
Medium term tendency of internal rating; semi-annual change in the unrounded rating relativ to its ‘\ Q !
historical distribution [, =
**= denote CRA range by notch; @ denotes GIAM rating inside the CRA range; e denotes GIAM rating \\ e );
outside the CRA range; » « denote distance from CRA range by notch; ratings from low to high in \  GIAM: BBB- (inside CRA range) :
reading direction | CRASs: from BB+ to BBB- [
| GIAM equalsmaximum of CRArange |
p S ,'
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