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AHHoTanusl. B HacTtosimee Bpemsi MUpOBas OaHKOBCKasl CHCTEMa HAXOOHUTCS MOJ BIMSHHEM PAa3HOTO poja BHELIHUX
MOTPSICEHHUH U cTpeccoB, Takux kak COVID, ¢puHaHCOBBI KPU3KC, CBSI3AHHBIN C BOWHOM, MUTpalUs U T.1.

OtH (pakTOphl 3aCTaBWIM MOJIUTHKOB IEHCTBOBATH OOJIEe ONEpaTUBHO, MPUHUMATh OBICTPHIC PELICHUsSI, YTOOBI JIyylle
MIPUCTIOCA0INBATHCS K KI3MEHEHUSIM, ¥ IPOBOJUTH IIPEBEHTHBHBIE MEPHI 10 TOTO, KaK MPOM30MIET IOK.

[Tpumeps! Takux pemieHui: YuutbiBas nenb [[b ApMeHuM 10 CTaOMIBHOCTH IIEH M OLEHUB TEKYLIYI0 JUHAMHUKY
nHmsimmn, Coser LB Bo Bpemst COVID cHusmn craBky pedunaHcupoBanus Ha 0,25 npoleHTHBIX MyHKTa. Kpome Toro,
MIPaBUTENBCTBO ApPMEHMH HWHHUIMUPOBAIO OecIpeleNeHTHbI JKOHOMUYECKHi makeT B pasMepe 300 MMUIMOHOB
nomnapoB CIIIA, 9T00BI CMSTYUTE BO3IEHCTBHE TEKYIICH CHTYAITHIH.

CTaOWIbHOCTh OAHKOBCKOM CHCTEMBI SBISETCS OYCHb BaXKHBIM (DaKTOPOM Ui (DMHAHCOBOTO 3IOPOBBSI CTPAHBI,
MTOKA3bIBAIOIINM, CIIOCOOHA JIM OAHKOBCKAs CHCTEMa HOPMalbHO (D)YHKIMOHHMPOBATH M IPOTHBOCTOSATH IOTPSICEHUSIM,
WJIN K€ HEKOTOPBIE €€ acIeKThl TPEOYIOT M3MEHEHUH U YTy qIICHHUH.
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B aro#i uccienoBarenbckoli padOTe MPEICTaBIEH CIIOCO0 HM3MEpeHHsi OAHKOBCKOH CTaOMIIBHOCTH ITyT€M BbIOOpa
COOTBETCTBYIOLIMX IOKa3aTeed, a TakKe MPOTHO3MPOBAaHMS Oymylueil TeHISHINH CTaOMJIBHOCTH C HCIIONB30BAaHUEM
MozieJiel BPEMEHHBIX psiioB. B KauecTBe moka3zaressi OaHKOBCKOW CTaOMIBHOCTH HCIIONB3YETCsl Z-Score, KOTODPBIN
TaKXe OTCIEKHUBACTCsI BCceMUPHBIM OaHKOM JUIsl KaXK/IOW CTPAHBI.

Lenpto crarby SIBISiETCS MOUCK 3(PQEKTHBHBIX CIOCOOOB MOAEIMPOBAHUS OAHKOBCKOW cTaOwibHOCTH PecryOnuku
ApMeHHsl C WCIIONB30BAaHWEM HETPAJUIMOHHBIX IOAXOIOB 3KOHOMETpHKH. llenb mccienoBaHus — BBIOpAaTh MOZIEIb,
KoTOpasi OyZeT MaKCHMaJIbHO TOYHOM JJIsl IPOTHO3UPOBAaHMSI OAHKOBCKOW CTAOMIIEHOCTH.

[IpoBeneHHbI SMIUPUYECKUNA aHAIU3 MOKA3bIBAET, YTO MOXKHO UCHOIb30BaTh Moneinb ARIMA s mporHo3upoBaHus
0AHKOBCKOW CTAaOMIPHOCTH Ha OAHKOBCKHX JAHHBIX APMEHHH, a PE3yIAbTaThl IPOTHO3a OJNIM3KH K PeaTbHBIM 3HAYCHUSIM

TECTOBOTO HAOOpa TaHHBIX.

KuroueBble c10Ba: 6aHKOBCKasl CTAOMIIBHOCTE, Z-score, ARIMA, nmporao3upoBanne, ApMeHHUs

Methodology

As an indicator to measure banking stability,
the banking Z-score is used, which measures the
risk of default for an individual bank or for the
entire financial system. After choosing a proper
indicator, banking stability is forecasted with the
ARIMA model which is based on past values of the
time series of calculated Z-score. For choosing the
main parameters(p, d, q values) for the ARIMA, 2
approaches are used: Python built-in pmdarima
library, and PACF and ACF plots. All calculations
are conducted with the help of Python statsmodels
library. The observation period includes January.
2012 - March 2023 and data is taken in monthly
granularity. All components of the Z-score are
calculated based on macroeconomic country-level
indicators, and the main source of the data is the
official website of the Central Bank of Armenia (
CBA.am).

Literature review

There are various well-adopted methods to
measure banking stability in universal settings. The
most well-known method is the Basel principles.
Here is a more detailed explanation.

The Basel Committee on Banking Supervision
(BCBS) proposes official assessment methods to
deal with global systemically important banks (G-
SIBs) (BCBS, 2013) and domestic systemically
important banks (D-SIBs) (BCBS, 2012), using
confidential accounting and regulatory data.
According to the methods, indicators of systemic
significance are quantified and transformed into
systemic scores, which represent the contribution of
each systemically important bank to the whole
system. Alternatively, academic researchers also
propose several approaches to measure systemic
significance of individual banks, most of which rely
on share market data.

Traditionally, bank risk is measured and
regulated at an individual bank level. Basel Accords
provide a set of bank regulations, in regard to capital
for credit risk, market risk and operational risk.
Value-at-Risk (VaR) and Expected Shortfall (ES) are
two standard risk measures, and are recommended
by Basel II and Basel III, respectively. Other
market-based methods, such as the CAPM model,

are also widely used to measure individual bank
risks. It is common to measure risk using banks’
share prices (return), which can link banks’ risk with
return, and are widely applicable to listed banks. As
a complement or where banks are not listed, bank
risk can also be estimated with accounting data.
Examples of traditional accounting data-based risk
measures include the ratio of nonperforming loans
to total assets, and z-score. The recent financial
crisis led to suggestions that these traditional
measures failed to fully capture bank risks,
especially downside risk (Haldane, 2009). The Z-
score is considered to be a well-known indicator for
banking stability modeling, and in literature you can
find examples of when it is used for simple
empirical calculations to advanced econometric
models. It is worth mentioning that there are
different methodologies for calculating Z-score.
Referring to the definition of WBG, Z-score
compares the buffer of a country's commercial
banking system with the volatility of those returns.
In other words, it captures the probability of default
of a country's banking system. The Z-score is
considered to be a good measure of a bank's
financial health and stability, which is calculated
based on a combination of a bank's capital, earnings,
and asset quality. The first and the most well-
known approach is Altman Z-score [1]. It uses
multiple parameters to measure banking system
stability.

The Altman Z-score formula is as follows:
Altman Z-Score = 1.2A + 1.4B + 3.3C + 0.6D +
1.0E, where

e A =working capital / total assets

e B =retained earnings / total assets

e C = earnings before interest and tax / total
assets

e D = market value of equity / total liabilities

e E =sales/ total assets

An Altman Z-score close to 0 suggests a
company might be headed for bankruptcy, while a
score closer to 3 suggests a company is in solid
financial state.

Another well-known approach is the “Leave
One Out” methodology of modelling banking
stability, defined in Feng, Cheng, and Xu (2013).
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This method suggests subtracting 1 bank Z-score
from the total banking Z-score, to understand the
impact of each individual bank on total stability of
the system.In the majority of articles, modeling is
done using different statistical and ML techniques,
and it is also important to understand and to choose
the right methodology alongside with a good
indicator.

Summing up the information from all sources,
we can conclude that the Z-score can be a useful
tool for modeling banking stability and predicting
bank failures. Policymakers and regulators may
consider using this approach to monitor the health of
their banking systems and identify banks that are at
risk of failure.In this article, Z-score is used for
indicating country banking system effectiveness,
and is calculated using macro-level data. Initially,
Altman presented Z-score as an indicator to measure
insolvency risk for businesses, which later on started
to be applied for banks and banking systems.

The Z-score that will be used in further
calculations, is based on accounting data. That kind
of measure is widely used in evaluating banking
stability, and in some studies it is mentioned that the
Z-score can predict 76% of bank failure [3]
(Chiaramonte, Liu, Poli, & Zhou, 2016).

Analyses

After carefully analyzing existing modeling
opportunities of banking stability, as well as going
through different indicators, we have chosen the Z-
score formula, which calculates banking stability
based on country-level macroeconomic data. This
model is chosen, as based on the data availability, it

allows us to get a monthly dataset and have enough
data points to perform statistical analyses.
For predicting banking stability, there are
various ways, including NN-s and other ML
methodologies, but for simplicity, we will start with
the ARIMA model. ARIMA will help us derive
information on how its past values affect the series.

When starting a time series analysis, it is a
good practice to start with simple models that may
satisfy the use case requirements. ARIMA models
are simple and transparent and it is useful to derive
rigorous statistical properties. They are performant
on small datasets and are cheap to build and
retrain. [2]

Apart from that, while choosing significant P, D
and Q values for the ARIMA we can take into
account the number of optimal lags(p),
stationarity(d) and error in predictions from past
values (q). We will compare predictive performance
of 2 ARIMA models: 1 with orders found based on
pmdarima library and another with the help of
differencing, AIC and BIC criterion.

Diving into empirical studies, let’s derive the
proper calculation methodology of Z-score and see
its trend over time.

To calculate Z-score, the following formula is
used:

5155555=555+(555555A55555)5(555)

Using the above-mentioned formula, the Z-
score will show the following trend in the observed
time period:

Chart 1

Z-score dynamics
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Above is showcased (Chart 1), that at the end
of 2022 and at the beginning of 2023, Z-score was
moving up and down, and changing constantly. This
fact of wvolatility in recent years increases the
importance of good predictions.
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Let’s deep dive into ARIMA analysis. Based on
the econometric theory ARIMA consists of 3 main
parameters, which are p, d, q. In literature there are
2 main methodologies to find those parameters: one
is using ACF and PACF graphs for p, q and
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differencing for d [12]. Another method is Python
built-in function from pmdarima library. Let’s use
both of those approaches and compare the results:

In order to get the parameter d, we need to
differentiate our model and see after how many
differences our time series will become stationary.
For checking stationarity, it is accepted to use ADF
test results [8], and here is the test result for the
original data and its 1st lag:

Original series:

ADF Statistic: -2.19

p-value: 0.20

1st difference value:

ADF Statistic: -5.17

p-value: 0.0000099

We can see that after differencing 1 time, our
series is becoming stationary, and we can consider
that d=1. Now let's find out the values for the p and
q parameters respectively with ACF and PACF.

Chart 2 Pacf Plot
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From the chart above (Chart 2), we can
conclude that the value of the p parameter,
according to n-1 low is 2. Let’s do the same for ACF
plot and find q [10]:

Chart 3 Acf Plot
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According to the ACF plot, the value for the q
is 2.

Concluding, we can say that the best model
would be ARIMA (2,1,2).

Getting into the pmdarima library, we can get
the same values, but here the logic is based on AIC
(Akaike Information Criteria) error matrix. It shows
that the best model is ARIMA (3,1,1). From now on
we can evaluate the model and see what results we
will get for each of p, d, q values.

The first model will be ARIMA (2,1,2). You
can see the model summary in Table 1:

Table 1 SARIMAX Results: ARIMA (2,1,1)

Dep. Variable: Z-score No. Observations:

131

Model: ARIMA(2, 1, 1) Log Likelihood -196.051
Date: Sat, 08 Jul 2023 AIC 400.101
Time: 23:03:25 BIC 411.571
Sample: 0 HQIC 404.762
- 131

Covariance Type: opg

coef std err z P>z [0.025 0.975]
ar.L1 -0.2896  0.097 -2.978 0.003 -0.480 -0.099
ar.L.2 -0.2243  0.098 -2.300 0.021 -0.416 -0.033
ma.L1 -0.6797  0.088 -7.706  0.000 -0.853  -0.507
sigma2 1.1832  0.115 10.301 0.000  0.958 1.408
Ljung-Box (L1) (Q): 0.23 Jarque-Bera (JB): 15.69
Prob(Q): 0.63 Prob(JB): 0.00
Heteroskedasticity (H): 0.58 Skew: 0.41
Prob(H) (two-sided): 0.08 Kurtosis: 4.49

Arima (2,1,1) evaluation gives us insights on
whether all lags are significant.

Apart from that, if we look at the results of the
Ljung-Box test, we will see that there is no
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autocorrelation among errors in the model, as the P-
value is higher than 0,05. With the same logic, there
is no heteroscedasticity in the model , as the
p=0.08>0.05.

Now let's evaluate ARIMA (3,1,1). You can see
the interpretation of the results in Table 3. What we
see here is that the first 2 lags are not statistically
significant, and only the 3rd lag is significant. Now,
when the model is evaluated on both p, d, q
parameter cases, we can compare ARIMA (3,1,1)
and ARIMA(2,1,1).

For doing that, we have 2 options: first we can
compare Based on AIC, BIC and Log Likelihood,
and the second is to test the model based on the test
data.

AIC and BIC parameters and Log Likelihood
show that for ARIMA(3,1,1) AIC and BIC are
lower, at the same time Log Likelihood is higher,
which indicates a better model, but BIC is lower for
ARIMA (2,1,1). Apart from that ARIMA 2,1,1 has
no autocorrelation, while ARIMA 3,1,1 has. This
means that there is still room to argue on which
model performs better so for choosing the best-
performing model, we can rely on the test set, and
minimal MSE on predictions. The test set is taken as
the last 4 points of the data (Table 2).

Here are the predicted results from our model
based on train data: 4 months ahead:

Table 2 Predictions and MSE on test data

Month 2022-12-31  2023-01-31  2023-02-28  2023-03-31 MSE
ARIMA(3,1,1) 8.893276 5.944494 6.816333 7.542902 0.847
ARIMA(2,1,1) 7.618272 7.663522 7.395409 7.4629 1.23
Table 3 SARIMAX Results: ARIMA (3,1,1)
Dep. Variable: y No. Observations: 131
Model: SARIMAX(3, 1, 1) Log Likelihood -193.597
Date: Sat, 08 Jul 2023 AIC 397.195
Time: 23:03:25 BIC 411.532
Sample: 0 HQIC 403.021
- 131

Covariance Type: opg

coef std err z P>zl [0.025 0.975]
ar.L1 0.0140 0.070 0.200 0.841 -0.123  0.151
ar.L.2 0.0562 0.089 0.635 0.526 -0.117  0.230
ar.L3 03129 0.091 3.422 0.001 0.134  0.492
ma.Ll -0.9598 0.042 -22.981 0.000 -1.042 -0.878
sigma2 1.1331  0.113 10.024 0.000  0.912 1.355
Ljung-Box (L1) (Q): 0.00  Jarque-Bera (JB): 15.77
Prob(Q): 0.99  Prob(JB): 0.00
Heteroskedasticity (H): 0.60 Skew: 0.36
Prob(H) (two-sided): 0.10  Kurtosis: 4.55

Based on the predictions table on test data
(Table 3), we can see that ARIMA(3,1,1) shows
better and more meaningful prediction results, and
we can make further assumptions based on that.

Here is the visual representation of the
predictions for the both models and actual test data:

Chart 4 Predictions VS test data
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Evaluating our test data against predictions, we
can see that ARIMA(3,1,1) manages to catch all the
ups and downs of the test dataset, as well as give us
a small MSE.

Relying on the ARIMA(3,1,1) we can use the
full dataset to train our model and make predictions

Pecuon u mup, 2023, Ne 4

5 months ahead on the full available dataset (Chart
5).

After evaluating our model, we will have the
following prediction values for the upcoming 5
months. The ARIMA predictions would be as
follows:

Table 4. 5 months ahead prediction results of the Z-score

Date 2023-03-31 2023-04-30 2023-05-31 2023-06-30 2023-07-31 2023-08-31
Z-score 7.54 6.58 6.92 7.08 6.79 6.92
Chart 5. Z-score predictions based on ARIMA (3,1,1)
11 —— Original series
Prediction (ARIMA 3,1,1)
—— Prediction (ARIMA 2,1,1)
10
IR
B -
h ﬂ
|
6 -
5 -
4 -

AR o A0 o% A8 o™ AR of AR o AQ o
BRI A S O S IS

Conclusion

Based on the literature review and empirical
analyses, we can conclude that the banking Z-score
calculated based on the macroeconomic data is a
valid indicator for measuring the financial stability
of the country and financial system. The forecast of
banking stability using the ARIMA model, shows
that the best model is ARIMA (3,1,1), and in this
model, the first and second lag of the Z-score series
are not significant, but the 3rd lag is significant. It
means that if there is an increase or decrease in
financial stability, it will affect the future banking
stability after 3 months. Apart from that, predictions
based on the methodology described in the article
can catch the trend of the test data and show realistic
values for future data points.
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Concluding, the ARIMA model is a good fit for
the Armenian banking data and we can use previous
data points to predict the Z-score with the help of
the ARIMA model.
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