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In this work, we aim to assess the importance of macroeconomic and financial variables for opera-
tional losses of UniCredit Bank. To achieve this, we consider the Shapley effects as a variance-based
measure of importance. However, the small number of observations of extreme losses makes the
estimation of the Shapley effects challenging. To address this issue, we proposed augmenting the
sample of extreme observations using vine copulas and calculating the Shapley effects on the aug-
mented sample. The effectiveness of this procedure is supported by a numerical simulation. Findings
obtained with our methodology applied to the UniCredit Bank data show its usefulness for the risk
management of operational losses.

Keywords: Operational risk; Extreme values; Global sensitivity analysis; Vine copulas

1. Introduction Cramer—\Von Mises sensitivity measure (Gambioa. 2018,

and the recent sensitivity measures based on optimal transport
Operational risk denotes the risk of losses due to failed intéBorgonovoet al. 2024. Among these sensitivity methods,
nal processes, people, systems, or external events. This typa ofieasure of importance that is attracting increasing inter-
risk can significantly impact insurance companies, banks aest are the Shapley effects, which allocate the variance of
financial institutions. Consequently, it is important to undethe quantity of interest according to the contribution of each
stand the main drivers of operational risk losses for propemividual variable (Owen2014, Songet al. 2016, Owen
and effective risk management (Chernobiaal. 2011 Cope and Prieur2017, looss and Priei?019). Compared to other
et al. 2012 Chavez-Demouliret al. 2016. This insight can variance-based sensitivity methods, the sum of the Shapley
be obtained using sensitivity analysis, which denotes a seteffects equals the total variance, regardless of the joint distri-
techniques to determine which variables most significantbution of the variables. This property makes the interpretation
influence the model output, i.e. the operational losses. Fafrthese measures particularly intuitive. In the context of oper-
example, in the financial literature, Bolketr al. (2021) use ational losses, an explanatory variable is considered important
sensitivity analysis on climate and economic models, aiifdt accounts for a high fraction of the operational loss vari-
more recently, Borgonovet al. (2024) apply it to insurance ance. This approach allows for the ranking of the covariates,
internal models. which is useful for risk management decisions. Specifically, if

There are several methods for sensitivity analysis tfie focus is on extreme losses, Il Idrigsial. (2021) propose

the model output (Borgonovo and PlischR@16. A tra- using Shapley effects to allocate the tail variance.
ditional approach is based on the variance decompositionAn open issue concerns the estimation of the Shapley
(Sobol 1993 Saltelli et al. 2008, which aims to attribute effects. Recently, Maset al. (2019) have proposed a proce-
the explained variance to each subset of variables. Anotlieire based on cohorts of similar observations that does not
approach involves moment-independent methods, whigdquire the fitting of any predictive model (see also Vallarino
assess how the distribution of the quantity of interest changetsal. 2023 for an application of this technique to insurance
when conditioned on specific variables. Within this frameate-making). However, in the case of extreme operational
work are the Borgonovo measure (Borgono2007), the losses, there is typically a limited number of observations
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available. Consequently, this procedure might become ina@l(uU {j}) — val(u), measuring the change of the value pro-
curate because the variance explained by subsets of variablesed by the coalition when the playeyjoins, averaged over
is estimated with few data points. all possible coalitions. Shapley (1953) proved that the allo-
To deal with this issue, we propose in this article a datation method in equation (1) is the only one satisfying the
augmentation strategy based on multivariate copulas udetlowing properties:
to capture the dependence structure in the data. Vine copu-
las provide a highly flexible approach for modeling general
multivariate dependency structures, making them a more
effective tool compared to other classes of copulas, partic- val(D). ) . )
ularly when the number of variables is high (Bedford and ~ SYmmetry: If players andj make the same marginal
Cooke2002, Czad®019, Czado and Nagl€022). They are contribution to any coalition, vallU {i}) = valuu
based on specific factorizations of the joint density in terms U} forallu S Dwithi,j ¢ D, thengi = ¢;.
of bivariate copulas aggregated in a tree-like structure. Due to Dummy: Ifj is a dummy player, valiU {j}) = val(u)
their versatility, vine copulas have been used in the financial ~ [of @l u & D, theng; = 0. /
literature to capture multivariate dependence for multivariate ~ -inearity: If val and val have Shapley valugsandg
statistical arbitrage strategies (Stiibingeal. 2018 and for respectively, then the game with value @i+ val (u)
risk management purposes (Brechmann and C2ad8). has Shapley valug; + ¢/ for allj  D.

In this work, we use for the first time vine copulas with vjarious value functions have been considered in the lit-
the purpose of improving the accuracy of the estimates @fatyre (Borgonovet al. 2024. In the context of variable
the Shapley effects. Precisely, by simulating new obsenvigyportance, Owen (2014) suggests to identify covariates with
tions from the selected vine copula applied to the extremayers and their explained variance as the value function.
operational loss dataset, we can increase the sample $¥%#sider the model = g(X1,Xa, ..., Xq), whereg € L2 and
while maintaining the original dependence structure betwegqy variablesXy, Xo, ..., Xq are independent. Under these
the operational losses and the covariates. The non-parameéggumptions, the total variance ¥f can be decomposed

approach that we propose is very flexible due to the Versaﬂ'@écording to the Functional Analysis of Variance (ANOVA)
of vine copulas, and therefore it avoids the need to spegs

ify predictive models for the tails. We remark that this data d

augment'atlon strategy can also be useful in the_ estimation var(Y) = ZVJ' + ZV” Fo 4 Vi g, @)

of other importance measures, such as moment-independent p

ones. In our numerical simulation, we illustrate that the esti-

mates of the Shapley effects after the data augmentation efgere the variance components are recursively defined as

more reliable. V; = VarE[Y | XD, Vi = VarE[Y | X, XD — Vi -V, and

This paper is structured as follows. Secti@npresents so on. Each variance terkj is called the main effect of the

the Shapley effects. Sectidhcontains an overview of the variableX; and represents the variance explained by this vari-

vine copula models. In Sectio#, we illustrate the proce- able, forany = 1,...,d. The term3/, represent the variance

dure with a numerical simulation. In Sectidiy we apply explained by the interaction among the variables in the group

the non-parametric method to the UniCredit Bank operational The (closed) Sobol’ effects (Sob&b93 of the groupu

loss data considered in Hambucketsl. (2018) and Beet are defined as Var(E[YX,]) and they are equal tp_,, V.

al. (2019,2021). Such values quantify the contribution of the variables in the
groupu to the overall variance of. However, the variance
decomposition in equation (2) does not hold anymore when
variables are dependent due to covariance terms (Owen and

2. Variableimportance using Shapley effects Prieur2017). Nonetheless, Owen (2014) considers as value
function the Sobol’ effects, i.e.

The Shapley effects constitute an important sensitivity mea-

sure based on the Shapley valu_e (Shapiess). The_ Shapley val(u) = VarE[Y | X,]). ©

value stems from the cooperative game theory literature as a

solutionto the problem of allocating the total payoff ofagam$he Shapley values computed with this value function are

to each player in a coalition, according to their contribution. .
Formsllyyconsider a set of playeB?: (1,2 d} and called Shapley effects (Song al. 2016, and enjoy these
! DA appealing properties:

let u € D be any possible subcoalition. Let val® 2> R be

Efficiency: The sum of Shapley values of all play-
ers equates to the total value of the gaﬁézl o =

i<j

the value function of the game. It must satisfy the condition j) ¢ > 0 for all j=1,2,...,d. This holds because
val(¥) = 0, meaning that no value is generated when thereare ~ yaju U {j}) — val(u) is positive as the variance
no players. The Shapley value of tftle player is expressed as explained increases when a new covariate is consid-

(d — ul — D)l ) ered for aIIL(J]| cD. _ _
¢ = Z — " (val(uu {j}) — valuy), (1) (i) The sumzj=1 ¢; equals to the variance of This fol-
ucD\ (i) d! lows from the efficiency property, meaning that we
allocate the variance of the model output.
where |u| denotes the cardinality of the set We observe (i) They remain well-defined under any type of depen-
that the Shapley value is based on the marginal increase  dency among the variables (unlike Sobol’ effects).
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Hence, the covariate with highest Shapley effect explai 1,2 2.3 F(21, 22, 23)
the highest fraction of the variance and is deemed as the ir = ersp(Fupa(alza)s Faja(zala); 22)
important. Conversely, a covariate with null Shapley effe 1.3:2 on(F s
can be considered as non-influential. From a mathemati QD3 exs(Fa(z2), Filas))
perspective, using Shapley effects bypasses the problen .~ e2(Fi(er), Fafz2))
having to generalize equation (2) to the case of depend pm,cf; — C1300. fs(28)Fa(22) fa(21)

variables, as observed in Owen and Pri@@1(7).
In general, the estimation of the Shapley values is compufdgure 1. A possible copula representation for a 3-variate pdf
tionally burdensome for datasets with even moderate numisggado and Naglep022). The termcag;> denotes the conditional
of covariates, since the number of value functions to be es%lqpma density between variabBgandZs givenZ;.
mated in equation (1) is®2To compute the 2value functions
defined in equation (3) to obtain the Shapley effects, we
consider the approach proposed in Masel. (2019). This the notation of the tree structure, den@¥ Xy, ..., Xq) :=
method is based on sets of observations sharing similar valés Z2, - - ., Za+1). We provide an illustration of a factoriza-
for any sub-group, called cohorts. Maset al. (2019) show tion of a 3-variate density in figuré. Figurel displays two
that the sample means of these cohorts are an estimate ofttg@s, which indicate how to split the joint density into con-
conditional means appearing in equation (3). This empiricditional and marginal terms. Intuitively, the latters correspond
estimation strategy allows them to estimate the variance cdf-the nodes of the upper tree, while the former terms repre-
tributions directly from a dataset without the need to estima$€nting the pair copula densities correspond to the nodes and
g. However, the estimates of the conditional variances becoithée edges of the lower graph. The intuition provided in figure
less accurate when considering only extreme observatiohds formalized below for the general case, with the use of a
Hence, in the next section, we propose a data augmentatiggular vine tree structure (Bedford and Cook&002). This
strategy with which we can simulate new observations thgffucture comprises interconnected trees, where the edges of
have a similar dependency structure to that of the observeie tree transition into the nodes of the subsequent one. This
extreme loss data. graphical representation aids in visualizing and understanding
the complex interdependencies among multiple variables.
When the dimension of the copula is greater than 5, the sub-
graphs are no longer constrained to paths or stars, leading to
3. Data augmentation with vine copulas a significant increase in the number of potential decomposi-
tions.
Copulas are fundamental tools for modeling the dependencerhe set of graph®’ = (Ty,...,Tg) is a regular vine tree
structure between variables in statistical models. More specifequence od + 1 elements if:
cally, a copula is a multivariate distribution function with stan- ] ]
dard uniform margins. Thanks to the Theorem of Sklar, any () Tiisatreewith node sé = {1,...,d + 1}and edge
multivariate joint distribution function can be decomposed __ SetEr
into its marginal distribution functions and a copula, which (i) For k= 2,Tg
captures the dependence structure regardless of the marginals, ©99€ S€Ex. ,
Precisely, let us denote wif the (d + 1)-dimensional cop- (i) For k=2,...,d and {a,b} € E it must hold that

ula associated to the multivariate continuous distribution |an bl = 1.Itstates that an edge between nodes in tree
F(Y,X1, %2, . . .,Xs). Then the density correspondingFds T is only possible, if the corresponding edgesin,
share a common node.

is a tree with node sd¥, = E,_; and

FOy X, %a) The following symbols are needed to represent the rela-
= c(Fy(y),F1(x2), ..., Fa(xa))fy (W1 (xp) - - - fg (Xa), tion between the regular tree structure and the factorization of
the target multivariate density function. For any edge E,

wherec is the copula density. Hence, a flexible method idefine the set
needed to express, capturing the dependence among the
operational losses and the explanatory variables. Ac:={keN;|3e € Ey,..., &1 € E,_1 such that

Vine copulas have emerged as a popular choice due to
their ability to capture complex dependence patterns that may
not be adequately captured by other copula models (Czado ) )
and Nagler2022). These models consist into breaking dowr] "€ SetAe is called the complete union of the edgeThe
the joint distribution into simpler conditional relationshipsconditioning seDe of an edgee = {a, b} is defined byDe :=
which are more manageable and interpretable. Vine copufds” A» and the conditioned sefs andCep are given by
consist of a sequence of bivariate copulas arranged in a tree-
like structure. Formally, adopting the notation in Czado andCea := Aa\De, Cep :=Ap\De and Ce:=CeaU Cep.
Nagler 022, we recall that a tree is a connected acyclic
graphT = (N, E) with node selN and edge seE. We want We often abbreviate each edge= (Cea, Cep; De) in the vine
to factorize the joint distribution of the vectoy, Xi,...,Xq) tree sequence = (e, &,; De). The construction of the reg-
of dimensiond + 1, corresponding to the operational lossilar vine copula follows by specifying the tripléf, V, B)
Y together with the risk factors(y,...,Xq. To simplify with:

keee...ce_1c¢
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S NE

Tree 1 Tree 2 Tree 3 Tree 4 Tree 5

R-vine: fi1,....6 =c12 €13 C14 C16 C56 C15;6 C36;1 C34;1 C24;1 C23;14 C46;13 C35;16

C45;136 €26;134 024;1346f1f2f3f4f5f6

=

Tree 1 Tree 2 Tree 3 Tree 4 Tree 5

C-vine: fl ..... 6 =C12 C13 C14 C15 C16 C24;1 C34;1 C45;1 C46;1 C26;14 C36;14 C56;14

C23;146 €25;146 035;1246f1f2f3f4f5f6

Figure 2. Tree sequences corresponding to an R-vine copula (upper part) and a C-vine copula (lower part), relative to two different factor-
izations (given below each graph) of a six-dimensional pdf (Czado and N2@@®@). For readability, pdfs and pair copulas are written in a
compact way. The labels of the trees indicate their position in the seqlience

(1) Marginal distributionsF = (Fq,...,Fq11) iS a vec- vector 0 := (012,023,013, the factorization of the three-
tor of continuous marginal distribution functions of thedimensional pdf is
random variableZ;, Z,, ..., Zy,1.

(2) Regular vine tree sequenc® is an R-vine tree f(Z1.2.720) = Ci132(F1j2(21|22), F312(Z31 22); 22, 0132)

sequence od + 1 elements. - C23(F2(22), F3(23); 023) - C12(F1(z0), Fa(22);
(3) Bivariate copulas: The seB3B ={C.|ecE; ¢ = 0 ¢ ¢ ¢
1,...,d}, whereCe is a bivariate copula with density. 12) - 13(2)12(2)11(22).
HereE, is the edge set of tre®, in the R-vine tree b,y meter estimation involves fitting vine copula models to

4 sRec?ute_nce;.t R-vine d th observed data using maximum likelihood estimation. Model
(4) b'e ation ewelzen. f-vme Lee ée%ufnlce and e_sets ection aims at choosing the appropriate vine structure
variate copulas: for eache &, £ =1,....d, €= jn4 copula families based on the AIC (see Cza6a9 for

E.a’ b}l’ g:e(t b) Its the copula;ssomgtedszth the COndI|"nore details). To augment the extreme loss sample with vine
ional distribution ofZe,, andZc,, givenZp,. copulas, we perform the following steps:

Sep 1 Isolate the dependence structure by transforming the
marginal distributions into the Unifor@@, 1) distri-

In the literature, a regular vine copula is referred to as an bution through the rank transformation (McNetl
R-vine (Czado and Nagl€022. When all the trees are stars, al. 2015)
the vine copula is known as a canonical vine or C-vine. Aistep 2 Estimate the vine copula tree structure by maxi-
illustration of the difference between an R-vine and a C-vine mum likelihood and select it based on the AIC with
in terms of tree structure is provided in figuPe for a six- the R function RVi neSt r uct ur eSel ect in the

dimensional case. This figure shows the connection between packagevi neCopul a
a sequence of trees and the corresponding factorization of tBep 3 Simulate new observation from the selected vine

multivariate pdf. copula
For the selection of the copula, it is convenient to work3ep 4 Apply to the new data the empirical inverse cumu-
with families of parametric copulas. Considering again the lative distribution functions to recover the original

three-dimensional example in figute calling the parameter scales of the marginals.
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Table 1. Mean Squared Errors of the estimated Shapley effects for the linear model, considering different
correlation coefficients among the variables, both with and without data augmentation (DA).

p=0 p=0.5 p=0.8
n No DA With DA No DA With DA No DA With DA
50 0.0128 0.00318 0.0104 0.00301 0.00767 0.00363
250 0.00370 0.00163 0.00350 0.00210 0.00304 0.00208
500 0.00275 0.00158 0.00259 0.00168 0.00211 0.00184

Note: Each row corresponds to a different original sample size. With data augmentation, we simulated 2000
new values, and the procedure was repeated 20 times.

Table 2. Abbreviations, descriptions and tail sample sizes of eveéhe true values of the normalized Shapley effects in this case

types. are (looss and Prie@019)
Tail
Event type Description observations 2.2
typ p o1 — B2o?
IFRAUD Internal frauds 64 Ut%t '
EFRAUD External frauds, related to payments 320 2 o 1(p2. 2 2
and others by = P303 + PaPso20s + 5 (B303 — B303)
EPWS Employment practices and 115 o '
workplace safety > 5 1702 2 s 5
CPBP Clients, products and business 807 _ B303 + PaP3oros + 5 (Bé0Z — B3o3)
practices, related to derivatives, ¢3 = o2 :
financial instruments and others tot
EDPM Execution, delivery and process 661 ) )
management, related to financial We have repeated this procedure 20 times. The Mean Square
instruments, payments and others Errors are displayed in table. From tablel, we note that

both approaches produce Shapley effects that become closer
to the true ones as the original sample increases, as the error
decreases. However, with data augmentation, we note a reduc-
Lastly, we note that there is a parametric alternative ¥y in error across all cases. Concerning the computational

Steps 1 and 4, if the analyst fits parametric distributions to thghe producing tablel required approximately 9 min on a
marginals. However, we do not adopt this procedure becauggndard laptop with 8GB of RAM.

it is less flexible and might introduce model error for the fitted
marginals.

5. Application

4. Numerical smulation We have considered the data from the UniCredit operational
risk department, analyzed in Hambucketsal. (2018) and

In this section, we apply the methodology previousiBeeet al. (2019,2021). Losses are classified into five risk
described to an analytical test case (see looss agdtegories, described in tatite

Prieur2019). We sample = 50, 250, 500 observations from |n this work, we consider extreme operational losses as
the modelY = 2X, + X; 4 0.3%, whereX; ~ N(0,4),X; ~  those that are above the 95-th percentile of the respective loss
N(0,1),X3 ~ N(0,2.25). The covariance matrix describingype distribution. The corresponding sample sizes are reported

the dependence structure is in the last column of table. There are 20 explanatory
variables for these operational losses, represented in3able
o2 0 0 We select the vine copula type with the lowest AIC. Results
=10 o2 poyos |, are reported in tabld. It is possible to see that the R-vine
0 poyos o copulas are always selected, except for the CPBP event type.

After having estimated the dependence structure, we proceed

h K | 0.05 and 0.8. Th VS with Steps 3 and 4 to obtain 2000 new observations for each
wherep takes values 0, 0.5 and 0.8. Then we apply Steps gj_erational event type. We remark that we could have used

4 to simulate 2000 observations for the computation of tl}j1 : -
. larger sample size& However, the computational complex-
Shapley effects, where the variabdes X, andX; are seen as . g P b D

. ) . S . of the cohort approach of Mas al. (2019) isO(n? - 29)
the. players in equgtlon (1)’.W'th valugfupct|on In equathn (i abitti and Tzouga025). This implies that, for a fixed
divided by the variance. This nor_mal|zat|on aIIow; us to intefmansiond, the sample size remarkably affects the com-
pret the Shapley effects as fractions of the explained varial

te that th its of th vsi S ant). Gi ational time. In our application, with 2000 observations
(note that the results of the analysis remain invariant). Give nd 20 variables, the time required to estimate the Shapley

effects for each loss type is approximately 2 days. Therefore,
0l = BP0l + Bro5 + B50Z + 2230203, analysts should evaluate the available computational budget
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Table 3. Summary of the explanatory variables.

Variable Category Variable Category
Leverage ratio (LR) Firm-specific Monetary aggregate M1 growth rate (M1) Macroeconomic
Tier-I capital ratio (TCR) Firm-specific Consumer loans rate 1 year in Italy (LOR IT) Macroeconomic
% revenue coming from fees (PRF) Firm-specific Consumer loans<ateyear in EU (LOR EU) Macroeconomic
Deposit growth rate (DGR) Firm-specific S&P 500 returns Financial
UniCredit stock returns (SR) Firm-specific TR EU Stock Index returns(TRSI) Financial
Italian unemployment rate (UR IT) Macroeconomic FTSE MIB index returns (MIB) Financial
EU unemployment rate (UR EU) Macroeconomic VIX Financial
Italian GDP growth rate (GDP IT) Macroeconomic VFTSE Financial
EU GDP growth rate (GDP EU) Macroeconomic 3-month Italian interbank rate (STratelag) Financial
EU housing price growth rate (HPI) Macroeconomic 10-year Italian government bond yield (Ltratelag) Financial
[ ] [ ]
3e+07 1 3e+07 -
A 2e+07 1 L A 2e+07 1 L
2 2
< <
14 o
w w
1e+07 1 1e+07 1
[ ] (]
Y PY [ ] § .. ®
° . .
° ' 5 ° °
0e+00 - :ss L] &M. “ oo 09 %0 0e+00 - s "M“'o
8 9 10 11 12 -3 -2 ~1 0 1
EU unemployment rate EU GDP growth rate
° ®
3e+07 1 3e+07 1
[ J @®
S 2e+07 S 2e+07
o o
[a) o
L o o ° ol L s ° ]
1e+07 - ~ 1e+07 - : -
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o® ® e, ° ° ° 9 e - ° ]
° o & h I
0e+00 4 80« sels ‘.‘ () ) .@' 0e+00 - Oa ) !! ® é ] ’
02 -01 00 01 02 0.06 0.08 0.10
FTSE MIB index returns Tier-I capital ratio

Figure 3. Scatterplots comparing real and simulated data for the dependence between two event types and some covariates. The black dot:
represent the real data, while the red dots represent the simulated data generated using the selected vine copula. In each panel, the number
simulated observations matches the number of original observations for visualization purposes.

and time constraints relative to the specific application underWe can compare the findings provided by figuravith
investigation. those of Hambuckerst al. (2018), who perform a Pareto
To demonstrate the adequacy of the simulated data coragression on the same dataset and select variables according
pared to the real data, we have plotted an illustrative examptetheir statistical significance ( i.e. smailvalues). Over-
in Figure3. all, our study identifies GDP, prflag, and the S&P 500 index
We have then applied the approach of Masal. (2019) as general drivers of financial losses, with significant indi-
to compute the Shapley values. The computational time wagigual variability for specific loss types. This is consistent
heavily influenced by the number of variables, due to theith Abdymomunovet al. (2020), who provide evidence
well-known exponential cost of the Shapley values. Witthat macroeconomic variables are important drivers of oper-
the chosen sample dimension, the computational time watsonal risks. Contrary to the findings of Hambuckeits
approximately 30 h for each loss type. For this reason, veé (2018), we discovered that the VIX financial index is gen-
have not selected a larger sample. Figdrdlustrates the erally not a significant driver of operational losses. Beyond
obtained Shapley effects. the three general drivers (GDP, prflag, and S&P 500), there
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Figure 4. Barplots representing the normalized Shapley effects of each covariate for every operational loss.

is considerable individual variability in what influences spesf macroeconomic stability and firm performance on deriva-
cific types of losses. Concerning the CPBP losses, they #éike and financial product losses. Regarding the EDPM and
driven by macroeconomic (GDP, M1 growth rate), finan€PBP losses, Hambuckessal. (2018) consider them to be
cial (S&P 500), and firm-specific factors (prflag), consistentlgimilar, also influenced by the same drivers. However, we find
with Hambuckerset al. (2018). This underscores the impacthat the loan rate (Ltrate) is particularly important for EDPM.
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Table 4. Comparison of AIC values for different Elie-Dit-Cosaque2019), which, however, is an approxima-
event types. tion of the true values and does not apply in our case, where
Event Type AIC R-vine AIC C-vine we employed the exact repre.sentation.. Having an gsymptotic
error bound could also help in determining the optimal aug-
IFRAUD —2552.84 —2251.31 mented sample size to achieve a desired accuracy, without
EFRAUD —13086.57 —12687.28 over-increasing the computational time. On this line, there
EPWS —4686.59 —4500.38 lts that link th to th del’ I it
CPBP 34799 15 _34812.06 are no results that link the error to the model’s nonlinearity
EDPM _ 28964.51 _27954.43 or to the distribution of the variables, an aspect that remains

unexplored. Second, another area for future research is the
exploration of the behavior of Shapley effects in the presence
of highly dependent variables, as often encountered in finan-

Unlike CPBP and EDPM. EFRAUD shows different patterngial and econometric datasets. In such a case, one possible
of importance. While GDP and deposit growth rate are impoqlpproach could be to divide the variables into three groups—
tant as in Hambuckerst al. (2018), the lagged loan ratefinancial, macroeconomic, and firm-specific—and Principal
(LOREUIag) emerges as the most critical variable in our anaromponent Ana!ySIS (PCA) can be applied separately to each
ysis. Additionally, Ltrate is important. Taken together, thes@OUP. as done in Packham (2Qader the terntlustered

covariates suggest that as borrowing costs increase, finanbiaf -, 1he Shapley effects can then be used on the resulting
pressures on individuals rise, leading to a higher incidenRENCiPal components to assess the relative importance of the

of external fraud. Coming to EPWS, our results are alignddrée groups.

with those in Hambuckeret al. (2018) on the impact of the . Finally, as mentioned above, we remark that our approgch
housing price index (HPI), but also find leverage (Ieveragela?’)nOt only usc_af_u! for Shapley effects but can also be applied
and log returns of UniCredit's value (logreturns) importan 0 qther sensitivity measures _When few extreme values are
These variables reflect a bank’s investment policy and mari@@ilable, such as tail-distribution methods.

perception, which influence employment litigation outcomes.

Moreover, GDP is not a significant driver unlike other loss

categories, differing from Copet al. (2012). Concerning
internal frauds (IFRAUD), our findings show GDP (both E
and IT), S&P 500, M1, and HPI as important. This sugges
that worsening economic and financial conditions increase t
losses due to internal fraud. We remark that these findings
contrast with those of Paredes and Vegé24), who find the

GDP not significant for the internal fraud losses. We do n
observe deposit growth as an important variable, which diff
from the findings of Povetdt al. (2007).
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