CENTRAL EUROPEREVIEW
OF ECONOMICS AND MANAGEMENT

CENTRAL EUROPEAN REVIEW
OF ECONOMICS AND MANAGEMENT

ISSN25439472, elSSN25440365 -
www.ceremreview.eu

Vol 1, No. 4, 13-34, December2017 www.ojs.wsb.wroclaw.pl

Pricing inputs and outputs in dmking: an
application to CEEcountries

Maryam HASANNASAB

University of Auckland Business SchoolNew Zealand Kharazmi University,
Iran

Dimitris MARGARITIS

University of Auckland Business School, New Zealand

Abstract:

Aim: A problem in efficiency and productivity studies in banking is that some of the input and ¢
prices used in the estimation of cost, revenue and profit functions are proxies of questionable
with obvious impact on the reliability of performze measures. We address this issue focussing o
banking systems of Central and Eastern Europe where arguable this problem may even be mor

Design / Research methodsiVe employ parametric forms of directional distance functions to ot
shadowprices of bank inputs and outputs, and compare them with price proxies typically emplc
empirical studies. The key idea here is to exploit cost, revenue and profit maximisation
optimisation criteria to derive pricing rules, which allow usita fshadow prices for both inputs ar
outputs. We show how knowledge of one input price can be used to price outputs and how kn¢
of one output price can be used to price inputs along with information on input and output qué
We also use totalost to shadow price inputs and total revenue to shadow price outputs.

Conclusions / findings:We find differences between shadow prices and actual prices suggestir
input and/or output mix may not be consistent with cost minimisation or revenueprafit
maximisation. We also find that bank efficiency is highest on average in Estonia, which also bo.
highest bank capitalisation rate in the CEE region.

Originality / value of the article: The study departs from the traditional literature oiciefficy and
productivity by focussing on pricing and their implications thereof for kguiput mix.

Implications of the research Prices for problem loans are not observable, hence our app
provides an avenue for computing shadow prices for baditsuitp banking. This is important since
gives us an indication of the loss of good output needed to lower the bad output by one unit.
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1. Introdu ction

A well-known problem in efficiency and productivity studies in banking is that
some of the input and output prices used in the estimation of cost, revenue and profit
functions are proxies of questionable quality. The implications of this problem can
be wide ranging, not only influencing directly bank performance measures, but may
also be affecting, among others, measures of returns to scale, as well as merger and
acquisitions decisions, credit risk assessments, and the measurement of financial
servies with direct links to deposits and loans or other financial products in the
national accounts. Arguably, the problem is even more acute in the case of banking
systems in developing countries. Our focus are the banking systems of Central and
Eastern Europ (CEE)! We employ parametric forms of directional distance
functions to obtain shadow prices of bank inputs and outputs, and contrast them with
price proxies typically employed in empirical studies. We pay particular attention to
the modelling of both gmd and bad outputs recognising the importance of credit risk
for banks.

We exploit cost minimisation and revenue maximisation as the optimisation
criteria to derive direct pricing rules, which allow us to find shadow prices for both
inputs and outputs. Wshow how knowledge of bank cost can be used to price
inputs and knowledge of bank revenue can be used to price outputs along with
information on input and output quantities. We also obtain indirect or crossover
pricing rules exploiting profit maximisatioas the optimisation criterion, which
allows us to find shadow prices for both inputs and outputs simultaneously. We
show how knowledge of one input price can be used to price outputs and how
knowledge of one output price can be used to price inputs alitngnformation on
input and output quantities. We parameterise the directional input distance function
using a quadratic functional form. We then proceed to obtain shadow prices for
inputs utilising an input directional distance function, shadow prioesofitputs

1 Studies with a focus on CEE banking efficiency and productivity include Fries and Taci (2005),
KoutsomanoliFilippaki et al. (2009a, b), Yildirim and Philippatos (2007).
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using an output directional distance, and price inputs and outputs simultaneously
utilising a directional distance function with both input and output orientation.

We study seven CEE banking systems, Czech Republic, Estonia, Hungary,
Latvia, Lithuania, Poland and Slovakia. Our focus is the post financial and sovereign
crisis period, specifically the foyrear period 201-2016. While different in many
respects, the banking systems of the CEE countries are characterised by high market
concentratia, ranging from well in excess of 70 percent in Estonia and Latvia to a
low of around 45% in Poland, and high foreign (mainly Western European)
ownership, in particular in the Czech Republic, Estonia, Lithuania and Slovakia.
Both high rates of concentratioand foreign ownership are the result of market
deregulation and economic reform in conjunction with the countries accession to the
European Union. The CEE countries and their banking systems attained high growth
rates driven by large foreign capital mfis in the period prior to the financial crisis.
While not directly involved in the menace of toxic assets, the crises did have adverse
effects albeit at varying degrees on CEE bank portfolios with large declines in
profitability driven by the very high leel of impairment costs (Deloitte, 2012). The
Czech, Polish and Slovak banking sectors managed to get through the crisis much
more easily than those of the Baltic States and Hungary did.

However, one concern was that many of these countries, especaltiirde
Baltic States expanded far too much in the immediate period preceding the global
financial crisis, and hence became very vulnerable to major external shocks
recognising that much of the expansion was triggered by foreign capital inflows.
The upshoftof this was that total bank assets fell quite rapidly in the three Baltic
States between 2007 and 2012, with Estonia recording the largest drop in banking
assets (in excess of 40 percent) during this period according to figures compiled by
Eurostat. In cotrast, the Czech Republic and especially Poland recorded large
increases in total banking assets during the same period. Banking assets as a
percentage of GDP fell by almost half in the case of Estonia, from over 220 percent
to about 120 percent, and byoat one quarter, from about 100 percent to 70 percent
in Lithuania and from about 160 percent to just over 120 percent in Latvia. The
Czech Republic recorded a modest increase, with total banking assets rising from
about 105 percent of GDP to 115 percertiile in Poland they increased from about
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70 percent to 85 percent of GDP. Clearly, Estonia was way overleveraged in the
years before the crisis, and the substantial drop in leverage indicates a much needed
rationalisation of its banking sector, bringiBgtonia and to a lesser extent Latvia
more in sync with the other CEE countries.

A second concern was that the development of the banking sectors of the CEE
countries following accession to the European Union was driven by asset expansion
with very little evidence of relative prices for inputs and outputs adjusting to reflect
the opportunities for rationalisation made available through financial market
deregulation and more widely through the overall economic reform programme.
This is important, especialip view of major developments in the post crisis period
associated with stricter regulatory requirements.

The paper is organised as follows. Section 2 describes the methodology used to
compute the efficiency measures and shadow prices for inputs andso@ection
3 describes the data and presents the empirical results. Section 4 concludes the

paper.

2. Methodology

2.1. Parametric method

The parametric method uses a functional form to model empirically the
associated distance function, from which thleadow prices of outputs can be
calculated. Once the functional form is determined, we use linear programming to
estimate the parameters of the model. Aigner and Chu (1968) proposed a
deterministic linear programming model for calculating the parametertheof
distance function. This model has been widely employed in shadow price
estimation. Its objective is to seek a set of parameters that minimises the sum of
deviations of the distance function value from the frontier of production technology
subject to e underlying technology constraints. The constraint conditions cover the
feasibility, monotonicity, disposability, translation properties of the distance
function. While desirable inputs and outputs satisfy strong disposability, we assume
that undesirabl®utputs (norperforming loans) and desirable outputs satisfy only
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joint weak disposability. In addition, we require that the functional form should be
flexible, i.e. allow for interaction and second order terms to provide a complete
characterisation of thnology. Bre and Sung (1986) show that within the class of
generalised quadratic functions, the quadratic function is the best choice for the
directional distance function, in the sense that provides a second order
approximation to the true but unknowrroguction relation, with parameters
restrictions to satisfy the translation property.

We assume that we observe inputs, good and bad output data,

(x,v,b) E ]E‘E"" " ]E‘;’ X ]E’; and in addition, we assume that both input and output
direction vectors g* = (g7, ...g35).9° = (g} .. 03 ).8° = (g7, .0} )
have ber chosen. We estimate the directional technology distance function
D, ((x v, b; g%, g%,9") using a quadratic functional form. We recall that the direct
representation of directional technol og

Dr(x,y,b; g%, 9%, 9%) = max {B: (x—Bg*,y + Bg®.b—fg") € T}
Note that this function satisfies thepresentation and translation properties, i.e,
T = {(x,y,b): Dr(xy,b; 9%, 9%, g") = 0},
Dr(x —ag®,y + ag”.b —Bg”; 9.7, 9")

= Er[x,}r,b;g‘r,g}',gb] —a, aelR

To translate the shadow pricing formulas into empirical results we need to
parameterize the distance function. We choose the quadratic functional form
expressed by:

N I
DI-[:I,}F, biﬂx:ﬂyrgb] =ay+ Z @, X, T Z Jem m T Z }':J'b_:l'

:lzl

+ Z Z a?!i'!xi'! i'!+ Z Z ﬁ?ﬂ?ﬂ -uri'ﬂ m” + ZZ }':;I_;I

n=ln"=1 m= 1m— j=17=1
J"ll J"’I
+ E E 6::::1 n¥m + E E v:lz_;lx b + E E H:l:n_;l m _;|
n=1m=1 n=1 ;=1 m=1j;=1
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S.t.
Ay = Eprp M F 1; ﬁmm' = Jﬁm'm’m #+m’; Yii = }fi'"}"-jl +J
We estimate the quadratic directional distance function using linear
programming methods following Aigner and Chu (1968) by solving the following

linear programming problem:

n
min Z D, (x*,v*,b*; g%, g%, g%)
k=1
5.t

(1) E (x®,vF, bk,g"‘,g}' g?) =0, k=1,.., K, (feasibility)
(2) 8, Dr(x k.b*; g* g}g)ﬂiﬂk—l LK,
m=1,..,M, (monotonicity)

(3) 8, Dr(x*,y*,b*; 0%, 0", g") 20,k =1,..,K,
n=1,..,N, (monotonicity)

(4) 8, D;(x*,v*,b*; 0%, 6%, 6") = 0,k =1, ..., K,
4

ji= 1 s (mﬂnotﬂnicit}r)

(5) _Z a,g, + Z ﬁ'mgm Z}f,-gj-’ =—-1, (translation),

n=1 m=1 i=1
Z 6:::'119':'1 + Z .Emm gm - Hm_;u'g_? =0, m=1,..,M,
n= J. -:1
Z i'!_;lg:l: +Z Hm_;.gm Z}’”gb =0, ji=1,...]
n= J. m= J.

Z ngn + Z 6szgm Z Jz_;lgb =0, n=1,...N,

n'= =
(6) T = Ty 1 '-'_'L' ; ﬁmm = Jﬁm’mrm *=m’; Viim = }'E."_;.'r_.il
# j . (Symmetry)
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Noting that
aD_ (x,v. b
a Dr(x ’1._:' bk] M
6
I
=y, + Z 2 ;-z Z 6::m}r;-;':1 +Z Vinj Uy bk
n'=1 = i=
D (x,y, b)
oD ) = 5
7
= ng + Z ﬁmm Fm’ Z 5?z?nx:: +Zﬁt?ﬂ}'b}k’
m'=1 n=1 j=1
0D (x, v, b)
abjﬂr[xkr}’krbk] = T
+Z Vis bk +Z Vij®n + Z i ¥, m

n=1 m=1
We use the same functlonal form for all banks, largd amall and across

different CEE banking systems, recognising that all banks face fundamentally the
same production technology for traditional core banking activities (i.e., taking
deposits and making loans). Although the largest banks may rely a lotamore
securities trading and effalancesheet activities, it is not a priori clear whether this
will impact significantly on the empirical results recognising that the CEE region is
dominated by banks with largely a traditional foéus.

2.2. Pricing modelsand shadow prices

We follow the approach of¥Fr e et  adbtain gsh&dOwlprides usirg the
estimated distance functions via the Lagrangian method. We use different pricing
rules based on different, in terms of their orientation, directional disfancéons
associated with different optimisation criteria. The pricing rule based on an input
directional distance function is associated with cost minimisation as the behavioural

2 Spierdijka et al(2017) present a similar argument for the US bank market, characterised by a small
number of very large banks and a very large number of smaller banks.
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criterion and requires either total cost or one of the input prices todeeveld. The
pricing rule based on an output directional distance function is associated with
revenue maximisation as the behavioural criterion and requires either total revenue
or one of the output prices to be known. The pricing rule based on a directiona
distance function with both input and output orientation is associated with profit
maximisation and requires one of the input or output prices to be known. When we
require one of the prices to be known, we rely on what we perceive to be the most
reliableinput or output price proxy to calculate shadow prices for the other inputs
and outputs. For robustness purposes, we experiment with alternative choices of the
6knowné price. We then compare the shad
also interesd in pricing bad outputs (negperforming loans and leases), we obtain
shadow prices of the bad output and compare it with the actual and shadow price of
the corresponding good output (loans and leases).

We first show how to calculate shadow prices foruispand outputs using a
directional distance function. We rely on profit maximisation as the optimisation
criterion, which allows us to construct shadow prices for both inputs and outputs
simultaneously. Second, we construct input prices using an inpatidiral distance
function. Third, we exploit revenue maximisation as the optimisation criterion to
construct shadow prices for outputs, both desirable and undesirable. To do this we
use the output directional distance function.

In an environment of lownierest rates coupled with important regulatory
changes, we would expect that bank revenues from ineeesing activities be
under pressure thereby directly affecting bank profitability (see Spierdijka et al.,
2017). Under these conditions, cost managgnby banks in terms of their ability to
use inputs more efficiently, not only in a technical efficiency sense but also in terms
of their ability to respond efficiently to changing relative prices is important. To this
end, we set out to calculate shadawput and output prices representing the
opportunity cost of choosing the observed input or output quantity (i.e. the
opportunity cost of money to the bank from the perspective of the next best
alternative use). We compare these prices with the actualvedsgroxy) prices of
inputs and outputs. In particular, we focus on prices for deposits, loans, other
earnings assets and loan loss provisions. Since smaller banks may have lesser ability
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to diversify their activities, we would like to see if there aififfedences between
large and small banks. We also assess performance in relation to a host of indicators
related to funding structure, liquidity and asset structure.

We set up the profit maximisation Lagrangian problem as follows

max py — wx —rb — u D7 (x,y,b; 9%, 9%, g")
wherep, w, T are the prices for desirable outputs inputs § ), and undesirable
outputs §), respectively, angt is the Lagrangian multiplier (e.g. a measure of how
much profit would increase if the optimig i on constraint was
order conditions associated with the La
follows:
p — uV,Dy(x, v, b; g%, g%, g°) = 0,
—w — uV, D (x,y,b; g%, 97, g%) = 0
—r — P, Dy (x,y,b; g%, g7, 9%) = 0
If one output price, sag, is known then we have
o= _ Py

d,, Dr(x, v, b; g%, 9%, g%)

which as shown by &r et al. (2017) yields the estation of all other prices,
Wir s Wiy B2y oees P @SE
(Wy, s wiy)

By

= - = 5X_Er(x;}’;b:gx£}'y:ﬂb]: ---ra_r1Er(xr}rrb:gxrgyrgb] 1
a.‘r"_ Dr[«"‘-’;}h b:g}-ng)( - : )

(Ju:r JPM')
Py

a}'-_ 'Dl"(xr ¥ b: g)-r gb)

(a}'zﬂl"(xr v.b; g%g”, gb)r sy a}MDI‘(xr}Fr b; gxg}-rgb))i

(rys orry)
_ Dy

- -3 ~ ab.ﬁl"(xr}rr b:gxg}-rgbjr-“rab E]‘(xr:!"’rr b:gxg}-.!gb) 1
a}'-_DI'(xr}rrb:g}rgb)( - I )
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Similarly, if one of the input prices, s&,. is known then
Wy

p=——=
d,,Dr(x,y.b; g% g7, g")

which yields the estimation of all other prices, .... W, P, ..., P, as:
(W1, ooy W)

wy - ) - )
== — (0., D7, b; 657, 8°), .., 0, Dy (%3, b g° 9%, 8°)),
ﬁ_r,_Dr(x,}r,b;g“gJ’,g] -
(Pys wees Pyr)
W, — i — . v
= - (a}.._DI—[::X,}F,b:g‘rg},gb], ...,6}.MDr(x,y,b;g g},gb)),

3, Dr(x.y.b; g g%, g*)

(Girverr)
Wy

=—= 0, Dy (x,v,b; g%g%, g%), . By Er(x,v,b:gxg*‘",gb])
a_r_Dr(:x,}F,b;gxgy,gb)( : - 7 -

From here, by altering the optimisation criterion amavriting the first order
conditions for cost minimization in lieu of profit maximisation, viz.
—w — uV,Dy(x,y,b; g%) = 0,
we can derive the input pricing rule as
(SILDI(:::,}F, b; g*), ..., BIN D, (x,v,b; HI))
a,.D,(x, ¥, b; g%).x

(W s wy) = C

¥

where C is observed total cost. Similarly, applying the first order conditions for
revenue maximisation,
P —uV,Do(x,y,b; g%, g%) = 0 and—r — uV, Dy (x, ¥, b; g%, g") = 0,

we can obtain pricing rules for desirable and undesirable outputs as:

(é‘}.;ﬂg(x,}nb:g:",gb),---,ﬂm D, Ex,}ab:g*"}gb)}
8,Dy(x,y,b; 97, g%).y

(35,D0(x7,5; 6%, 8%), .8, D0 (,v,b; 6%, ) )
0,D(x,y,b; g7, g%).y

¥

(Py, s Py) =R

[rl, ...,rj) =R

wherekR is observed total revenue.
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3. Empirical application

We use data obtained from Orbis Bank Focus over the period 2013 to/2016.
follow the intermediation approach (see Sealey and Lindley, 1977). We assume
banks use a production technology consisting of three inputs, labour measured by
staff costs, capital measured by fixed assets and deposits; two desirable outputs,
loans and dter earning assets, and one undesirable output (loan loss reserves). We
measure the price of deposits as the ratio of interest paid on deposits over total
deposits, the price of loans as interest income on loans over total loans, and the price
of other eaming assets as interest income on other earning assets over other earning
assets.

Table 1 presents the descriptive statistics of the data as well as the efficiency
measures. Poland is the largest banking sector in the REting costs (deposit
prices) @ae on average lowest in the Baltic States while interest rate margins
(difference between loan and deposit prices) are largest in Hungary and Poland.
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Table 1 Descriptive Statistics

Variables CZ EE HU LT LV PL SK
Mean (Std. Dev)

SE 59,918 10,541 101,607 21,785 23,209 127,211 48,851
(92,351) (12,139)  (167,030) (16,773) (19,532) (152,463) (46,304)
Toputs CD 5,569,586 737,368 4,663,658 2,214,214 1,813,112 8,411,963 3,700,694
" (7,972,065)  (1,148,849) (6,479,863) (2,173,354) (1,886,960) (10,693,660) (3,488,906)
'i FA 60,200 3,533 107,099 15,806 25,188 89,099 48,152
g (119,960) (3,109)  (185,962) (20,497) (19,729) (139,359) (55,241)
& L 4,837,779 847,501 3,601,175 1,982,595 1,232,896 8,137,381 3,367,852
é desired outputs (6,184,529) (1,476,762) (4,822,613) (1,962,016) (1,729,883) (10,064,639) (3,368,447)
- OEA 2,597,441 167,928 2,218,984 511,340 736,813 3,081,602 1,260,703
(4,182,332) (233,744)  (2,452,269) (451,863) (759,078) (3,559,381)  (1,254,961)
Undesired output LLR 162,681 16,596 598,424 45,199 50,546 386,009 135,485
(202,480) (20,454)  (939,564) (46,347) (49,888) (458,911)  (120,123)
P(D) 0.0108 0.0076 0.0188 0.0056 0.0049 0.0185 0.0117
(0.0101) (0.0098) (0.0135) (0.0049) (0.0048) (0.0093) (0.0072)
g P(L) 0.0491 0.0348 0.0666 0.0392 0.0546 0.0535 0.0509
= (0.0214) (0.0129) (0.0215) (0.0211) (0.0213) (0.0217) (0.0162)
P(OEA) 0.0226 0.0583 0.0507 0.0202 0.0134 0.0375 0.0269
(0.0177) (0.1775) (0.0273) (0.0102) (0.0094) (0.0217) (0.0085)
DI 0.8400 0.9189 0.6852 0.8539 0.8175 0.7450 0.7434
7 (0.1706) (0.0762) (0.2084) (0.0125) (0.1146) (0.2040) (0.1740)
% DO 0.8623 0.9276 0.6483 0.8902 0.8813 0.7951 0.8183
g (0.1288) ( 0.0393) (0.82249) (0.8902) (0.0742) (0.1701) ( 0.0930)
= DT 0.8981 0.9437 0.7456 0.9046 0.8886 0.8259 0.0.8321
(0.1139) (0.0397) (0.1938) (0.0819) (0.0745) (0.1542) (0.1113)
# Observations 90 24 49 20 57 97 45

Notes: SE is staff expenses, CD is customer deposits measured saritiowof Euros, FA is fixed

assets measured in thousands of Euros, L is loans measured in thousands of Euros, OEA is other
earnings assets measured in thousands of Euros, NPL is reservesferfoomingloans. DI, DO and

DT are the efficiency scores kban input directional distance function, output directional distance
function, and a directional distance function with both input and output orientation, respectively. For
convenience, efficiency scores are reported in the range of zero to one, bingedea distance
function (DDF) values as 1/(1+DDF). Figures in brackets denote standard deviations. CZ=Czech
Republic, EE= Estonia, HU=Hungary, LT=Lithuania, LV=Latvia, PL=Poland and SK= Slovakia.

3.1 Empirical results

We estimate directional distancainttions by setting the values of the
directional vector equal to the data averages. More specifically, we set

g*=x,g"=0g"= for the input directional distance function,

g*=0,g"=v,g"=Db for the output directional distance function,

andg* = %,g” = ¥,g° = b for the drectional distance function with both input
and output orientation. To estimate the constrained optimisation model given by (1)
(6), we first normalise each output and input by its mean value. This has the
convenience of ease of interpretation of the p@ter estimates of the directional
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distance function (see*Fr e et al ., 2001 andsingCdatast a
averages as the direction also has the convenience of estimating the normalised
model with direction values equal to unity. However, whencaleulate shadow
prices, we adjust the gradients to conform to the pricing rules given above.

Table 1 shows efficiency is highest in Estonia where there has been considerable
rationalisation of the banking system, and lowest in Hungary where profitdizk
been under pressure, in part because of goverAm@oased levies albeit mainly
because of the economyods vulnerability
expected, efficiency scores from the directional distance function (DT) are greater
than tlose obtained by the partial orientation models (DI and DO), since DT allows
banks to adjust both inputs and outputs simultaneously.

Figures 14 plot actual prices and shadow prices for all banks during the entire
sample period 2023016. Figure 1 shows thactual price of deposits and the
shadow prices calculated from the input directional distance function (DI) using
information on total cost {EP Deposits) and the directional distance function (DT)
using the crossover pricing rule with information on fivece of loans (DTSP
Deposits). Our estimates show that the opportunity cost rate of deposits is generally
greater than the actual interest rate paid on deposits, and this gap has increased in the
latter part of the sample period. In a simplified sitmtwhere there is infinite
supply of deposits, the shadow price would presumably be zero. Hence, a positive
value is indicative of the intrinsic cost to the bank to ramp deposits up or down
quickly in order to meet liquidity demands or regulatory requirdme

Figure 1. Deposits Prices

Deposits

Notes: SP Deposits (TOE) indicates that the shadow price for deposits is calculated from an input
directional distance function with known total expenses (TOE}SPTDeposits (Loans) indicates that

the shadow price fodeposits is calculated from a directional distance function using a crossover
pricing rule with known price of loans.
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Figure 2 shows the actual and shadow prices of loans calculated from the output
directional distance function (DO) using information otat revenue (€SP Loans)
and the directional distance function (DT) using the crossover pricing rule with
information on the price of deposits (EBP Loans). Our estimates show that the
opportunity cost rate of loans {8€P) is generally similar to the aeal price of loans
while the alternative measure (ESP) indicates a lower opportunity cost.

Figure 2. Loan Prices

Loans

Notes: GSP loans (OP Rev) indicates that the shadow price for loans is calculated from an output
directional distance function with knewoperating revenue (OP Rev); £5P loans (Deposits)
indicates that the shadow price for loans is calculated from a directional distance function using a
crossover pricing rule with known price of deposits.

Figure 3 displays the actual price of other e@sgrassets and its shadow price
calculated from the output directional distance function (DO) using information on
total revenue (66P OEA) and the directional distance function (DT) using the
crossover pricing rule with information on the price of degodXT-SP OEA). Our
estimates show that the opportunity cost rate of other earning asseis QBA) is
generally greater than the actual price but lower when calculated from the
directional distance function. We ascribe these differences to the diffelianites
construction of pricing rules (direct versus crossover) and differences in the
optimisation criteria (revenue versus profit maximisation).
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Figure 3. Other Earning Assets Prices

OEA

Notes: GSP OEA (OP Rev) indicates that the shadow price for o#lagning assets (OEA) is
calculated from an output directional distance function with known operating revenue (OP Rev); DT
SP (Deposits) indicates that the shadow price for OEA is calculated from a directional distance
function using a crossover pricingewith known price of deposits.

Figure 4 shows the actual price of loans and the shadow price of loan loss
reserves calculated from the output directional distance function (DO) using
information on total revenue (SP LLR) and the directional distanaettion (DT)
using the crossover pricing rule with information on the price of depositsS@®T
LLR). Bad output prices are not observable, hence shadow prices provide useful
information in assessing the opportunity cost of reducing the bad output byibne un
Our estimates show that the opportunity cost of loan loss reserv8P (A R) is
generally greater than the actual price of loans; however, it is lower when calculated
from the directional distance function. Since these opportunity costs relate td loss
revenue (gross income) vasvis loss of profit (net income), such differences may
not be entirely surprising.

We turn next to gain more insights on our bank performance measures by
relating them to various indicators of size, liquidity, revenue swbdity, asset and
funding structure as shown in the tables below. Table 2 displays efficiency averages
and price ratio averages across different bank sizes measured by total assets. We
find that smaller banks are more efficient whereas larger bankshardeast
efficient. Concerning price ratios, the most notable patterns arise in relation to the
ratio of the shadow price of LLR to the price of loans, and the ratio of shadow prices
of loans to deposits.
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Figure 4. Loan Loss Reserve Shadow Prices
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Notes: GSP LLR (OP Rev) indicates that the shadow price for loan loss reserves (LLR) is calculated
from an output directional distance function with known operating revenue (OP Rex§POILR
(Deposits) indicates that the shadow price for LLR is caledl&om a diretional distance function
usinga crossover pricing rule with known price of deposits.

Table 2 Efficiency and Relative Prices across different bank sizes

™ cffor clfoi cffoo BE BB pay P SO PoRG Sob
3 0.9450 0.9254 0.9156 0.9922 1.0297 1.0636 1.0430 0.9883 1.0267 0.9981
B | (0.0419) (0.0660) (0.0421) (0.0380) (0.0290) (0.0622) (0.0301) (0.1065)  (0.0616) (0.0270 )
E 0.8664 0.8071 0.8228 0.9913 1.0177 1.0406 1.0356 1.0003 1.0330 1.0061
; (0.0072) (0.1125) (0.1285)  (0.0183) (0.0981) (0.0434) (0.0962) (0.0729)  (0.0351)  (0.0202)
’;D 0.7520 0.6298 0.7254 1.0074 1.0239 1.0240 1.0343 1.0136 1.0140 1.0148
j (U.l(iS(i) (0.1976) (l].?()ll) (U.UITT) (0.0195) (0.0475)  (0.0150) (0.0399) (0.0162) (0.0364)

Notes: TA, L, D, OEA, LLR are total assets, loans, customer deposits, other ezmsagtg and loan
loss reserves, respectively. P and S stands for price and shadow price, e.g. S(L) is the shadow price for
loans.

The loans to deposits ratio (L/D) shows how lending activity is matched to the
expansion of the deposits base. Table 3 shbatsbanks with lower L/D ratios are
more efficient. Again no clear patterns arise in relation to most price ratios aside
from the actual and shadow price ratios of loans to deposits.

28



PRICING INPUTS ANDOUTPUTS INBANKING

Table 3. Efficiency and Relative Prices across loan to deposits rati

LD effpr  effpi effpo % % Sff(i?) % % ng:)A) %
E& 0.9105 0.8536 0.8807 0.9971 1.0186 1.0500 1.0514 1.0274 1.0385 1.0118
S| (0.1003) (0.1526) (0.1108) (0.0320) (0.0205) (0.0630) (0.0247) (0.0250)  (0.0286)  (0.0304)
§ 0.8042 0.7068 0.7653 1.0021 1.0186 1.0287 1.0343 1.0166 1.0164 1.0132
E (0.1493)  (0.1200) (0.1687) (0.0166) (0.0195) (0.0444) (0.0142) (0.0178)  (0.0191)  (0.0218)
;’L 0.8480 0.8004 0.8170 0.9919 1.0343 1.0482 1.0264 0.9585 1.0182 0.9942
S| (01437) (0.1847) (01722) (0.0286) (0.1042)  (0.0500) (0.1002) (0.1214)  (0.0627)  (0.0313)

Notes: L, D, OEA, LLR are loans, customer deposits, other earning assets and loan loss reserves,
respectively. P and S stands for price and shadow price, e.g. S(L) is the shadow price for loans.

Other earning assets to total assets ratio (OEA/TA)igesvinformation on
asset structure, and more generally information on the bank business model, with
higher securities to assets ratios being indicative of business model leaning heavier
towards investment banking activities. We find that banks with |2Dgs%/TA are
more efficient, which may be the result of being more diversified. In terms of price
ratios, we note that larger banks have lower loan to price ratios, both actual and
shadow, which may relate to their ability to generate income frorrradiional
banking activities.

Liquidity is a critical issue for banks and their regulators. Table 5 shows that
more liquids banks are more efficient and have higher loan price to deposits ratios.

Table 4. Efficiency and Relative Prices across other earningassets to total
assets ratio

OBA/TA effor <ffor  “ffvo mp Dl opi BBl S0 PoBD SOED
= 0.8386 0.7824 0.8122 0.9941 1.0235 1.0527 1.0271 0.9711 1.0136 0.9922
; (0.1384) (0.1771 ) (0.1644) (0.0306) (0.1019)  (0.0532) (0.099G) (0.1244) (0.0641) (0.0319)
§ 0.8089 0.7289 0.7698 0.9977 1.0226 1.0255 1.0363 1.0095 1.0213 1.0088
g (0.1585) (0.2032) (0.1787) (0.0157) (0.0205)  (0.0438) (0.0148) (0.0217) (0.0158)  (0.0222 )

0.9147 0.8492 0.8805 0.9979 1.0249 1.0491 1.0495 1.0215 1.0386 1.0180

Large

(0.0923)  (0.1450)  (0.1096) (0.0291) (0.0288)  (0.0596) (0.0249) (0.0349) (0.0269) (0.0274)

Notes: OEA, TA, L, D, LLR are other earning assets, total assets, loans, customer deposits and loan
loss reserves, respectively. P and S stands for price and shadow price, e.g. S(L) is the shadow price for
loans.
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Table 5. Efficiency and Relative Prices across liquid assets to total assets ratio

LA/TA effpr effps effpo % % ng&if) % % P‘(Po(éll) %
= 0.8387 0.7754 0.8010 0.9930 1.0165 1.0383 1.0266 0.9740 1.0126 1.0012
S| (01463) (0.1942) (01711)  (0.0185)  (0.0995) ( 0.0482) (0.0976 ) (0.1181)  (0.0488)  (0.0308)
E 0.8250 0.7436 0.7882 1.0001 1.0311 1.0407 1.0381 1.0084 1.0257 1.0091
; (0.1583)  (0.1989) (0.1787) ( 0.0301) (0.0335)  (0.0578)  (0.0238) (0.0520)  (0.0367) (0.0327)
;:E 0.8987 0.8415 0.8734 0.9980 1.0236 1.0482 1.0478 1.0197 1.0355 1.0087
S| (0.0063)  (0.1368) (0.1086) (0.0312) (0.0247)  (0.0551)  (0.0248) (0.0280)  (0.0368)  (0.0235)

Notes: LA, TA, L, D, OEA, LLR are liquid assets, total assets, loans, customer deposits, other earning
assets and loan loss reserves, respectively. P and S stands for price andpsicadewg. S(L) is the
shadow price for loans.

The cost to income (C/IC) ratio is often used as an indicator for the
profitability of a bank in terms of its ability to generate revenue from its
expenditures. There is no clear pattern emerging from Eabléerms of the
relation between the cost to income ratio and bank efficiency. The
relationship is positive under input orientation albeit negative under output
orientation. The relationship is also negative between the C/IC ratio and the
shadow pricesf loans to deposits.

Table 6. Efficiency and Relative Prices across cost to income ratio

CIC lfpr clfoi <ifso pp mp wdy mB %B Posd Sobd
= 0.8G45 0.7882 0.8282 0.9942 1.0195 1.0371 1.0432 1.0173 1.0258 1.0100
& (0.1237)  (0.1793) (0.1453)  (0.0311) (0.0352)  (0.0545) (0.0277) (0.0628) (0.0339)  (0.0345 )
E 0.8511 0.7699 0.8371 10018 1.0143 1.0416 1.0309 1.0055 1.0226 1.0085
; (0.1388)  (0.1980)  (0.1459) (0.0227) (0.0926) (0.0525) (0.0953) (0.0778)  (0.0236) (0.0277 )
% 0.8472 0.8027 0.7978 0.9949 1.0374 1.0489 1.0395 0.9796 1.0253 1.0006
3 (0.1549) (0.1704) (0.1839) (0.0260) (0.0338) (0.0543) (0.0281) (0.0881) (0.0612) (0.0244 )

Notes: C, IC, L, D, OEA, LLR are total cost, income, loans, customer deposits, other earning assets and
loan loss reserves, respectively. P and S stands for amiteshadow price, e.g. S(L) is the shadow
price for loans.
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Greater reliance on deposits is an indicator of more stable source of funding for
banks. Tabler reveals a tshaped relationship between the deposits to total funds
ratio and bank efficiency.

Table 7. Efficiency and Relative Prices across deposits to total funding ratio

D/TF effor effoi  fio B a2 5;";? s % e
;E 0.8618 0.8212 0.8238 0.9975 1.0342 1.0460 1.0252 0.9559 1.0148 1.0011
'J:: (0.1449) (“. 1 737) (0.1712) (().(]l‘J 1) (0. |(]55} (0.04 18) (U.U!}‘Jg j (0.1 H)T) (0.0605) (U.(]:}Sﬁ )
; 0.8024 0.6919 0.7661 1.0031 1.0216 1.0282 1.0393 1.0190 1.0221 1.0141
E ((]. 1533)  (0.1980 ) (0.1773)  (0.0226 ) U].U'ZU?} ([).(]5 17) (0.0206) ((].[]225) (0.0227) (0.0287)
_;;;: 0.8982 0.8473 0.8727 0.9910 1.0168 1.0520 1.0474 1.0271 1.0360 1.0039
'S. (0.0980) (0.1331)  (0.1037 ) (0.0351)  (0.0209) (0.0583) (0.0263)  (0.0258 ) (0.0312 ) (0.0234)

Notes: TF, D, L, OEA, LLR are total funds, customer deposits, loans, other earning assets and loan loss
reserves, respectively. P and S stands for price and shadow price(L¢.3 the shadow price for
loans.

Tables8 and 9 show that banks at the upper tertile of impaired loans to total
loans and loan loss reserves to interest margin ratios are less efficient than those in
the lower tertile.

Table 8. Efficiency and Relative Prices across Impaired loans to gross loans
ratio

Notes: IML, GL, L, D, OEA, LLR are impaired loans, gross loans, loans, customer deposits, other
earning assets and loan loss reserves, respectively. P and S stands for price and shadow price, e.g. S(L)
is the shadow price for loans.
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