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I. INTRODUCTION

Understanding how bank lending responds to macroeconomic and financial shocks is crucial
for central banks and other macro-prudential policy institutions. Part of the interest in this
topic arises from the recognition that banks’ lending decisions play a central role in the
transmission of monetary policy (Gambacorta and Shin, 2016; Peek and Rosengren, 2015;
and references therein). But its relevance extends to financial stability analysis.

To avoid underestimating capital losses and systemic risk, macroprudential analysis and
stress tests must capture banks’ behavioral responses to capital shocks and account for key
macro-financial feedback loops (Hanson, Kashyap and Stein, 2011).' In addition, once a
systemic crisis materializes, it is important to know how effective bank capital injections are
in restarting credit and economic growth (Laeven and Valencia, 2013a).

This paper addresses empirically the question of whether, and if so to what extent, banks
adjust their lending in response to shocks in their capital positions. To this effect, this study
develops a theoretically founded framework to model bank lending behavior and underpin
the empirical evidence.

This study thus relates to the literature on the bank capital-lending nexus that sprang up in the
early 1990s and continued expanding in the wake of the global financial crisis (Gambacorta
and Shin, 2016; Berrospide and Edge, 2010; Adrian and Shin, 2010; and Gambacorta and
Mistrulli, 2004). This paper also sheds light on the bank lending responses that are central to
theories of adverse macro-financial feedback loops (Fahri and Tirole, 2016; Brunnermeier et
al., 2016; Bocola, 2016; and Brunnermeier and Sannikov, 2016). This literature suggests that
well-capitalized banks, or those with access to new sources of capital, can accommodate
adverse capital shocks without cutting back their assets and loans. In contrast, capital-
constrained banks are more likely to “deleverage.” In either case, bank lending responses to
capital shocks need to be assessed empirically.

In this study, the empirical evidence stems from a unique dataset of granular supervisory data
for the 118 banks comprising the Indonesian banking system during 2001-15.2 Two
distinctive features of this dataset help refine estimates of the bank capital-lending nexus: it
includes bank- and time-specific data for minimum capital requirements and lending interest
rates. Following Gambacorta and Mistrulli (2004), this study defines bank capitalization as

! They characterize the macroprudential approach to financial regulation as “an effort to control the social costs
associated with excessive balance-sheet shrinkage on the part of multiple financial institutions hit with a
common shock.” Stress tests can only serve as a tool to inform macroprudential regulatory decisions if they
properly quantify banks’ lending responses and their subsequent macro-financial feedback effects.

2 So far, the empirical literature on the bank capital-lending nexus has focused (almost) exclusively on advanced
economies. The lack of evidence for emerging economies is significant given the role played by aggregate bank
lending in fueling boom-bust cycles in emerging economies; Schneider and Tornell (2004) provide a theoretical
model motivated by the stylized facts documented in Kaminsky and Reinhart (1999). Also, over the last

50 years, banking crises have been more prevalent and costly in emerging economies than in advanced
economies (Laeven and Valencia, 2013Db).



the amount of capital that a bank holds in excess of its minimum regulatory requirements
(“capital ratio distance” or CARD). In contrast with previous studies, the dataset details the
minimum capital requirements prevailing for each bank over time. These data thus capture
the complexities and shifts in regulatory regimes during the sample period.’ This specificity
overcomes the main drawback of traditional capitalization measures: their inability to
accurately discriminate between banks subject to varying regulatory constraints over time. In
addition, bank- and time-specific lending interest rate data shed light on banks’ market power
and help disentangle demand and supply side determinants of lending.

The main contributions of this paper are as follows. First, it improves the estimation of the
bank capital-lending nexus using a theoretical framework wherein banks operate in a market
characterized by product (loan) differentiation and imperfect (monopolistic) competition. The
departure from a perfectly competitive model is motived by the observed differentiation of
lending interest rates across banks and their variation over time. Bank’s profit maximization
yields a mark-up equation that equates marginal revenue to the marginal cost of lending. This
equation characterizes bank lending decisions and, together with a loan demand equation,
determines market outcomes for loans and lending interest rates. The empirical analysis
focuses on the panel estimation of the mark-up equation and its use to evaluate the dynamic
response of loan growth to capital shocks.

Second, the empirical model differs from those used in previous studies. Bank lending
depends on pre-determined bank-specific fundamentals (capital, liquidity, and non-
performing loan ratios), macroeconomic variables, and the lending interest rate.* The latter is
endogenous due to market power and thus instrumental variable techniques are used. Two
(outside) instruments are employed: Tobin’s Q for nonfinancial corporate borrowers of
individual banks measures “investment opportunities” driving loan demand from firms (as in
Hubbard, 1998; Fazzari, Hubbard, and Petersen, 1988; and references therein); and changes
in housing prices capture wealth effects that influence household consumption and hence
loan demand. Their validity is confirmed by standard statistical tests.

The empirical model separates the determinants of bank lending that affect the long-run
growth path from those that only influence the transitional dynamics around this path. This is

3 Under current regulation, banks are subject to the following minimum capital-to-risk weighted assets
requirements: common equity tier 1 capital (CET1) (4.5 percent), total capital (8 percent). In addition, all banks
must hold capital to cover a capital conservation buffer that is defined in terms of CET1 and being phased in
over time (1.25 percent in 2017), and Pillar II add-ons ranging from 1 to 3 percentage points that are expressed
in terms of total capital. Finally, four categories of domestic systemically important banks will be subject to
capital surcharges (equivalent to 1, 1.5, 2, and 2.5 percent of CET1 capital) starting in 2019. The capital
requirement measure used in this paper incorporates not only the common minimum total capital-to-risk
weighted assets ratio of 8 percent, but also the bank-specific Pillar II add-on determined by the supervisory
authorities within the permissible range of variation.

4 Non-performing loan ratios embed information about future credit losses and profitability which is not fully
and simultaneously reflected in bank capital ratios. Following a sudden spike in the non-performing loan ratio,
provisions are phased in according to a pre-determined schedule and over time gradually impact credit losses
and capital. Also, liquidity is relevant for bank lending behavior because it implies less overall opacity on the
asset side, which increases the capacity of the bank to raise funds.



done using augmented autoregressive distributed lag (ARDL) models, which were proposed
in a panel data context by Pesaran and Smith (1995) and Pesaran (2006) and employed in the
economic growth literature by Bond, Leblebicioglu, and Schiantarelli (2010). Here, several
empirical specifications are explored that progressively relax restrictions on long-run loan
growth.® This paper shows how bank lending responses change across long-run loan growth
specifications.

Third, the empirical model allows for the presence of nonlinear effects of bank capital on
loan growth associated with threshold effects—these arise when the marginal cost of lending
increases at increasing rates as bank capitalization approaches minimum requirements. This
paper provides strong evidence that such effects are important. Impulse responses, reflecting
the mark-up equation and the dynamic evolution of CARD associated with the impact of loan
growth on risk-weighted assets, bear out the hypothesis that bank lending becomes more
sensitive to capital shocks as initial CARD declines. Figure 1 (top) summarizes this
relationship: banks’ lending responses to capital shocks depend on the initial CARD, with
responses of weaker banks far exceeding those of stronger banks.® For instance, after

16 quarters the cumulative lending response of a bank with CARD = —5 percent is about

35 (=1.64/1.21) percent larger than that of a bank with CARD =15 percent. Note that the
strength of the nonlinear effects is captured by the slopes of the curves.’

Beyond these empirical results, however, the evidence points to diminishing marginal effects
whereby incremental additions of bank capital have positive but declining marginal effects
on lending. Thus, the impact of bank recapitalizations on loan growth will depend on the size
of the capital injections as well as on the banking system’s initial capital position.®

Finally, “nonlinearity” implies that heterogeneity in bank capital buffers across banks matters
for the transmission of shocks to aggregate lending. This study finds evidence that bank
capital heterogeneity can be a substantial source of amplification at the aggregate level.
Specifically, aggregate loan growth impulse responses to capital shocks using the historical
data are consistently larger than those from a hypothetical banking system where all banks
have the same CARD . This suggests that a more homogeneous distribution of a given

5 The empirical models in this study contrast with those used in previous studies, where bank-specific
fundamentals affect loan growth and appear in the regressions in levels. Here, the most general empirical model
includes the /evels and changes (first differences) of bank-specific fundamentals, allowing these to affect both
the long-run loan growth path and the transitional dynamics around this path. In these models, long-run loan
growth is time-varying and reflects bank-specific and common (macro) factors. This study also explores the
impact on the lending responses of more restrictive long-run loan growth specifications. Namely, the most
restrictive specifications constrain long-run loan growth to be time-invariant and common across banks, or
explained by unobserved bank characteristics (fixed effects); in these cases, bank-specific fundamentals enter
only in changes (not in levels) and affect only the transitional dynamics.

¢ In nonlinear systems, impulse responses are history-specific, shock-specific, and asymmetric: responses thus
vary depending on the size and sign of the shock (Koop, Pesaran, and Potter, 1996).

7 If the model were linear, the cumulative lending responses would not depend on CARD and would be
horizontal lines in Figure 1.

8 The empirical findings presented in this paper suggest that capital injections targeted at weaker banks would
be more effective in boosting loan growth than those aimed at stronger banks. However, from a broader
perspective of systemic risk, it can be argued that—in the presence of confidence effects and interbank
coordination problems—the stronger, not the weaker banks, should be bolstered (Choi, 2014).



amount of capital across banks increases the resilience of aggregate lending to adverse
capital shocks.

The rest of the paper is organized as follows. Sections II and III describe the theoretical and
empirical models, respectively. Section IV describes the data. Section V presents the
empirical evidence for Indonesia. Section VI concludes.

II. THEORETICAL MODEL

The banking industry is populated by a large number of competitive banks that raise deposits
and offer differentiated credit products. Product differentiation implies that banks exert
pricing power and a monopolistically competitive setting prevails in the loan market. Bank
depositors exert market discipline, and the cost of deposit funding for a bank includes two
components: a market-wide benchmark policy rate and a credit spread that varies with bank-
specific fundamentals and macroeconomic variables.’

The underlying economy exhibits trend-growth, which implies that in the absence of shocks,
the size of the banking system would grow at the same rate as the economy. In what follows,
the model of the banking sector is presented in stationary form; when necessary, we refer to
un-detrended variables, labeling them with the symbol “*”.

Profits

The profits of bank i in period ¢ are givenby 11, =r,-L,, - C(D,,,L,,.r",x,,,z,,) , Where

6270t

rift denotes the bank’s lending rate while L,, and D,, are respectively the amounts of loans

and deposits. The function C(.) represents the bank’s funding and operational costs; 7/ is

the policy rate; x,, , is a vector of time-varying bank-specific fundamentals (CAMEL-type

-1
solvency and liquidity ratios that are measured at the end of period #—1 or equivalently at
beginning of period #); and z, , is a vector of macroeconomic variables. All the variables

(including the policy rate) are expressed in real terms.
Loan Demand

The (un-detrended) demand for loans of bank i is given by:

. I . ! By W . .
srhncbrhs where & is the rate of trend growth, ' is the

Li,t (ri{t’ rtla Et) =4a; eXp
(average) lending rate prevailing in the market (that is, offered by other banks) and F;, is a

vector of factors that shift the demand for loans around the trend. These factors play a key
role as instruments in the estimation of the mark-up equation discussed below. The loan

demand function is downward sloping ( B <0), and credit products offered by different

banks are characterized by imperfect substitution ( 3, >0).

° For simplicity, the model does not differentiate between deposits and other forms of debt funding. “Deposit
funding” must be interpreted as including all forms of debt liabilities such as deposits, bonds, money market
instruments, etc.



Note that L,, = LAM -exp ¥ and let /,, denote the logarithm of real credit: /, =In ]:l.,t.
The log-detrended loan demand is linear in interest rates and the vector F;,:"

InL,=InL, ~ét=1,~ét=a,+p 1 +B, 1/ +y-F,. (1)

Costs

The function C(.) represents the bank’s funding and operational costs, and is given by:

2
L —L
*o ‘z"l).D’F’ +(52 +9, 'xi,t—l)'Li,z +é; ‘il//s (”L—”_S) (2)
s=1

i,t—s

it—1

CO=(r"+8,x,

In equation (2) the first three terms represent the cost of funding. The bank pays a credit
spread (&, - x,,_, +6, -z,_,) over the policy rate 7", which is influenced by the disciplinary

action of depositors (9, - x;,_, )—depositors demand higher interest rates from banks
exhibiting weaker fundamentals—and macroeconomic conditions (9, -z, , ).

include operational costs. Normal deposit and

it

The fourth and fifth terms, (52 +05-X,, ) L

lending activities demand the use of resources such as labor and physical capital that cost
(6, L, ). The bank also incurs costs that depend on the intensity of supervision to which it is

subject, which in turn depend on the strength of the bank’s fundamentals (6 - x;,_,)."

The final term represents the costs of adjusting the supply of loans to levels that are above or
below trend growth. In particular, the faster the desired deviation of the new stock of loans
from its trend level, the larger the bank’s adjustment costs. '

Bank’s Optimization Problem

The bank maximizes profits I1,, by choosing the amount of loans L, ,, taking as given the

loan demand function (1) and the cost function (2). Note that in this problem, bank-specific
fundamentals x,,_, are pre-determined and thus unaffected by current lending decisions. The

first order optimization condition, equating the bank’s marginal revenue and marginal cost, is
given by:

8};1 6D" N L, —L,,
rl +L,- - :(];d+50'x‘ +51'zr—l).f+(52+53.xi,t—1)+54'zl//s' JL - .

it it i,t—1
.t .t s=1 i,t—s

1 Other variables that refer to quantities (D, , and C, ) are detrended in the same manner, and the
corresponding log transformations of these variables are expressed in lower case.

! Under risk-based supervision, banks with weaker fundamentals (poorer asset quality and lower capital or
liquidity ratios) would have more frequent and invasive supervision. Supervisory activities consume time of
senior managers and technical teams, and other resources that could be allocated to productive activities.

12 The inclusion of adjustments costs is common in the literature and results in the inclusion of lagged
dependent variable terms in the empirical mark-up equation.



. .. . . 1
The bank’s marginal revenue function is obtained from (1), and is given by r,.ft +—. Assume
1

it

for simplicity that =6 >1: the bank fully finances marginal loans with deposits (instead

it
of equity) but it has a target ratio of liquid assets-to-deposits, and hence, the bank must raise
more than one unit of deposits to increase the amount lent by one unit. And approximate the

it—s

L —L
dynamic adjustment of the loan amount by {ﬁJ ~ (ln L,-InL ) to obtain the

i,t—s

following mark-up equation:

r;'{t +L:‘9'(’?d +6, "X +0, 'zz—1)+(52 +0, 'xi,z—1)+54 .{Zp:Wsj.lnLi,t -9, 'Zp:‘//s .lnLi,t—s'
1 s=1

s=1
Re-arranging terms, the mark-up equation can be written as follows:

p
InZ,, =p,+p 'rift + 0, 'rzd O X TPt ZZS ‘InL, (3)

s=1

1 » -1 » -1 » -1
where p, = 5—52 DN A m{@iw& ;pz=—9{54'2%} ;
s=1

1 s=1 s=1
» -1 » -1 » -1
p.§:_9(50+63)|:64zl//v:| ;p4:_95]|:54zl//9:| ;ﬂ’s:‘//9|:zl//9:| °
s=1 s=1 s=1
The solution to the bank’s optimization problem is given by the pair of values (ln L,, rl.f t)

that simultaneously satisfy the demand equation (1) and the mark-up equation (3).

By taking first (time) differences, the system of equations that solves the banks’ optimization
problem can be expressed as follows:

AL, =E+-Arl, + B, A +y -AF,, (4)

14
All’,t = ﬂo + é: + 0 'Ari{r + 0, 'Artd +A 'Axi,t—l + A 'Azt—l + Z/A{s 'Ali,t—s . (5)

s=1

p
In equation (5), 4, =-¢- le ,and A denotes time change (e.g. Ax,, | = x;

i1 xi,z—z ) Here

s=1
loan growth is the sum of its long-run loan growth component (4, +¢) and the transitional
dynamics around it. Note that the long-run loan growth rate—which can also be written as

p
& [1 — z A, j—is time-invariant and common across banks.'?

s=1

13 The standard “order” identification condition for a two (simultaneous) equation system requires that the
estimated equation exclude at least one exogenous variable (total number of endogenous variables minus one)
associated with the other equation. As discussed below, the markup equation excludes housing price inflation

and Tobin’s Q that are associated with the loan demand curve (part of E . ) so that the markup equation is

overidentified.
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Transmission Mechanism of Capital Shocks

In this model, a positive shock to bank i ’s capital ratio (a component of the vector x) would
be transmitted to its lending (supply) through two channels. First, higher capitalization
reduces the marginal cost of debt funding and lending (through J, - x

.1 in equation (2))."

Second, higher capitalization reduces marginal operational costs associated with the intensity
of supervision (through ;- x,,_, in equation (2)). Both effects prompt the bank to expand

lending through debt creation.

The empirical model below allows for quadratic effects of bank capital distance on loan
growth. This is because under risk-based supervision, supervisory intensity is likely to rise
sharply for banks with deteriorating capital positions and increasing probability of becoming
undercapitalized; also, debt holders could demand increasing rates of return to bear
increasing levels of default risk. Thus, the marginal cost of lending could increase at an
increasing rate as a bank’s capitalization declines and approaches the minimum requirement,
generating threshold effects. Whether this is indeed the case is an empirical question that is
considered below.

ITII. EMPIRICAL MODEL

The objective of the empirical analysis is to estimate the mark-up equation and understand
the dynamics of loan growth and CARD following a capital shock. In this regard, “basic”
ARDL models are specified to closely resemble equation (5) where the long-run loan growth
is time-invariant. “Extended” ARDL models consider time-varying specifications of long-run
loan growth. Impulse response functions are computed to characterize loan growth and
CARD dynamics following capital shocks.!

A. Basic ARDL Model: Time-Invariant Long-run Loan Growth

Consistent with mark-up equation (5), the empirical model distinguishes between factors that
affect the long-run loan growth path and those that influence the transitional dynamics
around this path. Specifically, for bank i the following ARDL( p, p ) model is specified:

P P p p
Ali,t = é: + z as ) Ali,t—s + Zﬂs ' Axi,t—s + z }/s ' Azi,t—s + 25\ ’ Aii,t—s + lui,t (6)
s=1 s=1 s=1 5=0

!4 The link between bank capitalization and cost of debt funding is well established in the literature and
underpins the “bank lending channel;” see, for instance, Gambacorta and Mistrulli (2003). When the market for
bank debt is subject to frictions, a bank must pay a “lemon premium” to issue uninsured debt liabilities; higher
capital ratios mitigate the lemon problem and thus reduce the cost of debt funding. Also, as banks are highly
leveraged institutions, significant expansions of lending such as those typically observed during business cycles
cannot be fully financed by changes in capital. Instead, higher capitalization allows banks to issue additional
debt, which ends up funding most of the new lending. This mechanism is also consistent with the behavior of
banks documented in Adrian and Shin (2010).

15 The ARDL approach has the distinct advantage that it “...is robust to the unit-root properties of the
underlying series and knowledge of the order of integration of the variables is not necessary. This allows one to
test for the existance of a long-run relation without having to pretest a variable for a unit root...” (Assesnmach-
Wesche and Pesaran, 2008, p. 6).
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where the long-run loan growth, £ is common across banks and time invariant. A second
version of equation (6) assumes that long-run loan growth is time-invariant but bank-specific,
whereby & is replaced by fixed effects d, capturing unobservable characteristics of

individual banks. Panel estimation is performed on equation (6), with the vector of time
changes in bank-specific fundamentals defined as:

Ax,, . =[ANPLR,, ,ALATA,_ACARD,

i,t—s° i,0—82

ACARD? ]

it—s° it—s

where NPLR, LATA, and CARD denote respectively the bank’s nonperforming loan rate, the
ratio of liquid assets to total assets, and the difference between the risk-weighted capital
adequacy ratio and the regulatory minimum. And the vector of time changes in
macroeconomic variables (excluding the nominal policy rate) is given by

Az,_, =[ARGDPG,_,AINF,_],

t—s?

where RGDPG,,_  denotes real GDP growth and, hence, ARGDPG,
acceleration of real GDP (the change in the rate of growth of real GDP); AINF;, & denotes

represents the

s

the change in the rate of inflation. For its part, Ai;,  represents a vector of time changes in

S
the nominal interest rates:
. T A -d
Ali,t—s - I:Ali,t—s s Alt—s } 4

where i, is the bank-specific nominal lending rate, and i’ is the policy rate (common

1,t—s
across banks). Both are defined as the sum of the corresponding real rates and the rate of
inflation.

Note that the error term in equation (6), x4, , has been assumed to have zero mean and a
block diagonal variance-covariance matrix, oI, ® I,, where o2 denotes the variance of the
error term, and I, and I, are identity matrices with dimensions equal to the total number of

quarterly observations (7') and the number of banks in the panel (N ).
B. Extended ARDL Model: Time-varying Long-run Loan Growth

The extended ARDL model allows long-run loan growth to vary over time and across banks.
Specifically, the first version of the model allows the long-run growth path to be affected by
(observable) macroeconomic conditions (in addition to the bank-specific fixed effects):

&, =d +6-z,+v,. (7)

In equation (7), the coefficient vector €, reflects the sensitivity of the long-run loan growth

rate to changes in macroeconomic conditions z,. Note that equation (7) constrains the long-
run loan growth rate’s time variation to be common across banks. This feature is akin to
including time effects in the model, but relying on (observable) z, has the advantage of

enabling the model to recover the impact of macroeconomic determinants on long-run loan
growth.
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The second version of the extended model adds time-varying bank-specific factors x,,_ :

éi,zzdi"'el'zz"‘ez'x +0U,, (7)

it-1
where coefficient vector @, reflects the sensitivity of the long-run loan growth rate to

changes in bank-specific factors. Equation (7’) thus extends the time variation in long-run
loan growth so that it now also differs across banks.

Panel estimation is performed on the empirical mark-up equations resulting from substituting
equations (7) or (7°) into equation (6):
)4 )

D
Ali,t = di + 01 g+ 02 "X + Z ag - Ali,t—s + Z ﬂs ' Axi,t—s + Z Y Azi,t—s
s=1 s=1 s=1
(8)

it

P
+ z 5& : Ali,t—.(y +é
s=0

where €, =0 in the first version of the extended model. Note that the error term in equation
(8) is implicitly defined as ¢,, = i, +v,, . This study does not seek to separately identify
error terms 4, , and v, ,; as in the basic ARDL model, equation (8) assumes that the
(combined) error term ¢,, has a zero mean and is homoscedastic and uncorrelated over time

and across banks.
C. Impulse Responses following Capital Shocks

In general, impulse response functions for shocks to right-hand side variables in ARDL
models can be computed as the difference between a counterfactual and a baseline dynamic
forecast (Hamilton, 1994, p. 318-9). The ARDL models discussed below exhibit nonlinearity
as they include both a linear and a quadratic term for ACARD . This feature implies that
impulse response functions for capital shocks will depend on CARD, ; and the history up to

time ¢ =0 (see Appendix I for details). Impulse responses are thus “bank-specific,” “history-
specific,” “shock-specific,” and “assymetric”—properties shared by more general classes of
nonlinear models (Koop, Pesaran, and Potter, 1996). In this study, it follows that a common

capital shock applied to all banks will result in 118 bank-specific impulse responses, each of

these depending on the specific quarter when the shock hits and on the size and sign of the
shock.

Computing impulse responses from single equation ARDL models, however, would be
subject to an important limitation: a (shocked) right-hand side variable would lack
endogenously generated dynamics.'® This is particularly constraining for the purpose of
assessing the response of Al to ACARD shocks because loan growth affects risk-weighted
assets, which serve as the denominator of CARD. Impulse responses based only on the mark-
up equation would hold CARD constant following an initial shock and would not be
informative of how capital shocks affect lending in the real world. This is because these
responses would unrealistically assume that banks adjust their capital positions through profit

16 This contrasts with multiple equation models, including VAR models, where all variables have endogenous
dynamics.
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retention or capital injections to ensure that the ratio of capital to risk-weighted assets
remains unchanged.

An Equation for CARD

To overcome this limitation, this study introduces an equation that endogenizes the evolution
of CARD by capturing the impact of loan growth on CARD through its effect on risk-
weighted assets. Specifically, consider writing the capital ratio distance as

S K. — —_ .
CARD,, = CAR,,—CAR = RW;tI —CAR;,, where K, and CAR;, denote, respectively, the
amount of capital and the minimum capital requirement ratio; and risk weighted assets are
defined as the product of the average risk weight (® ) and the amount of loans,

RWA,,=0O-L,,. The first (time) differences in CARD and K can be expressed as

- ito
0 Li,t Q- Li,t—l i1

Ki t Kl' t—1 Ai 11
ACARD,, = — ~— —ACAR;; and AK,, =RO4,,-| —— |-ret,,- L, , +CI,,, where
ret is the retention ratio, that is, the fraction of profits not distributed as dividends, ROA
denotes return on assets, and C/ denotes external capital injections. Thus, the equation

tracking the dynamics of the capital ratio can be expressed as:

Ai t-1 ret” CIit ~ 1D
ACARD,, = ROA,, -| —— |-| —= |-CAR , ,-AIn L, + ————ACAR,, , where the first
’ ’ , C) ’ " RWA
T,t—1 i,t—1
right-hand side term reflects the impact of retained profits on changes in CARD , and
subsequent terms reflect respectively the drag imposed by loan growth, the impact of
externally-generated capital injections, and the effect of changes in the minimum capital

requirement ratio.

Capital Shocks

Let Z" denote the “average” historical level of bank i ’s retained profits and define Z,, as

the deviation from this average at time ¢. Changes in CARD can now be written as:

ACARDI’J ~ Ez{WG - CARi,t—l -Aln Li,t + meRD 5 (9)
CI. -
where CO[CZARD = Eit I P ACAR;., .
’ "R WAi,t—l
CARD

. . . T, .
In equation (9), ® thus comprises “capital shocks” (2, +RSV—”’) and “capital

i,t—1

it

requirement shocks” (ACAR;, ). The former includes changes in the numerator of the capital
ratio driven by above-or-below average retention of profits (Z,, ) or external capital
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2

L i, o :
injections (———). In what follows, for simplicity, we refer to o as “capital shocks

i,t-1

but these can also be interpreted as “capital requirement shocks” of opposite sign.!”!®

The Two-Equation Structural Model

The mark-up equations (6) or (8) and equation (9) can be thought to be two “structural”

CARD

equations of a larger dynamic model in the sense that their shocks (o;;" and &, ,) are

contemporaneously uncorrelated.!” Structural shocks in dynamic models, such as VAR
models, are often identified using timing assumptions to define a recursive system (devoid of
simultaneity).? Note that simultaneity is absent in mark-up equations (6) or (8) and equation
(9): structural shocks to loan “supply” (¢,,) have contemporaneous effects on ACARD,, , but

CARD

structural shocks to capital (o, ) have no contemporaneous impact on A/, ' A structural

capital shock can thus be identified and its effects simulated using impulse response
functions. More specifically, impulse responses presented in this paper are based on dynamic

forecasts for a two-equation (nonlinear) system, namely equations (6) or (8) and (9), and

capture the effects of a capital shock at time # =0 ("), with bank #’s loans and risk-

weighted assets (the denominator of the capital ratio) remaining unchanged at time ¢ =0
(&, =0).2 Thus, the change in CARD, triggered by the capital shock must be interpreted as

a shock to the numerator of the capital ratio.

17 In principle, a hypothetical positive capital requirement shock that is fully matched by an equivalent capital
injection in the same quarter will not trigger a dynamic lending response; but banks do not target CARD levels
in this way. In fact, changes in regulatory requirements are of marginal significant in explaining movements in

bank capital ratios: fixed-effects regression of ACAR on ACAR has an R?>=0.01.

18 To the extent changes in capital requirements are phased-in and thus pre-announced, shocks in “ CAR” could
have a different inpact on lending than other capital shocks. But this does not seem to be the case here: the

empirical evidence is unchanged qualitatively when “shocks” in CAR are set to zero. Specifically, replacing the
actual CARD with CAR minus the average capital requirement (8 percent) one obtains a hypothetical CARD
reflecting no changes in capital requirements. Using this hypothetical CARD to estimate the preferred model
results in coefficients and impulse responses that are very similar to those reported in Table 5 and depicted in
Figure 3. Quantitatively, the accumulated lending responses based on analysis with the hypothetical CARD are
slightly larger at a horizon of 4 quarters (0.01=.2565-.2469), and slightly lower at horizons 8, 12, and 16
quarters (respectively, -0.1=0.7289-0.7388, -0.02=1.0730-1.0946, and -0.02=1.2371-1.2660).

19 A full dynamic model would also include equations for all other variables in X and Z . Such model,
however, would not be a standard VAR model due to the nonlinearities in equations (6) or (8) and in equation
9).

20 Identifying “structural” shocks of all the variables included in X and Z would entail the estimation of a
larger system of equations that lies beyond the scope of this study.

2l In VAR jargon, loan “supply” shocks are first in the recursive ordering.

*2 Note that equation (9) introduces an new source of nonlinearity: the interaction term CAR, , , multiplied by

1
Aln L, , . Note further that computing the dynamic forecasts requires adding identities to tie changes to levels

of the relevant variables as well as to tie CARD to its square.
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IV. DATA

The unique panel data comprises supervisory bank-by-bank information for 118 banks
operating in Indonesia at the end of 2014, and the (unbalanced) sample covers 56 quarters,
starting with the first quarter of 2001. The bank-specific data as well as macroeconomic data
were obtained from Bank Indonesia. Data sources and definitions are detailed in Appendix II.
Table 1 reports summary statistics for variables used in the panel data analysis.

Figure 2 depicts a pairwise relationship between bank loan growth (Al) and changes in
bank-specific capital ratio distance (ACARD ). The left panel shows a scatterplot for data
across banks, that is, the data correspond to 118 bank observations obtained by averaging
each bank’s data over 55 quarters. The right panel shows a scatterplot for data in the time
dimension, that is, 55 quarterly observations obtained by averaging the data in each quarter
over the 118 banks. These scatterplots reveal weak and negative correlation between A/ and
ACARD across banks and in the time dimension, which suggests that banks actively manage
their balance sheets by adjusting their loans pro-cyclically to changes in risk-weighted capital
ratios. Although based on a risk-weighted capitalization measure, this finding is consistent
with the null (positive) relation between leverage and asset growth found for commercial
banks (securities brokers and dealers) in the United States by Adrian and Shin (2010).

These relationships are no more than a first pass of the data and in terms of the discussion on
the mark-up equation above, they can only suggest (imperfectly) the existence of effects
related to the transitional dynamics (but not those related to long-run growth).

Table 2 explores potential nonlinearities in the pairwise relationships between loan growth
and changes in bank-specific capital ratio (distance). The top panel shows linear regressions
of Al on ACARD (equations corresponding to the straight lines in Figure 2) with the
columns grouping the results based on data across banks and along the time dimension. The
bottom panel shows regressions of “adjusted” loan growth on squared changes in bank-
specific capital ratio (distance).

“Adjusted” loan growth subtracts from loan growth the part that is explained by the linear
term associated with changes in capital ratio (distance). Specifically, starting from the

regression Al = 3, + 3+ ACARD + 3, - ACARD’ + ¢ , adjusted loan growth is defined as
Al - B, — B, -ACARD . The R*’s of regressions in the bottom panel of Table 2 correspond to

the “overall” R?’s of the regressions of “unadjusted” loan growth on the linear and nonlinear
capital ratio (distance) terms, and thus, they are directly comparable to the R?’s in the top
panel.

Note that the correlation between A/ and ACARD increases substantially when the quadratic
term is included, particularly across banks where it reaches 0.40—an increase of about 0.14
relative to the case in which only the linear ACARD term is included. This suggests a
nonlinear (quadratic) relation between CARD and loan growth, which will be explored in
ARDL models below.
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V. EMPIRICAL EVIDENCE

The empirical mark-up equations described in section III are estimated using quarterly data
on a pooled sample of 118 banks. The estimated models include four lags ( p =4 ) and are

scrutinized for serial and cross-sectional dependence. Loan growth dynamics are explored
with impulse response functions from a system of two nonlinear equations: the markup
equation (6) or (8) and equation (9).

A. Econometric Issues

Care is needed in applying panel estimation techniques, as fixed-effects estimators can face
two well-known potential problems: the inclusion of lagged dependent variables in the
regression, and endogeneity associated with simultaneous equations.

Lagged dependent variable. The data “de-meaning” implicit in fixed-effects estimation
introduces correlation between the error term and the lagged dependent regressor, that is, an
endogeneity bias (Nickell, 1981). Several methods have been proposed to address this bias
and relied on using valid (inside) instruments or generalized methods of moments (Anderson
and Hsiao, 1981, Arellano and Bond, 1991, and others; for a recent survey, see Pesaran,
2015). These methods have proven quite useful, particularly for panel data samples
characterized by short time dimensions. In this study, however, these estimation techniques
are less relevant because of the long time dimension of the panel data set. Specifically,
evidence from Monte Carlo studies (Judson and Owen, 1999) point to a reduction in the so-
called Nickell bias as the time dimension increases, and report limited bias—typically

5 percent or less—when the panel data sample contains 30 or more time observations. Since
the panel data sample here contains far more time observations, the bias is likely to be
limited, and is subsequently ignored.

Simultaneous equations endogeneity. As noted in Section II, the monopolistic competition
banking system consists of two simultaneous equations determining the lending rate and the
quantity of loans. The error term in the empirical mark-up equation is thus expected to be

correlated with the (contemporaneous) change in the lending rate, Ail.l,, . Instrumental variable

techniques (two-stage fixed effects) are used to address the potential simultaneity bias with
the theoretical framework presented above guiding the choice of economically meaningful
instruments: variables that do not affect the bank’s mark-up equation (5) but shift the loan
demand curve (4), namely variables in AF,,.

Choice of instrumental variables. This study employs two (outside) instrumental variables:
housing price inflation and bank-specific measures of Tobin’s Q for nonfinancial corporate
borrowers.? Housing prices affect loan demand through their impact on household wealth,
credit constraints, and consumption, while Tobin’s Q captures corporate loan demand.?*

23 See Appendix II for details on the construction of Tobin’s Q measures for borrowers of individual banks.

24 For the role of housing wealth in explaining consumption, both directly as well as through its effect on
liquidity/credit constraints, see Lusardi and Mitchell (2007), Ong et al. (2013), and studies cited in the survey
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The potential drawback of employing Tobin’s Q as an instrument for corporate investment
and loan demand is that it can also reflect financing constraints, that is, the supply of loans.
The empirical literature finds that corporate investment is determined on the demand side by
Tobin’s Q—as a measure of business growth and investment opportunities—and on the
supply side by “financing constraints.” The latter have been proxied by cash flows, liquidity,
and net worth (Hubbard, 1998; Fazzari, Hubbard, and Petersen, 1988) and are relevant for the
firm’s investment decision due to informational assymetries (agency or lemons problems)
that create a gap between the cost of external and internal funds.

It can be argued, particularly for larger and more established firms, that loan supply shocks
affect corporates’ financing constraints leaving investment opportunities (and Tobin’s Q)
unchanged; but empirical evidence suggests that announcements of loan agreements between
firms and banks have a significant effect on firms’ stock prices and Tobin’s Q (Gorton and
Winton, 2003; and references therein). This, however, is more likely to become an issue for
the use of Tobin’s Q as an instrument to the extent that it reflects data for smaller and less
mature firms that lack the proven track record of larger and more established firms; all of the
evidence suggests that the latter are less financially constrained. Since the Tobin’s Q
measurements here have been computed as the weighted average of Tobin’s Q for individual
publicly traded firms—so that the largest and most transparent firms operating in Indonesia
receive the largest weights (see Appendix II for details)—the instrument will reflect
primarily the data of those firms where loan supply shocks are likely to leave investment
opportunities unchanged. Indeed, standard statiscal tests confirm the validity of the
instruments used in this paper.

B. Empirical Results

The empirical results for the “basic” and “extended” ARDL models are reported in Tables 3—
5, where long-run loan growth specifications progressively allow more flexibility.
Coefficient estimates are reported as the sum of coefficients for the lagged and (when
included) contemporaneous values of each right-hand side variable, with dynamics discussed
in sub-section C. Estimates based on different estimation techniques are grouped in columns
that for each right-hand side variable also report test results of whether: (1) the sum of its
coefficients is zero, and (2) all of its coefficients are zero (exclusion from the model). A
number of specification tests are also reported, including tests for serial correlation, cross-
sectional dependency, and, when appropriate, power of outside instruments in the “first-
stage” regression, exogeneity of “second stage” residuals, and the validity of the instruments’
over-identification conditions.

Results for the Basic Model: Time-invariant Long-run Loan Growth

Table 3 presents results for the most restrictive (basic) model. Ordinary least square (OLS)
estimates restrict long-run loan growth to be time-invariant and common across banks. In
general, the signs of (sums of) estimated coefficients conform well with theoretical priors.
Banks increase loan growth as bank-specific fundamentals improve, namely when NPLR

by Attanasio and Weber (2010). For the role of Tobin’s Q and other variables in explaining business
investment, see surveys by Chirinko (1993) and Jorgenson (1971), and the studies cited therein.
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falls, LATA increases, or CARD increases; in the latter case, there is a nonlinear effect
whereby the impact of CARD becomes less pronounced as CARD increases. Likewise, loan
growth increases when macroeconomic conditions improve (activity accelerates or inflation
declines). There are, however, two notable exceptions: loan growth responses to changes in
the nominal lending rate and the policy interest rate have the wrong sign. Taken literally, this
implies that banks would increase loan growth when their interest rate spread declines (the
lending rate decreases or the policy rate increases). Although all regressors are statistically
significant, these regressions suffer from serial correlation of order four and exhibit cross-
sectional dependence (both at the 5 percent marginal significance level).

Fixed-effects (FE) estimates introduce bank-specific (time-invariant) long-run growth. The
resulting estimates are qualitatively unchanged, including the perverse interest rate
coefficients. Once again, all regressors are statistically significant even as serial correlation is
no longer significant at the 5 percent level; cross-sectional dependence remains an issue.

Two-stage fixed-effects (2SFE) estimates employ house price inflation and bank-specific
measures of Tobin’s Q as (outside) instruments for the contemporaneous change in the
nominal lending rate. The empirical results remain qualitatively unchanged, including the
perverse effect of interest rates on bank loan growth; serial correlation is not significant at
5 percent but cross-sectional dependence remains significant.

The perverse signs of interest rate coefficients are not surprising because these are likely to
be biased as the mark-up equation is part of a system of simultaneous equations. But what is
surprising is that the problem remains even when instrumental variable estimation techniques
are used. In other words, the data either appear to clash with the restrictive specification of
the mark-up equation, or possibly and more generally, with the theoretical framework.
Henceforth, regression analysis explores further these issues by considering less restrictive
specifications of the mark-up equation.

Results for the Extended Model: Time-Varying Long-Run Loan Growth

Table 4 presents estimation results when long-run loan growth includes a common time-
varying component, namely GDP growth, as well as a bank-specific time-invariant
component (fixed-effects).?

Fixed effects estimates continue to result in coefficients with the expected effects on loan
growth: banks increase loan growth as bank-specific fundamentals or macroeconomic
conditions improve. As above, the loan growth responses to interest rates have the wrong
sign. Note that the empirical model now separates the effects of GDP growth on loan growth
between its impact on the long-run growth path (positive) and its impact on the transitional
dynamics around this path (negative), with the latter dissipating over time. These estimates
suggest that GDP growth has a powerful effect on long-run loan growth that far exceeds

25 Note that including CPI inflation as an additional common time-varying component leaves the qualitative
results unchanged. But the corresponding 2SFE fails the Wu-Hausman exogeneity test (details in Appendix III,
Table 1.)
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unity. Serial correlation is not significant at the 5 percent significance level nor is cross-
sectional dependence.

Two stage fixed-effects estimates continue to suggest that loan growth increases when bank-
specific fundamentals and macroeconomic conditions improve. But now the estimated
coefficients for both interest rates have the expected sign: improvements in interest rate
spreads—either due to increases in the lending rate or declines in the deposit rate—result in
higher loan growth. Serial correlation is not significant at the 5 percent significance level but
now cross-sectional dependence is.

Note that the instruments are significantly correlated with the change in lending rate as
evidenced by the F-tests for the first stage regression. Moreover, the outside instruments
(Tobin’s Q and house price inflation) on their own are significantly correlated with the
change in the lending rate (F-test for the first stage outside instruments). The Wu-Hausman
test for exogeneity does not reject the null of exogeneity of the 2SLS residuals. And finally,
the Hansen over-identification test does not reject the over-identification conditions for the
2SLS specification at the 5 percent marginal significance level. All these results point to the
validity of the instruments employed.

The increased flexibility in the empirical mark-up equation, stemming from the addition of
GDP growth as a long-run loan growth determinant, provides tantalizing results. Not
surprisingly, long-run loan growth decisions by individual banks appear to depend on
macroeconomic conditions. The introduction of GDP growth as a common source of time
variation also allows the fixed-effects estimation to soak-up the cross-sectional dependence.
For the instrumental variable estimates, adding GDP growth helps the instrumental variables
to effectively control for loan demand shifts and thereby reverse the signs of the lending
interest rate coefficients. But this improvement in 2SFE results comes at the expense of
reintroducing cross-sectional dependence.

Table 5 extends the long-run loan growth specification by adding bank-specific factors
consistent with the empirical mark-up equation (8). Specifically, the levels of NPLR, LATA,
and CARD are now included as determinants of long-run loan growth,? along with the fixed
effects and GDP growth. With this added flexibility, the empirical model now allows for
long-run loan growth variation across banks and over time.

As above, estimation results based on fixed effects are broadly consistent with bank’s profit-
maximizing behavior except for interest rates. A bank slows its long-run loan growth when
NPLR increases—reflecting the need to reduce risk-weighted assets (de-lever) and thus offset
the future impact of credit losses on capital ratios. A bank also slows its long-run loan growth
when its liquidity (LATA) or capital (CARD) positions worsen, with the latter also including a
non-linear effect. Specifically, the impact of CARD on long-run loan growth becomes more
pronounced the closer the capital position is to its regulatory minimum requirement. Loan
growth in a weaker bank is more sensitive to changes in its capital position than in a stronger

26 In the regressions, these bank-specific factors are predetermined for loan growth in the corresponding quarter
and so adding them to the augmented ARDL should not introduce a simultaneity bias.
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bank (this will be explored further below). Serial correlation of order 4 is significant at the
5 percent significance level but cross-sectional dependence is not.

Two-stage fixed effects estimates are qualitatively unchanged but the instrumental variables
have effectively controlled for shifts in loan demand and reversed the sign of the lending
interest rate coefficients: increases in the interest rate spread now result in higher loan
growth. Serial correlation of order 4 is significant at the 5 percent significance level but
cross-sectional dependence is not. Once again, standard tests support the validity of the
instruments employed and overidentification conditions are not rejected at the 5 percent
significance level.”

The inclusion of bank-specific long-run factors in the empirical mark-up equation has
resulted in our preferred model. The presence of both common and bank-specific time-
varying long-run factors allows two-stage fixed effects estimates to mop-up cross-sectional
dependence and produces coefficient estimates that are consistent with the theoretical
framework in Section I1.2%

In sum, the empirical evidence highlights the sensitivity of the results to: 1) the specification
of long-run loan growth determinants; and 2) accounting for simultaneity bias. Specifically,
estimates from regression not controlling for simultaneity consistently point to a perverse
result that is inconsistent with profit maximizing behavior: increasing loan growth when the
interest rate spread declines. Also, the use of instrumental variable techniques is ineffective
in addressing this problem when long-run loan growth specifications are restrictive—namely,
when they do not allow for time variation. Note that the use of two-stage fixed effects
techniques also helped clear up cross-sectional dependence. Since instrumental variable
techniques seek to “isolate” the mark-up equation estimates from the influence of demand
side factors, it is likely that the cross-sectional dependence observed in fixed effects
estimates is associated with fluctuations in loan demand. In other words, shifts in the loan
demand curves faced by individual banks could be correlated due to the influence of common
economy-wide factors.?

C. Dynamic Responses

This section compares the impulse responses of bank loan growth to capital shocks across
different estimated model specifications. It then shows how, in the presence of nonlinear
effects, mean-preserving redistributions of capital in the banking system can significantly

27 Appendix I1I considers further the validity of the instruments by examining the robustness of the results when
only one of the instruments is included in the estimation. Appendix III, Table 1 confirms that the results do not
change qualitatively though the effect of the lending rate is lower (or higher) when only house price inflation
(Tobin’s Q) is used as the instrument. In either case, the instruments are significantly correlated with the
lending rate, and the over-identification tests and the exogeneity of the second stage residuals are not rejected.

28 However, note that some evidence of serial correlation of order 4 remains.

2 Note that the intrinsic dynamics of loan growth (given by the sum of the lagged dependent variable
coefficients) appears to be weak, and diminishes in strength as the long-run loan growth specification becomes
more flexible. The sum of the lagged dependent variable coefficients is the highest for OLS estimates with a
common time-invariant long-run loan growth (about 0.44, Table 3); it is lower when long-run growth varies
across banks (about 0.35 in Table 4) and lower still when the long-run growth varies across banks and over time
(about 0.32 in Table 5).
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affect the response of aggregate lending to shocks. Impulse responses have been computed
using a system of two nonlinear equations comprising the markup equation, namely equation
(6) or (8), and equation (9).*°

Responses of Bank Loan Growth to Shocks for Different Estimated Model Specifications

CARD
it

Figure 3 depicts impulse response functions for ACARD shocks (® =1 percentage point in

the first quarter of 2005, when 7 =0, and 0 otherwise), which reflect the nonlinear (quadratic)
effect of CARD on loan growth.’' These impulse responses stem from three models with
different long-run loan growth specifications: (1) bank-specific and time-invariant (Table 3,
2SFE), (2) time-varying with bank-specific fixed effects and a common macroeconomic
component (Table 4, 2SFE), and (3) both common and bank-specific time-varying components
(Table 5, 2SFE). For each model, 118 bank-specific impulse response functions for capital
shocks were computed. Figure 3 summarizes the results with the median response for each
quarter (with an equal number of individual bank impulse responses above and below) and
with the range spanning the responses of 90 percent of the banks (106 banks), namely 5" and
95™ percentile loan growth responses.32

The figure shows that the intensity and persistence of impulse responses change dramatically
when the model specification becomes more flexible, thus highlighting the importance of
including both common and bank-specific time-varying components as determinants of long-
run loan growth. The responses described below correspond to the most general and
preferred specification (Table 5, 2SFE).

According to the median response, the (quarterly) loan growth rate increases in the first six
quarters (with some oscilation), and gradually declines thereafter. The (cumulative) effect of
the shock results in the level of loans increasing by 0.8 percent after 8 quarters, and by 1.3
percent after 16 quarters. The 95" percentile loan growth response is close to the median
response, implying that a large number of banks increase their loan growth rates by similar
amounts. The 5™ percentile loan growth response, however, is about half as large; the CARD
shock increases the level of loans by 0.4 percent after 8 quarters, and by 0.7 percent after 16

30 For the impulse response functions discussed below, capital shocks are obtained by setting EMN9=0.0124

for i =1,2,...,118 in equation (9). This value corresponds to the estimated (common) intercept conditional on

=AVG _ mAVG

a “drag” coefficient of -1. The data do not reject the null hypothesis of equality of intercept =; = at

conventional significance levels (see Appendix IV for details). Further, the qualitative results do not depend on
the value of =AY as it exerts second order (negligible) effects in the resulting impulse responses (see

Appendix I for details).

31 Confidence bands (not shown in Figure 3) are narrow, and hence, the dynamic effects discussed in the main
text are measured fairly precisely. In particular, bootstrapping techniques were employed to gauge the
uncertainty of the dynamic responses corresponding to the preferred model (Table 5, 2SFE) and equation (9)—
1,000 bootstrap iterations were summarized by 90 percent “confidence” bands. Note, however, that confidence
bands for impulse responses obtained from this two-equation model tend to be narrower than those obtained
from vector autoregression (VAR) models. This is because the paths of right hand-side variables (other than
capital ratio distance) are exogenous and constant rather than simulated as a part of a dynamic system.

32 The median and the boundaries of the response range (5™ and 95™ percentile responses) are “point” estimates
backed out from the estimated ARDL model.
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quarters. This pattern reflects the historical distribution of capital ratio distance (CARD)
across banks in the first quarter of 2005 and in the four quarters of 2014 (given the four lags
included in the ARDL model).

Bank Capital and Lending: Nonlinearity

To illustrate the impact of the nonlinear effects that capital shocks have on a bank’s loan
growth response, impulse response functions are computed for hypothetical banks
characterized by different initial CARD levels. “Initial CARD” is defined to include the
history up to time ¢ =0, and thus, (pre-shock) CARD levels at ¢ =0,—1,-2,... differ across

impulse responses.

As noted in the introduction, Figure 1 shows the effects of a one percentage point shock to
capital ratios on lending at different time horizons for banks with different initial capital ratio
distances (top) and the corresponding impulse responses of the capital ratio distance
(bottom). The lending response of a bank that is undercapitalized by 5 percentage points after
12 or 16 quarters is roughly a third larger than that of a bank that is overcapitalized by

15 percentage points. Due to the drag effect of increased lending on capital ratio distance: the
initial one percentage point increase in CARD declines over time, with the capital ratio
returning to its initial level in about 16 quarters. The important qualitative insight drawn from
Figure 1 is that the response of lending to a given capital shock size diminishes as the initial
level of CARD increases, reflecting the nonlinearity of the model.

The numerical responses of lending after 4 quarters are similar in magnitude to those
reported by Gambacorta and Shin (2016) for banks in advanced economies. Based on a linear
model, they find that a one percentage point increase in the equity-to-total assets ratio
increases the loan growth rate by 0.6 percentage points in the first year, with diminishing
effects in subsequent years.** In this paper, however, the lending effects of capital shocks
intensify during the second and third years of the time horizon (Figures 1 and 3). Thus,
cumulative lending responses at two- and three-year horizons here are markedly larger (about
40 percent) than those found by Gambacorta and Shin (2016).3* It remains an open question
whether this difference reflects their more restrictive model specification—which does not
disentangle transitional dynamics from long-run growth—or stronger lending responses of
Indonesia’s banks compared to those of banks in advanced economies.

33 In contrast to Gambacorta and Shin (2016), shocks in this paper are applied to risk weighted measures of
capitalization. Thus, to better compare results across the two studies, the shocks in this paper must be re-scaled
(multiplied by an average ratio of total assets-to-risk weighted assets of 1.7).

3% In this study, for a bank with CARD equal to zero, a one percentage point shock to the capital-to-assets ratio
increases lending by 1.6 percent over two years compared to (less than) 1.2 percent in advanced economies
(Gambacorta and Shin, 2016). Note that Gambarcorta and Shin do not report the responses of loan growth rates
after the first year; however, from their autoregresive specification, we infer that the response in the second year
would be smaller than in the first year (0.6 percent), and hence, the cumulative response at a two-year horizon
would be smaller than 1.2 percent.
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Figure 4 shows how the size and sign of a capital shock affects the response of loan growth
for a hypothetical bank with “average capital,” defined as a bank whose CARD corresponds
to the average CARD across all banks.

The figure illustrates that impulse responses depend on the size of the shock. The lending
response to a +10 percentage point capital shock is less than 10 times stronger than the
response to a +1 percentage point shock. But the response to a -10 percentage point CARD
shock exceeds 10 times (in absolute value) the response to a -1 percentage point shock. Thus,
for positive capital shocks the nonlinearity implies diminishing “marginal” effects of capital
shock size on loan growth; for negative shocks, in contrast, the marginal effects of capital
shocks on loan growth increase (in absolute value) with the size of the shock.

Relatedly , the figure shows that impulse responses are asymmetric as they depend on the
sign of the shock. The response to a -10 percentage point shock is not a mirror image of the
response corresponding to a +10 percentage point shock: negative capital shocks result in
larger responses (in absolute value) than positive shocks of equal size.

Bank Capital Heterogeneity and the Effects of Capital Shocks on Aggregate Lending

To highlight the importance of accounting for bank capital heterogeneity when quantifying
the effects of shocks on “aggregate” (economy-wide) lending, Figure 5 illustrates how a
(hypothetical) “mean-preserving” re-distribution of capital in the system would affect the
impulse response of aggregate lending to capital shocks. In this thought experiment,
aggregate lending is computed as a weighted average of the 118 bank-specific impulse
responses using as weights the shares of banks’ loans in the banking system.

As above, capital shocks materialize in the first quarter of 2005 and the aggregate loan
growth responses are computed for two cases. The first serves as a “reference” as it employs
the historical panel data and reflects the historical distribution of CARD ratios across banks.
In this case, the aggregate lending response is calculated from the individual bank responses
underlying Figure 3. The second case corresponds to a hypothetical banking system in which
all banks have the same CARD level (equal to the banking system’s average). What emerges
from this illustration is that, compared to the hypothetical banking system, the historical
responses of “aggregate” loan growth rates were consistently larger (by 11 percent). In other
words, a lower degree of heterogeneity in capitalization ratios across banks can increase the
resilience of aggregate lending to capital (solvency) shocks. Note, however, that this result

depends on the distribution of bank capital in Indonesia (particularly among the largest
banks).?

35 In the first quarter of 2005, the distribution of CARD values across banks exhibited both positive skewness
and (excess) kurtosis. When CARD is set equal to the system’s average for all banks, most banks would have
higher CARD levels than those that they actually had in the first quarter of 2005. And, as illustrated in Figure 1,
strongly capitalized banks respond less to CARD shocks than weakly capitalized banks.
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V1. CONCLUDING REMARKS

This paper studies the transmission of bank capital shocks to loan supply in Indonesia. A
theoretically-founded mark-up equation for a monopolistic competitive bank is derived and
used to formulate an empirical model. Based on a unique dataset, the estimated equation
disentangles the determinants of bank loan growth into components that affect its long-run
path from those that only influence the transitional dynamics. The effects of capital shocks
on loan growth and capital ratios stem from a system of two nonlinear equations. The paper
finds significant nonlinear effects of bank capital on lending: the response of weaker banks to
a positive capital shock is larger than that of stronger banks. Non-linearities imply that not
only the level but also the distribution of capital across banks in the system affects the
transmission of shocks to aggregate lending. Also, the effects of bank recapitalization on loan
growth depend on starting capital positions and the size of capital injections.
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Table 1. Summary Statistics of the Panel Data
(in percent, unless otherwise indicated)

Variable Mean Staﬁda}rd FirsF Median Thir‘d Number. of
deviation quartile quartile observations
Dependent variable and short-run dynamic effects
Dependent variable
Real loan growth: Al 4.43 12.42 -1.41 3.26 8.40 6418
Change in nominal lending rate
Change in nominal lending rate: Ai[./’H -0.07 1.23 -0.34 -0.08 0.16 6418
Change in bank specific fundamentals
Change in non-performing loan ratio: ANPLR; -0.19 2.71 -0.40 -0.02 0.24 6418
Change in liquid assets ratio: ALATA,, -0.24 26.66 -5.15 -0.28 4.35 6418
Change in capital ratio distance: ACARD,, | -0.19 8.66 -1.69 -0.22 1.20 6418
Change in macroeconomic variables (common effects)
Change in policy rate: Ai’, -0.13 0.79 -0.58 0.00 0.17 6418
Change in real GDP growth: ARGDPG, _, -0.02 3.66 -3.60 0.64 173 6418
Change in inflation rate: AINF,_| -0.05 2.22 -1.03 0.12 1.00 6418
Long-run effects
Bank-specific
Non-performing loan ratio: NPLR,,_| 4.27 6.80 1.15 2.43 4.34 6418
Liquid assets ratio: LATA,, 32.25 45.00 13.19 22.14 35.96 6418
Capital ratio distance: CARD,,, 18.02 24.44 6.30 10.68 18.64 6418
Macroeconomic (common)
Real GDP growth: RGDPG, 1.34 2.23 -0.82 2.05 2.86 6418

Source: Bank Indonesia and author's calculations. Note. Summary statistics are computed with the available
quarterly observations from 2001:Q1 to 2015:Q1 for 118 banks operating at end-2015. To minimize the influence
of outliers, the banking data were first winsorized at the 1 and 99 percent levels. (As noted in the text, the panel

data is unbalanced due to its granular nature.)
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Table 2. Pairwise Regressions of Loan Growth and “Adjusted” Loan Growth on Changes in Capital Ratio Distance

Based on Time Averages for Each of the 118 banks Based on Cross-bank Averages for Each of the 54 Quarters
Dependent variable: Real loan growth: A/, \ Number of , Number of
Intercept  Slope (p-value) R observations Intercept  Slope (p-value) R observations
Change in capital ratio distance: ACARD,, 0.04  -1.63 (0.00) 0.26 118 0.04  -0.55 (0.02) 0.10 55
Dependent variable: Adjusted real loan growth: Slope (p-value) R Number of Slope (p-value) R Number of
A]“ — Intercept —Slope-ACARD“ observations observations
Change in capital ratio distance squared: ACARDf, 33.62 (0.00) 0.40 118 -9.98 (0.29) 0.12 55

Source: Bank Indonesia and authors' calculations. Note. The estimated coefficients are obtained using OLS estimation based on 118 (55) time (cross-bank)

average observations as indicated. The reported R? are directly comparable as these reflect the linear (linear and nonlinear) effect when the dependent
variable is real loan growth (adjusted real loan growth).
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Table 3. Response of Loan Growth to Changes in Bank-specific Fundamentals and Macroeconomic Variables:
Basic Model with Constant Long-Run Growth (Eq. 6)

Ordinary least squares estimation Fixed-effects estimation Two-stage fixed-effects estimation
Sum of Hypothesis tests Sum of Hypothesis tests Sum of Hypothesis tests
La
. . 8s . coefficient Sumequals zero  Exclusiontest  coefficient Sumequals zero  Exclusion test coefficient Sum equals zero  Exclusion test
Dependent variable: Real loan growth: A/, included: : h X
s estimates (p-value) (p-value) estimates (p-value) (p-value) estimates (p-value) (p-value)
Short-run dynamic effects
Lagged dependent variable
Real loan growth: Al 1to4 0.437 20.3 (0.00)  119.0 (0.00) 0.364 15.9 (0.00) 78.2 (0.00) 0.365 15.6 (0.00) 78.2 (0.00)
Change in nominal lending rate
Change in nominal lending rate: Ail,_, Oto4 -1.215 -3.9 (0.00) 12.3 (0.00) -1.310 -4.1 (0.00) 12.2 (0.00) -1.482 -0.9 (0.39) 6.7 (0.00)
Change in bank specific fundamentals
Change in non-performing loan ratio: ANPLR, 1to5 -0.838 -5.9 (0.00) 13.5 (0.00) -0.880 -6.0 (0.00) 13.7 (0.00) -0.888 -5.4 (0.00) 10.7 (0.00)
Change in liquid assets ratio: ALATA, 1to5 0.051 2.9 (0.00) 2.7 (0.02) 0.043 2.4 (0.02) 2.0 (0.07) 0.042 2.2 (0.03) 1.9 (0.09)
Change in capital ratio distance: ACARD,,, 1to5 0.114 1.1 (0.27) 3.4 (0.00) 0.068 0.7 (0.51) 3.3 (0.01) 0.070 0.7 (0.50) 3.1 (0.01)
Change in capital ratio distance squared: ACARD,Z.,,,\ 1to5 -0.146 -2.2 (0.03) 2.4 (0.03) -0.129 -1.9 (0.06) 2.2 (0.05) -0.130 -1.9 (0.06) 2.2 (0.05)
Change in macr ic variables ( effects)
Change in policy rate: A/’ Oto4 0.058 0.2 (0.88) 3.2 (0.01) 0.012 0.0 (0.97) 3.3 (0.01) 0.078 0.1 (0.92) 2.6 (0.02)
Change in real GDP growth: ARGDPG,_| Oto4 6.644 3.5 (0.00) 15.5 (0.00) 6.440 3.4 (0.00) 15.3 (0.00) 6.231 2.2 (0.02) 14.7 (0.00)
Change in inflation rate: AINF, Oto4 -3.284 -3.9 (0.00) 15.8 (0.00) -3.306 -3.9 (0.00) 15.4 (0.00) -3.292 -3.9 (0.00) 15.4 (0.00)
Adjusted R2 0.140 0.139 0.139
Standard error of the regression 0.111 0.111 0.111
Number of observations 5786 5786 5786
Memo items
Lagragian Multiplier test for serial correlation
Order 1 0.43 (0.67) 0.44 (0.66) 0.46 (0.65)
Order 2 0.06 (0.95) 0.12 (0.91) 0.12 (0.91)
Order 3 -0.29 (0.77) -0.14 (0.89) -0.13 (0.90)
Order4 -2.06 (0.04) -1.88 (0.06) -1.89 (0.06)
F-test for first stage regression 15.02 (0.00)
F-test for first stage outside instruments 7.30 (0.00)
Wu-Hausman exogeneity test 3.18 (0.07)
Hansen over-identification test 0.18 (1.00)
Pesaran cross-sectional dependence test 6.19 (0.00) 6.59 (0.00) 6.29 (0.00)

Source: Bank Indonesia and authors' calculations. Note. Pooled panel estimates correspond to either OLS, fixed effects, or two-stage fixed effects estimators as indicated.
The latter includes two sets of outside instruments, namely Tobin's Q and housing price inflation. All estimates are based on an unbalanced panel of quarterly data from
2001:Q1 to 2015:Q1 for 118 banks operating in Indonesia at end-2015. The estimated augmented ARDL models contain the contemporaneous and lagged observations for
the regressors as indicated; with the exception of the long-run effect of regressors, coefficient estimates have been summarized by their sum. In this regard, two null
hypothesis test are reported for each regressor: (1) the sum of coefficients equals zero, and (2) every coefficient is equals zero. The table also reports a series of
specification tests for all regressions: (1) absence of serial correlation of orders 1 to 4; and (2) lack of cross-sectional dependence. And for 2SFE a series of additional tests
are reported: (1) all coefficients in the "first-stage" regression are zero; (2) all coefficients of the outside instruments are zero; and (3) instruments are valid (orthogonal to the
residuals). In all cases, the null hypothesis is rejected at the 5 (10) percent significance level whenever the p-value (marginal significance level) is less than 5 (10) percent.
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Table 4. Response of Loan Growth to Changes in Bank-specific Fundamentals
and Macroeconomic Variables: Extended Model with Long-Run Growth
Determined only by Macroeconomic Variables (Eq. 6 and Eq. 7)

Fixed-effects estimation Two-stage fixed-effects estil
Sum of Hypothesis tests Sum of Hypothesis tests
Lags . -
ffi t i ffi t i
Dependent variable: Real loan growth: A/u included: coe. icien Sum equals zero Exclusion test coe. icient Sum equals zero Exclusion test
s estimates (p-value) (p-value) estimates (p-value) (p-value)
Short-run dynamic effects
Lagged dependent variable
Real loan growth: A/, 1to4 0.357 15.5 (0.00) 75.0 (0.00) 0.346 14.0 (0.00) 68.6 (0.00)
Change in nominal lending rate
Change in nominal lending rate: Ai,.l‘r,b, Oto4 -1.049 -3.3 (0.00) 11.2 (0.00) 2.471 1.1 (0.25) 6.1 (0.00)
Change in bank specific fundamentals
Change in non-performing loan ratio: ANPLR,, | 1to5 -0.904 -6.2 (0.00) 13.8 (0.00) -0.756 -4.3 (0.00) 7.8 (0.00)
Change in liquid assets ratio: ALATA,, | 1to5 0.043 2.4 (0.01) 1.9 (0.10) 0.060 2.9 (0.00) 2.2 (0.05)
Change in capital ratio distance: ACARD,, 1to5 0.061 0.6 (0.55) 3.3 (0.01) 0.020 0.2 (0.86) 3.6 (0.00)
Change in capital ratio distance squared: ACARDVZJ,Y 1to5 -0.127 -1.9 (0.06) 2.2 (0.05) -0.120 -1.7 (0.09) 2.5 (0.03)
Change in macroec ic variables (c effects)
Change in policy rate: Ai,‘i‘ Oto4 -0.485 -1.3 (0.21) 3.3 (0.01) -1.922 -2.0 (0.04) 2.8 (0.02)
Change in real GDP growth: ARGDPG, Oto4 -6.778 -2.2 (0.03) 17.5 (0.00) -5.815 -1.8 (0.08) 16.0 (0.00)
Change in inflation rate: AINF, Oto4 -3.025 -3.6 (0.00) 14.8 (0.00) -3.231 -3.7 (0.00) 14.0 (0.00)
Long-run effects
Macroconomic (common)
Real GDP growth: RGDPG, 0 5.298 5.3 (0.00) 28.3 (0.00) 6.589 5.1 (0.00) 25.8 (0.00)
Adjusted R? 0.143 0.143
Standard error of the regression 0.111 0.116
Number of observations 5786 5786
Memo items
Lagragian Multiplier test for serial correlation
Order1 0.38 (0.72) 0.11 (0.92)
Order 2 0.18 (0.86) 0.17 (0.87)
Order 3 -0.15 (0.88) -0.31 (0.76)
Order4 -1.81 (0.07) -1.64 (0.10)
F-test for first stage regression 14.83 (0.00)
F-test for first stage outside instruments 5.11 (0.00)
Wu-Hausman exogeneity test 1.96 (0.16)
Hansen over-identification test 0.20 (1.00)
Pesaran cross-sectional dependence test 1.64 (0.10) 3.50 (0.00)

Source: Bank Indonesia and authors' calculations. Note. As indicated, pooled panel estimates correspond to either fixed
effects or two-stage fixed effects estimators. The latter includes two sets of outside instruments, namely Tobin's Q and
housing price inflation. All estimates are based on an unbalanced panel of quarterly data from 2001:Q1 to 2015:Q1 for 118
banks operating in Indonesia at end-2015. The estimated augmented ARDL models contain the contemporaneous and lagged
observations for the regressors as indicated; with the exception of the long-run effect of regressors, coefficient estimates
have been summarized by their sum. In this regard, two null hypothesis test are reported for each regressor: (1) the sum of
coefficients equals zero, and (2) every coefficient is equals zero. The table also reports a series of specification tests for all
regressions: (1) absence of serial correlation of orders 1 to 4; and (2) lack of cross-sectional dependence. And for 2SFE a
series of additional tests are reported: (1) all coefficients in the "first-stage" regression are zero; (2) all coefficients of the
outside instruments are zero; and (3) instruments are valid (orthogonal to the residuals). In all cases, the null hypothesis is
rejected at the 5 (10) percent significance level whenever the p-value (marginal significance level) is less than 5

(10) percent.
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Table 5. Response of Loan Growth to Changes in Bank-Specific Fundamentals
and Macroeconomic Variables: Extended Model with Long-Run Growth
Determined by Macroeconomic Variables and Levels of Bank-specific
Fundamentals (Eq. 8)

Fixed-effects estimation Two-stage fixed-effects estimation
Sum of Hypothesis tests Sum of Hypothesis tests
Lags L. -
ff] i ff] i
Dependent variable: Real loan growth: Al, , included: coe. icient  Sum equals zero Exclusion test coe. icient Sum equals zero Exclusion test
E s estimates (p-value) (p-value) estimates (p-value) (p-value)
Short-run dynamic effects
Lagged dependent variable
Real loan growth: Al 1to4 0.324 13.8 (0.00)  59.2 (0.00) 0314 125 (0.00)  55.0 (0.00)
Change in nominal lending rate
Change in nominal lending rate: Al‘,’y,,c Oto4 -1.049 -3.3 (0.00) 11.3 (0.00) 1.799 0.8 (0.40) 6.2 (0.00)
Change in bank specific fundamentals
Change in non-performing loan ratio: ANPLR,,_ 1to5 -0.690 -4.6 (0.00) 10.5 (0.00) -0.559 -3.1 (0.00) 6.1 (0.00)
Change in liquid assets ratio: ALATA,, 1to5 -0.019 -0.8 (0.42) 0.4 (0.86) -0.005 -0.2 (0.84) 0.1 (0.99)
Change in capital ratio distance: ACARD,, | 1to5 -0.415 -3.4 (0.00) 5.1 (0.00) -0.437 -3.5 (0.00) 5.1 (0.00)
Change in capital ratio distance squared: ACARD,%, s 1to5 0.031 0.4 (0.70) 1.1 (0.34) 0.027 0.3 (0.75) 1.4 (0.23)
Change in macr ic variables (c effects)
Change in policy rate: Al‘f,\ Oto4 -0.340 -0.9 (0.38) 2.6 (0.03) -1.523 -1.6 (0.11) 2.4 (0.04)
Change in real GDP growth: ARGDPG,__ Oto4 -6.706 -2.2 (0.03) 16.0 (0.00) -5.842 -1.8 (0.07) 14.9 (0.00)
Change in inflation rate: AINF, | Oto4 -2.625 -3.2 (0.00) 14.7 (0.00) -2.776 -3.2 (0.00) 14.1 (0.00)
Long-run effects
Bank-specific
Non-performing loan ratio: NPLR,, | 1 -0.081 -2.5 (0.01) 6.1 (0.01) -0.090 -2.6 (0.01) 6.8 (0.01)
Liquid assets ratio: LATA, 1 0.026 3.9 (0.00)  14.8 (0.00) 0.026 3.7 (0.00)  13.9 (0.00)
Capital ratio distance: CARD, , | 1 0.195 7.2 (0.00)  52.2 (0.00) 0.191 6.8 (0.00)  46.5 (0.00)
Capital ratio distance squared: CARD,ZH 1 -0.070 -3.7 (0.00) 13.8 (0.00) -0.066 -3.4 (0.00) 11.4 (0.00)
Macroeconomic (common)
Real GDP growth: RGDPG, 0 4.929 5.0 (0.00) 24.8 (0.00) 5.945 4.7 (0.00) 22.1 (0.00)
Adjusted R” 0.166 0.166
Standard error of the regression 0.110 0.113
Number of observations 5786 5786
Memo items
Lagragian Multiplier test for serial correlation
Order1 0.61 (0.54) 0.34 (0.73)
Order 2 0.21 (0.84) 0.19 (0.85)
Order 3 -0.38 (0.70) -0.51 (0.61)
Order 4 -2.08 (0.04) -1.95 (0.05)
F-test for first stage regression 13.77 (0.00)
F-test for first stage outside instruments 4.95 (0.00)
Wu-Hausman exogeneity test 1.93 (0.17)
Hansen over-identification test 0.32 (1.00)
Pesaran cross-sectional dependence test 1.08 (0.28) 1.57 (0.12)

Source: Bank Indonesia and authors' calculations. Note. As indicated, pooled panel estimates correspond to either fixed
effects or two-stage fixed effects estimators. The latter includes two sets of outside instruments, namely Tobin's Q and
housing price inflation. All estimates are based on an unbalanced panel of quarterly data from 2001:Q1 to 2015:Q1 for 118
banks operating in Indonesia at end-2015. The estimated augmented ARDL models contain the contemporaneous and lagged
observations for the regressors as indicated; with the exception of the long-run effect of regressors, coefficient estimates
have been summarized by their sum. In this regard, two null hypothesis test are reported for each regressor: (1) the sum of
coefficients equals zero, and (2) every coefficient is equals zero. The table also reports a series of specification tests for all
regressions: (1) absence of serial correlation of orders 1 to 4; and (2) lack of cross-sectional dependence. And for 2SFE a
series of additional tests are reported: (1) all coefficients in the "first-stage" regression are zero; (2) all coefficients of the
outside instruments are zero; and (3) instruments are valid (orthogonal to the residuals). In all cases, the null hypothesis is
rejected at the 5 (10) percent significance level whenever the p-value (marginal significance level) is less than

5 (10) percent.
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Figure 1. Cumulative Responses of Loan Growth and Capital Ratio Distances to a +1
Percentage Point Shock to Capital Ratios at Different Time Horizons, for Banks with
Different Initial Capital Ratio Distances (Eq. 8 and Eq. 9)

Cumulative L7 164
response of 1.6
loangrowth g

Percent
o
(9]

0.39

N ————
Response of  ececemmememT

capital ratio 0.6
distance(CARD) 0.7
-5-4-3-2-1012 3 456 7 8 9101112131415

Initial Capital Ratio Distance (CARD) (in percent)

_________ Lending, 4 quarters = = = |ending, 8 quarters
e | ending, 12 quarters e | o nding, 16 quarters
--------- CARD, 4 quarters = = = CARD, 8 quarters

CARD, 12 quarters

CARD, 16 quarters

Note. Cumulative responses of loan growth can be interpreted as effects on loan levels. Due to the nonlinearity of the
estimated model, responses are history-specific. The responses shown in the Figure were obtained by applying the capital
shock in the first quarter of 2005. “Initial CARD” is defined to include the history up to time =0, and thus, pre-shock
CARD levels at +=0,-1,-2,... differ across (cumulative) impulse responses.
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Figure 2. Pairwise Relationships between Real Loan Growth and
Changes in Capital Ratio Distance
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Source: authors' calculations. Note. The Figure shows 118 time-averages for each of the banks operating at end-2015 and
averages across banks for each of the 54 quarters from 2001:Q1 to 2015:Q1. The line stems from a simple OLS regression
for the corresponding data.
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Figure 3. Impulse Responses of Loan Growth: Shocks to Capital Ratio Distance (Eq.

8 and Eq. 9)
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Source: authors' calculations. Note. The Figure shows percentiles of the (quarterly) distributions of bank-specific
and history-specific impulse responses for one percentage point shocks to ACARD . The shock is applied in the

CARD

first quarter of 2005 and lasts one quarter (®,," = 1 percentage point in the first quarter, when ¢ =0, and 0

thereafter). Thus, CARD increases by 1 percentage point on impact (¢ = 0), and then evolves endogenously.
Cumulative responses of loan growth (rates) can be interpreted as effects on loan levels.
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Figure 4. Cumulative Responses of Loan Growth to +/- 1, 5 and 10 Percentage
Point Shocks to Capital Ratios, for a Bank with Average Capital Ratio Distance
(Eq. 8 and Eq. 9)
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Note. Cumulative responses of loan growth (rates) can be interpreted as effects on loan levels. Due to the
nonlinearity of the estimated model, responses are history-specific. The responses shown in the Figure were
obtained by applying the capital shock in the first quarter of 2005 to a hypothetical bank with “average” capital
ratio distance.

Figure 5. Cumulative Response of Aggregate Loan Growth for +/- 1 Percentage
Point Shocks to the Capital Ratio Distance (Eq. 8 and Eq. 9)
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Note. Cumulative responses of loan growth (rates) can be interpreted as effects on loan levels. Due to the
nonlinearity of the estimated model, responses are history-specific. The responses shown in the Figure were
obtained by applying the capital shock in the first quarter of 2005.
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APPENDIX I. IMPULSE RESPONSES

The impulse response function for bank i, /R (.), to a ACARD shock in period # =0 can be
expressed as the difference between two forecasts:
IR(AL )=E[AL, | K@=, |-E[AL,/ B (@=0),k;' |,.s=1,2.3 ...,

1,82

where k(@) = {...,A)Nc,-,o,AxiJ,... Ax } and k' = {...,Azi,O,Azi,l,...,Az,S,l} denote the

’ i,s—1 i

histories of Ax,, and Az,, up to time s—1; ©'= (0);,0') is defined as

A}[,O _ Ax,"() +[0)xj.
Az ) (A, ) L0 )

CARD

and 1 denotes the “shock” vector, where the variable w, ;" takes the value 1 and all others

are zero, so that the baseline and counterfactual forecasts correspond to expectations of loan
growth when @ =0and ® =1, respectively.’*” Impulse responses for ACARD,

,8 2

s=1,2,3 ..., can be defined and computed in an analogous manner.

For the ARDL model that includes both a linear and a quadratic term for ACARD , explicit
derivation of impulse responses for s =1,2 can illustrate the fact that impulse responses are

b9

“history-specific”, “shock-specific”, and “asymmetric”. To simplify notation, we omit
subscript i and the conditioning histories in the expectations operator E(.).

As of time t =0, ACARD, and Al, are given as part of the history upon which the forecasts
are conditioned. The realization of the capital shock implies ACARD, = ACARD, + w;**"; as

the minimum capital requirement CAR remains unchanged, it follows that
CAR, = CAR, + """ .

The one-quarter ahead baseline and counterfactual forecasts for loan growth, which are
respectively denoted by E(Al) and E(Al), are given by:

E(AL)=&+a,-Aly+a, AL, +...+ B, -ACARD, +y, -(ACARD, )’ + 3, - ACARD_, +y, -(ACARD )’ + 9,

3¢ When the specification allows for CARD to have long-run loan growth effects, that is, when it also appears
in levels, as in equation (8), the dynamic forecasting model includes an identity tying the level of CARD to its
respective change. Also, in versions of the model that include the quadratic term ACARD® an identity also
ties the level of CARD to its squared term.

37 Jorda (2005) proposed using multiple forecasting models (optimized for specific forecast horizons) to
compute impulse responses using “local projections.” These impulse responses simplify statistical inference and
appear more robust to misspecification of the data generating process. But they come at a cost of lost degrees of
freedom (equal to the maximum horizon of interest). Here, these would exhaust the degrees of freedom for an
individual bank by forecast horizon eight. Moreover, confidence intervals from impulse responses based on
local projection have been found to be less reliable those based on standard methods (Kilian and Kim, 2011).
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EAL)=&E+a,-Al,+a, AL, +...+ 3, - ACARD, + ¥, -(ACARD('))z +,-ACARD_, +y,-(ACARD )"+,
where 9 summarizes additional terms that are cancelled out in the calculation of the impulse

response which is given by: IR(Al, )= E(Al, = Al )=(f,+2-y,-ACARD, )- ;" +y, ‘(oagARD )2.

Note that the one-quarter ahead response of loan growth is quadratic on the size of the shock;
thus, the response is shock-specific and asymmetric. This response also depends on the
historical information summarized in ACARD, but not on the history prior to time #=0.

The one-quarter ahead impulse response for ACARD is given by:

IR(ACARD,) = E(ACARD, — ACARD, ) = —CAR, - E(Al,)+ CAR, - E(Al,), which after some
substitutions can be expressed as a function of the shock, the baseline forecast for loan
growth, and the impulse response for loan growth:

IR(ACARD,) = o - E(AL)— CARD, - IR(AL).

Note that £(A/,) and thus IR(ACARD,) depend on the whole history of right-hand side
variables that enter the loan growth baseline forecast (not just ACARD, ).

The two-quarter ahead response of loan growth can be written as follows:
IR(AL) = E(AL, —AL)=a, - IR(AL )+ 3, - IRCACARD, ) + 3, - w5 **”

+7,-{IR(ACARD, )’ +2-ACARD, - IR(ACARD, )}

+7, .{(mg*““’ )’ +2-ACARD, mOCARD}.

Note that the response depends on ACARD, = E*Y® —CAR, - Al,, and thus, changes in the

value of Z*V¢ affect the impulse responses for s = 2,3, .... However, as discussed in the

main text (footnote 30), Z*V only exerts second order (negligible) effects in the numerical

impulse responses—results are robust to sizable changes in the value of this parameter.

APPENDIX II. DATA SOURCES AND DEFINITIONS

Liquid assets to total assets ratio. Liquid assets comprise cash, bonds (SBI, SDBI, and SBN),
reverse repos, term deposits, and balances and placements with the central bank (after
deducting mandatory reserves).

Non-performing loan ratio. In Indonesia, the classification of loans and the provisioning
requirements (indicated in parenthesis) are as follows: pass (1 percent), special mention

(5 percent), substandard (15 percent), doubtful (50 percent), and loss (100 percent); the last
three categories correspond to “non-performing” loans.

Tobin’s Q. Measures of Tobin’s Q for the corporate loan exposures of individual banks were
constructed by combining historical series of Q measures by sector of economic activity and
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supervisory data about the sectoral distribution of each bank’s loan portfolio. The exact
definition and data surce (in parenthesis) are as follows: Tobin’s Q = Total assets
(Worldscope item 02999) plus market value of equity (Worldscope item 08001) minus book
value of equity (Worldscope item 03501) divided by total assets (Worldscope item 02999).

Appendix Il,Table 1. Sectoral Mapping for Calculation of
Tobin’s Q of Bank-specific Corporate Borrowers

Bl Loan Classification by

Sectoral Classification In Datastream (Tobin's Q)

Economic Sector Sector Share by Assets Number of Companies

Agriculture, Livestock, Forestry & Fishery Consumer Goods 10 96

Miningand Quarrying Basic Materials 10 79

Manufacturing Industry Industrials 5 88

Electricity, Gas and Water Supply Utilities 1 3

Construction Industrials 5 88

Trade, Hotel, and Restaurant Consumer Services 3 65

Transport and Communication Telecommunications (0.47) and Industrials (0.53) 5 (Telecommunications) + 5 (Industrials) 9 (Telecommunications) + 88 (Industrials)
Financial, Ownership & Business Services Financials 63 143

Services Consumer Services (0.87)and Health Care (0.13) 3 (Consumer Servces) + 1 (Health Care) 65 (Consumer Servces) + 15 (Health Care)

Other

Average of all other sectors

Source: Worldscope and and authors' calculations.

APPENDIX III. ROBUSTNESS ANALYSIS

Appendix I1I-Table 1 shows regression estimates corresponding to equation 8 (2SFE) where
either inflation is included as a macroeconomic determinant of long-run loan growth or a
single instrument (house price inflation or Tobin’s Q) is used. The results of the former fail
the Wu-Hausman specification test at the 10 percent marginal significance level, while the
results of the latter are qualitatively unchanged from those discussed in the main text.
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Appendix Ill, Table 1. Robustness Analysis: Regression Results

Inflation as Long-Run Growth Determinant Single Instrument: House Price Inflation Single Instrument: Tobin's Q
Two-stage fixed-effe imati Two-stage fixed-effects estimation Two-stage fixed-effects estimation
Sum of Hypothesis tests Sum of Hypothesis tests Sum of Hypothesis tests
Lags : - - N . -
Dependent variable: Real loan growth: Al, included: coeffment Sumequals zero  Exclusion test cDEffICIent Sumequals zero  Exclusion test caefﬁment Sumequals zero  Exclusion test
s estimates (p-value) (p-value) estimates (p-value) (p-value) estimates (p-value) (p-value)
Short-run dynamic effects
Lagged dependent variable
Real loan growth: A/, 1to4 0.307 113 (0.00)  48.8 (0.00) 0.320 12.4 (0.00)  57.7 (0.00) 0314 118 (0.00)  54.6 (0.00)
Change in nominal lending rate
Change in nominal lending rate: Ail, Oto4 4228 1.6 (0.11) 5.9 (0.00) 0.088 0.0 (0.98) 6.3 (0.00) 1.974 0.6 (0.54) 6.0 (0.00)
Change in bank specific fundamentals
Change in non-performing loan ratio: ANPLR,, 1to5 -0.532 -2.7 (0.02) 5.3 (0.00) -0.638 -3.1 (0.00) 6.3 (0.00) -0.551 -2.6 (0.01) 5.6 (0.00)
Change in liquid assets ratio: ALATA,, 1to5 0.010 0.4 (0.72) 0.1 (0.98) -0.013 0.5 (0.63) 0.2 (0.97) -0.004 -0.2 (0.88) 0.1 (0.99)
Change in capital adequacy distance: ACARD,, | 1to5 -0.469 -3.5 (0.00) 5.1 (0.00) -0.424 -3.4 (0.00) 4.8 (0.00) -0.439 -3.4 (0.00) 4.8 (0.00)
Change in capital adequacy distance squared: ACARD], | 1to5 0.029 0.3 (0.74) 1.7 (0.13) 0.029 0.4 (0.72) 1.1 (0.33) 0.026 0.3 (0.75) 1.2 (0.29)
Change in i i effects)
Change in policy rate: A’ Oto4 -2.106 -1.9 (0.05) 2.2 (0.05) -0.812 -0.6 (0.54) 1.8 (0.11) -1.595 1.1 (0.25) 1.9 (0.08)
Change in real GDP growth: ARGDPG,_; Oto4 -3.790 -1.1 (0.29) 12.6 (0.00) -6.361 -2.0 (0.05) 14.5 (0.00) -5.788 -1.7 (0.08) 14.1 (0.00)
Change in inflation rate: AINF,_ Oto4 0.039 0.0 (0.98) 1.1 (0.37) -2.685 -3.2 (0.00)  14.6 (0.00) -2.785 -3.2 (0.000  14.0 (0.00)
Long-run effects
Bank-specific
Non-performing loan ratio: NPLR,,, 1 -0.071 -1.9 (0.05) 3.7 (0.05) -0.085 2.5 (0.01) 6.0 (0.01) -0.090 -2.6 (0.01) 6.5 (0.01)
Liquid assets ratio: LATA, 1 0.025 3.4 (0.00) 11.5 (0.00) 0.026 3.8 (0.00) 14.7 (0.00) 0.026 3.7 (0.00) 13.8 (0.00)
Capital adequacy distance: CARD,,_, 1 0.190 6.4 (0.00)  40.7 (0.00) 0.194 7.0 (0.00)  49.3 (0.00) 0.191 6.7 (0.00)  45.3 (0.00)
Capital adequacy distance squared: CARD,ZH 1 -0.064 -3.0 (0.00) 9.3 (0.00) -0.069 -3.5 (0.00) 12.4 (0.00) -0.066 -3.3 (0.00) 10.9 (0.00)
Macroeconomic (common)
Real GDP growth: RGDPG, 0 5.937 4.4 (0.00) 19.5 (0.00) 5.334 3.6 (0.00) 13.1 (0.00) 6.007 3.9 (0.00) 10.9 (0.00)
Inflation: INF, 0 -0.971 -2.6 (0.01) 7.0 (0.01)
Adjusted R2 0.167 0.166 0.166
Standard error of the regression 0.120 0.110 0.113
Number of observations 5786 5786 5786
Memo items
Lagragian Multiplier test for serial correlation
Order 1 0.14 (0.83) 0.50 (0.62) 0.32 (0.75)
Order 2 0.09 (0.90) 0.21 (0.83) 0.19 (0.85)
Order3 -0.55 (0.60) -0.44 (0.66) -0.52 (0.61)
Order4 -1.87 (0.06) -2.02 (0.04) -1.94 (0.05)
F-test for first stage regression 13.55 (0.00) 13.77 (0.00) 13.77 (0.00)
F-test for first stage outside instruments 3.64 (0.00) 3.90 (0.00) 9.39 (0.00)
Wu-Hausman exogeneity test 4.85 (0.03) 193 (0.17) 1.93 (0.17)
Hansen over-identification test 0.33 (1.00) 0.33 (1.00) 0.32 (1.00)
Pesaran cross-sectional dependence test 6.44 (0.00) 1.55 (0.12) 1.66 (0.10)

Source: Bank of Indonesia and authors' calculations. Note. As indicated, pooled panel estimates correspond to two-stage
fixed effects estimators using a single (outside) instrument, namely Tobin's Q or housing price inflation. All estimates are
based on an unbalanced panel of quarterly data from 2001:Q1 to 2015:Q1 for 118 banks operating in Indonesia at end-2015.
The estimated ARDL models contain the contemporaneous and lagged observations for the regressors as indicated; with the
exception of the long-run effect of regressors, coefficient estimates have been summarized by their sum. In this regard, two
null hypothesis test are reported for each regressor: (1) the sum of coefficients equals zero, and (2) every coefficient is
equals zero. The table also reports a series of specification tests for all regressions: (1) absence of serial correlation of orders
1 to 4; and (2) lack of cross-sectional dependence as well as (4) all coefficients in the "first-stage" regression are zero; (5) all
coefficients of the outside instruments are zero; and (6) instruments are valid (orthogonal to the residuals). In all cases, the
null hypothesis is rejected at the 5 (10) percent significance level whenever the p-value (marginal significance level) is less
than 5 (10) percent.
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APPENDIX IV. EQUATION (9) ESTIMATION AND ROBUSTNESS OF IMPULSE RESPONSES

Conditional on the “drag” coefficient of -1, the estimation of equation (9) is limited to Z*"¢

for i =1,2,...,118. These estimates correspond to the bank-specific intercepts in a panel

regression ( “fixed-effects”) and are shown in Appendix IV-Table 1. The log-likelihood test

contrasting the restricted model (OLS) with the unrestricted model (fixed-effects) does not

E AVG

reject the null hypothesis Z*"¢ = at standard significance levels.

Appendix IV, Table 1. Panel Estimation of Equation (9)

I- Least square dummy variable (unrestricted) regression

Banks 1to 40 Banks 41to 80 Banks 81to 118
Bank Intercept  Std Error T-Stat Significance Bank Intercept  Std Error T-Stat Significance Bank Intercept  Std Error T-Stat Significance
1 0.005 0.014 0.40 0.69 41 0.008 0.014 0.61 0.54 81 0.004 0.014 0.31 0.76
2 0.004 0.014 0.32 0.75 42 0.012 0.014 0.87 0.38 82 0.004 0.014 033 0.74
3 0.004 0.014 0.29 0.77 43 0.013 0.014 0.92 0.36 83 0.013 0.014 0.96 0.34
4 0.005 0.014 0.37 0.71 44 0.006 0.014 0.47 0.64 84 0.003 0.014 0.23 0.82
5 0.008 0.014 0.56 0.58 45 0.005 0.014 0.36 0.72 85 0.006 0.014 0.41 0.68
6 0.009 0.014 0.69 0.49 46 0.013 0.014 0.98 033 86 0.025 0.014 183 0.07
7 0.007 0.014 0.53 0.60 47 0.005 0.014 0.38 0.71 87 0.002 0.014 0.13 0.89
8 0.006 0.014 0.41 0.68 48 0.007 0.014 0.54 0.59 88 0.002 0.014 0.11 0.91
9 0.006 0.014 0.42 0.68 49 0.009 0.014 0.65 0.51 89 0.008 0.014 0.62 0.54
10 0.008 0.014 0.57 0.57 50 0.011 0.014 0.82 0.41 920 0.003 0.014 0.23 0.82
1 0.007 0.014 0.54 0.59 51 0.011 0.014 0.82 0.41 91 0.015 0.014 110 0.27
12 0.002 0.014 0.14 0.89 52 0.012 0.014 0.89 0.37 92 0.064 0.014 4.68 0.00
13 0.011 0.014 0.80 0.42 53 0.010 0.014 0.73 0.46 93 0.071 0.014 5.18 0.00
14 0.060 0.014 4.37 0.00 54 0.005 0.014 033 0.74 94 0.010 0.014 0.72 0.47
15 0.021 0.014 154 0.12 55 0.007 0.014 0.51 0.61 95 0.013 0.014 0.98 0.33
16 0.013 0.014 0.97 0.33 56 0.006 0.014 0.46 0.64 96 0.055 0.014 3.90 0.00
17 0.029 0.014 2.09 0.04 57 0.010 0.014 0.73 0.47 97 0.007 0.014 0.51 0.61
18 0.004 0.014 031 0.76 58 0.009 0.014 0.67 0.51 98 0.017 0.014 121 0.22
19 0.027 0.014 2.01 0.04 59 0.014 0.014 0.99 0.32 9 0.009 0.014 0.65 0.51
20 0.013 0.014 0.94 0.35 60 0.011 0.014 0.82 0.41 100 0.035 0.014 257 0.01
21 0.013 0.014 0.92 0.36 61 0.017 0.014 121 0.23 101 0.028 0.014 2.04 0.04
22 0.001 0.014 0.07 0.94 62 0.013 0.014 0.95 0.34 102 0.002 0.014 0.17 0.86
23 0.009 0.014 0.66 0.51 63 0.005 0.014 0.36 0.72 103 0.020 0.014 144 0.15
24 0.003 0.014 0.25 0.80 64 0.011 0.014 0.81 0.42 104 0.005 0.014 033 0.74
25 0.018 0.014 132 0.19 65 0.006 0.014 0.45 0.65 105 0.023 0.014 171 0.09
26 0.042 0.016 2.65 0.01 66 0.005 0.014 0.37 0.71 106 0.025 0.014 1.83 0.07
27 0.050 0.014 3.69 0.00 67 0.006 0.014 0.41 0.68 107 0.017 0.014 127 0.20
28 0.007 0.014 0.50 0.62 68 0.022 0.014 1.65 0.10 108 0.010 0.014 0.73 0.47
29 0.000 0.014 0.02 0.99 69 0.002 0.014 0.18 0.85 109 0.004 0.014 0.32 0.75
30 0.066 0.016 4.17 0.00 70 0.001 0.014 0.08 0.94 110 0.003 0.014 0.22 0.82
31 0.006 0.014 0.43 0.67 71 0.031 0.014 2.30 0.02 m 0.006 0.014 0.45 0.65
32 0.004 0.014 0.32 0.75 72 0.017 0.014 122 0.22 112 0.007 0.014 0.55 0.59
33 0.002 0.014 0.13 0.89 73 0.004 0.014 0.27 0.79 113 0.013 0.014 0.98 033
34 0.003 0.014 0.19 0.85 74 0.009 0.014 0.68 0.50 114 0.005 0.014 0.38 0.70
35 0.002 0.014 0.12 0.91 75 0.011 0.014 0.83 0.41 115 0.004 0.014 0.26 0.79
36 0.008 0.014 0.57 0.57 76 0.036 0.014 2,63 0.01 116 0.022 0.021 1.04 0.30
37 0.006 0.014 0.42 0.67 77 0.003 0.014 0.18 0.85 117 0.003 0.014 0.24 0.81
38 0.010 0.014 0.71 0.48 78 0.001 0.023 0.05 0.96 118 0.020 0.014 147 0.14
39 0.004 0.014 0.28 0.78 79 0.003 0.014 0.25 0.80
40 0.006 0.014 0.46 0.64 80 0.002 0.024 0.08 0.93
Standard error of the estimate 0.10
Sum of squared residuals 65.9
Number of observations 6465

1I- Ordinary Least Squares (restricted) regression

Common intercept for bank "i" (i=1,2,3,...118) 0.0124 0.001 9.80 0.00
Standard error of the estimate 0.10
Sum of squared residuals 67.1
Number of observations 6465
Memo item
Log-likelihood ratio test
Chi squared (118 degrees of freedom) 115.05 0.56

Source: Bank Indonesia and authors' calculations. Note. All estimates are based on an unbalanced panel of
quarterly data from 2001:Q1 to 2015:Q1 for 118 operating in Indonesia at end-2015. The individual "fixed-effects"
intercepts correspond to the least square dummy variable (LSDV) estimates. The common intercept corresponds
to the ordinary least square (OLS) estimates of a common (panel-wide) intercept. All estimates have been
obtained for a "drag" coefficient of -1 in accordance with equation (9). The log-likelihood test contrasts the (sum
of squared residuals of the) LSDV and OLS.
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