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Bank credit portfolio allocation in pre and
post Covid times - The power of inherent
risks

David M. Ndwiga

The study seeks to determine how the bank credit allocation has evolved in pre — covid,
covid and post covid era amid possible uncertainties. Study focused on credit risk, liquidity
risk, industry competition and operating efficiency for 2010 — 2021 period. Panel
Autoregressive Distributed Lag and panel Generalized Method of Moments were applied for
bank level data while sectoral level Autoregressive Distributed Lag models were applied for
sectoral analysis. The study found credit, liquidity, covid are all negatively related to bank
credit allocation. In addition, interaction of covid with credit and liquidity risks reveal that
the effect of liquidity risk is more pronounced. Recovery era simulation posits that personal
household sector would register the highest allocation with real estate sector allocation
being last. The study calls for more vigilance in the post pandemic times as credit risk is
likely to reveal itself amid relaxation in loan reclassification. Further, a more proactive
monetary policy is advocated for to address the liquidity distribution challenges.
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n the advent of Covid — 19 pandemic, the banking industry

globally has witnessed unprecedented changes with credit

portfolio reallocation being eminent in the bank’s loan
book. To this effect, the quality of the banking industry assets has
generally deteriorated owing to increased defaults thus limiting
the bank capability and appetite towards advancing more loans.
In addition, increase in the loan provision amid increase in non —
performing loans has been evident during Covid times in attempt to
cushion banks from possible credit losses. It's notable that all these
developments are happening amid declining bank earning. Arising
from these development is the inefficiency in credit allocation hence
adverse effect on credit intermediation that is crucial in support post
- Covid recovery process.

According to European Central Bank (2020) and the IMF (2020b), the banking
industry stress testing, to assess the sensitivity of bank capital ratios under adverse
conditions reveal that banks that are most at risk include those that entered the
crisis with existing idiosyncratic problems or those heavily exposed to the sectors
most affected by the COVID-19 crisis, and whose capital ratios might not withstand
the upcoming challenges. The deterioration in asset quality and rising loan losses
following the COVID-19 pandemic is therefore likely to further weaken banks'
capabilities to absorb higher loan losses and possibly their lending supply. This
analysis findings signifies the power of inherent risks in so far as determination of
bank’s portfolio allocation and appetite for loans advances is concerned.

The effect of the pandemic on the banking industry resilience and ability to absorb
more loans and advances is underscored in this study. Deterioration of the bank
assets quality during pandemic arising from high defaults risks posed a risk of
potential capital erosion. Of concern here therefore is the assessment of the bank
capital that would be needed to absorb higher loan losses and the subsequent
capital erosion of banks' requlatory capital ratios in pandemic period. However,
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its notable that though deterioration in bank assets
quality could be linked to Covid — 19 pandemic, the
effects on the industry resilience is totally different
where the industry was already suffering from low
asset quality even prior to the pandemic (ECB, 2020q).

Therefore, a study on the inherent risks emanating
from the pandemic and how these affects banks' credit
supply crucial. Therefore, this study seeks to assess to
what extent did the inherent market risks affect bank
credit allocation during the COVID-19 pandemic era
and secondly is to examine how bank credit allocation
would look like on the backdrop of a given monetary
policy scenario in the recovery period. The rationale
here is that during the pandemic, the decline on the
banking industry asset quality posed inherent risks in
the bank’s balance sheet by undermining the banks
ability to intermediate credit and offer the possible
support for recovery in post covid times. In addition,
the simulated credit allocation in post covid era under
existing monetary policy scenario is undertaken in the
study. The simulations are based on the assumption
that extensive monetary supportis crucial in obviating
some of the inherent risks and uncertainties likely to
affect credit allocation in post covid times.

/

A review of the state of the banking industry in the
Covid, Covid and post Covid pandemic indicates that
Kenya’s banking industry entered the Covid era in
a largely stable and resilient state. Its notable that
the industry remained resilient to the pandemic
in 2020, supported by strong capital and liquidity
buffers, reforms undertaken since 2015, leveraging
on modern innovative financial technologies and
business models, repeal of the interest rates capping
law and Covid—19 policy measures (CBK Financial

ONE

Stability Report, 2021). The policy support by the
requlator, saw the industry restructure Ksh 1.7 trillion
loans translating to 54 percent of the total gross
loans by March 2021. During this period, banks got
an opportunity to re-adjust and build their capital
and liquidity buffers, contributing to stability of the
industry.

In terms of credit allocations, the banks risk taking
appetite slowed down with a shift towards less risky
assets. In fact, the industry loans and advances and
investments in Government securities accounted for
50 percent and 30 percent of net assets in December
2020, compared to 54.8 percent and 31 percent in
June 2021. Since the fourth quarter of 2015, growth
rate of government securities have outpaced growth
in loans and advances, highlighting the risk aversion
of banks during the pandemic period. Increased
appetite for government securities, accumulation
foreign denominated assets and skewed lending to
large firms was a good reflection of the industry’s
flight to safety during the pandemic as credit risk
increased.

A review of the industry’s liquidity levels reveals
that the liquidity ratios stood above the minimum
statutory level of 20 percent at an average liquidity
ratio of 56.2 percent in the same period. Further, the
core capital and total capital to total risk weighted
assets ratios averaged 16.5 percent and 18.9 percent
in the year to June 2021, compared to an average
of 16.4 percent and 18.4 percent, respectively, since
December 2016, against the minimum statutory core
and total capital requirement of 10.5 percent and 14.5
percent, respectively (CBK Financial Stability Report,
2021).
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Figure 1: Trends in industry asset quality, liquidity levels and nonperforming exposure
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Further, review of the current years'banking industry ~ assets increased from KSh 1,746 billion in December
liquidity levels indicates banks'liquidity remains high, 2019, to KSh 2,131 billion in December 2020, and
averaging above 20 percent minimum requlatory  KSh 2,326 billion in June 2021, with liquidity ratio
requirement, hence no immediate liquidity risk. Liquid ~ averaging 56.8 percent in June 2021.

Figure 2: Trends on banking industry liquidity ratio against requirement threshold
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The novelty of this study is hinged on the quest
why is bank credit allocation in pre and post Covid
era important?. To answer this quest, the study
cross examine the existing empirical works in this
area of study. Its evident that the advent of Covid
19 occasioned a “new normal” globally. Further,
we note that the new normal came with market
disruptions that affected markets at large. One of
such markets was the credit markets whereby new
normal presented some inherent market risks that
affected market credit supply. Further, we note that
this being a new global crisis, the response measures
putin play are expected to have had unique effects in
the credit market. Therefore, the generalization of the
effects of other past crises on credit markets would be
misleading given the unique nature of the Covid 19
pandemic.

Further, this study notes that the effects of the
pandemic on the real economy was a sufficient
ground for the for constrained bank lending due to the
possible credit risk. Further, this having been a unique
pandemic, its possible that the lender adopted a wait
and see scenario and the crisis unfolded. Though one of
the outright risk is the credit risks, the question posed
by this study is are there other risks that could have
been eminent in this crisis beyond the credit risk that
are likely to have had an effect on banking industry’s
credit allocation? This question is necessitated be the
very measures implemented targeting the industry. It
is very clear that much of the measures to the industry
majorly focused on credit risk such as bank loan
reclassification. Therefore, an examination into other
possible risks beyond credit risks would be of great
addition into the empirical work in this area.

Acharya et al (2017) asserts that banks' credit
allocation is procyclical in nature thus its influenced
by shocks in the economy. Therefore, covid being
one of the shocks to the world, its expected that the
bank credit allocation. During the pandemic, financial
institutions such as banking sector has suffered an
immediate exogenous shock (Elnahass, Trinh & Li,
2021). Existing studies in this area unanimously agree
that during the pandemic, the banking industry’s
asset quality deteriorated considerably. Colak and
Oztekin (2021) assert that during the crisis, financial
intermediaries, bank loan, and credit markets are
significantly negatively affected leading to credit
supply constraints. Similarly, Ari et al (2021) assert
that deep recession associated with the Covid-19
crisis inevitably led to high non-performing loans and
weaken bank balance sheets.

However, despite this evidence, it is eminent that
scanty empirical work in less developed markets
does exist. In addition, majority of the existing
empirical work is more biased towards credit risk
arising from deteriorating banks assets quality hence
being mute on other inherent risks likely to have rose
from the Covid pandemic. Moreover, the empirical
work in this area are short of offering the linkage
between the market risks associated with Covid
and the bank credit allocation more so the sectoral
credit allocation. Moreover, studies in this area shy
away from undertaking simulations of bank credit
allocation in post covid / recovery period on the
backdrop of supportive monetary policy which is key
in supporting economy’s post covid recovery process.
This study seeks to fill in all these research gaps, hence
its timeliness and worth. Therefore, by undertaking
this study, the study sought to answer two pertinent
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questions. First is to what extent did the bank credit
risk, liquidity risk, bank competition level affect credit
allocation in pre - covid and covid era and secondly
how would banking industry credit allocation look like
in the recovery period under the existing monetary
policy scenario?

Further, an investigation into bank credit allocation
in covid and post covid era in so far as the power of
the inherent risks is concerned is crucial given the role
that bank credit stand to play in supporting economic
growth in the recovery period. Further, the importance
of undertaking an assessment of bank credit allocation
in covid and post covid era is informed by the assertion
that crises offer best opportunity to learn what works
in economics, finance, or any field of research. As
pointed out by Rajan (1994); Berger and Udell
(2004); Thakor (2005); Acharya and Nagvi (2012)
just like seeds of future crises are sown during booms,
arisis and downturns provide a ground to evaluate
what works and what does not as well as offering
opportune time for corrective policies / measures to
SUpport recovery.

However, despite this evidence, it is eminent that
scanty empirical work in less developed markets
does exist. In addition, majority of the existing
empirical work is more biased towards credit risk
arising from deteriorating banks assert quality hence
being mute on other inherent risks likely to have rose
from the Covid pandemic. Moreover, the empirical
work in this area are short of offering the linkage
between the market risks associated with Covid
and the bank credit allocation more so the sectoral
credit allocation. Moreover, studies in this area shy
away from undertaking simulations of bank credit

allocation in post covid / recovery period on the
backdrop of supportive monetary policy which is key
in supporting economy’s post covid recovery process.
This study seeks to fill in all these research gaps, hence
its timeliness and worth. Therefore, by undertaking
this study, the study sought to answer two pertinent
questions. First is to what extent did the bank credit
risk, liquidity risk, bank competition level affect credit
allocation in pre - covid and covid era and secondly
how would banking industry credit allocation look like
in the recovery period under the existing monetary
policy scenario?

A quest to answer these two questions would be of
significance in three-fold. First, is the significance in
the banking industry players majorly the commercial
banks. The study findings would elicit understanding
on how the market risk and other associated risks
affect bank credit allocation during crisis thus
informing players reassessment of their respective
credit models in post crisis era to support recovery.
In addition, would be the informing of the players
preparedness in possible future crisis. Secondly, is the
significance to the policy development especially in
50 far as monetary policy stance pronouncement is
concerned. By simulating how credit allocation on the
backdrop of the monetary stance, the study findings
would be key in invoking policy discussion on how
the authority would tweak the policy rate in a manner
that it supports bank’s credit allocation to the sectors
that were hardly hit by the pandemic. Further is the
importance in eliciting the linkage between monetary
policy and private sector credit growth majorly via
the quantity channel whereby a conducive monetary
policy would incentivise commercial banks to grow
their loan book by lending more funds to borrowers.
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Lastly is the contribution to literature. It's notable  however be informed by the fact that Covid pandemic
that much of the empirical work in this area has s a recent global development hence research in this
been around crises such as global financial crisis of ~ area is crucial in adding to existing body of empirical
2007/2008, as well as other country specific crises. literature in this area. Undertaking this study is
Therefore, limited empirical literature dose exist  therefore timely in empirical literature contribution.
on banks credit allocation in Covid crisis. This could
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There exists several theories on credit allocation by the financial service providers.
This section reviews these theories upon which the study was anchored on.
According to Werner (2014), three typical banking theories are eminent which
explain the credit allocation within the banking industry. These include the credit
creation, the financial reserve, and the intermediation theories. Credit creation
theory emphasizes on the role of money creation in the loans disbursement and
accounting operations. On the other hand, financial reserve theory explains how the
banking system creates money collectively, whereas in the financial intermediation
theory, banks being the intermediaries, function as a medium to collect deposits
and lend out those deposits to benefit from the interest spread (Ravn, 2019;
Werner, 2016).

According to the credit creation theory, banks create credit by advancing loans
and purchasing securities. They lend money to individuals and businesses out of
deposits accepted from the public. However, it's notable that the customer deposits
are limited in meeting all the banking lending obligations. Therefore, banks
do not solely lend customer deposits but they can create money. Consequently,
bank creates hank deposits as a results of bank lending. The idea of credit creation
process by the bank is to overcome the constraint of relying on customer deposits
for lending. Therefore, according to the theory, banks'ability to create credit money
arises from combining lending and deposit taking activities. The relevance of this
theory to the study is the during crisis, credit creation is likely to be halted. Risks
averse behaviour amid credit risk in crisis times are likely to adversely affect bank
lending activities. However, on the other hand, the Risks averse behaviour in crisis
times are likely to push banks to engage in the purchase of the securities perceived
to be less risky. These two dimensions results into credit reallocation in the long run.
Therefore, the overall credit creation would be determined by the net of advancing
loans and purchasing securities.

The financial intermediation theory by Gurley and Shaw (1960) asserts that
banks being intermediaries play a crucial role in reducing transaction costs and
informational asymmetries in the financial markets. However, during the crisis
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period such as one witnessed in the Covid era,
market information asymmetry transaction costs rises
substantially due to high credit risks. The uncertainties
posed by the pandemic coupled with the inherent
risks made it difficult for the banks to ascertain the
true market risk level thus hindering efficient financial
resources allocation. This could in return have resulted
into some element of credit misallocation during the
crisis (World Bank, 2020). In addition, it's notable that
during the covid crises, government put a number of
borrower relief measures to cushion borrower. One of
the key measure was the loan restructuring. However,
in this study we note that while the borrower relief
measures help to reduce pressures on hanks' capital,
their extension can be associated with a negative
impact on banks’ liquidity, as the relief measures
translate into a potentially significant reduction on
cash flows and overall earnings on banks'loan books.

In addition, the extension of measures can feed into
borrowers’ expectations that moratoria constitute
a new normal, impeding a reversal to the status
quo pre-COVID-19, and exacerbating moral hazard
due to their deleterious effect on credit culture
and repayment discipline. Lastly, prolonging the
borrower relief measures may also be associated
with a misallocation of capital. Zombie borrowers,
whose financial difficulties predate COVID-19, will
exert considerable pressure to benefit from the
borrower relief measures. This can effectively lock
up the credit stock in underperforming economic
sectors and crowd out the financing needs of more
dynamic borrowers. This explains the application of
the financial intermediation theory in this study.

In fact, World Bank (2020) Policy note asserts that

TWO

during the crisis, the non-viable borrowers were kept
afloat and lingered around though still financially
distressed. However, on the contrary, the viable
borrowers did not get the depth and quality of long-
term restructuring measures they needed to fully
recover. Consequently, banks’ credit stock got stuck
in underperforming sectors, at the expense of newer
more dynamic sectors thus piling downward pressures
on banks asset quality. This was an indication of credit
misallocation.

A review of literature in this area of research reveals
that sizeable body of literature exists regarding
banks' credit allocation in crises periods. However,
it's notable that much of the empirical work in this
area has been around crises such as global financial
crisis of 2007/2008, as well as other country specific
crises. Therefore, limited empirical literature dose exist
on banks credit allocation in Covid crisis. This could
however be informed by the fact that Covid pandemic
is a recent global development hence research in this
area is crucial in adding to existing body of empirical
literature in this area. However, despite this scenario,
its noteworthy that review of such studies are core in
infoOrming banks' response to any form of crisis and
how the inherent uncertainties and risks posed by the
crisis feed into credit allocation dynamics.

Bolton et al, (2013) studied credit allocation
among Italian banks during crisis by examining
how relationship and transaction-banks respond
to the crisis. The study found that in line with the
basic predictions, relationship banks charged a
higher spread before the crisis, offer more favourable
continuation-lending terms in response to the crisis,
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and suffer fewer defaults. This finding confirms
informational advantage of relationship banking in
the sense that relationship banks gather information
on their borrowers, which allows them to provide
loans for profitable during a crisis. For this reason,
relationship banks are capable of cushioning
themselves from extending new credit facilities or
even prolonging the existing credit facility to low-
productivity firms in times of crisis. Therefore it can
be concluded that relationship banks shift their credit
allocation in favour of profitable firms in times of crisis
at the expense of low-productive firms hence likely to
register less defaults.

Demirguc-Kunt et al (2020) examined the banking
sector performance during the covid-19 crisis. The
study investigated how the banks performed in
the pandemic era as well as how different policy
interventions shaped the industry performance.
The study postulates that during the first phase of
the pandemic, the banking industry was faced with
liquidity shortages that were aggravated by high
volatilities in the security markets and forex markets.
During this period the interbank liquidity premium
rose substantially worsening the liquidity risk in the
industry. Moreover, the bank level analysis indicated
that banks with lower pre-crisis liquidity and oil sector
exposure also suffered greater reduction in returns,
consistent with their greater vulnerability to such a
shock.

Dung (2020) evaluated the role of funding liquidity
on bank credit allocation among the United States
commercial banks. The study reveals that banks that
rely more on deposits for lending tend to register
lower growth in their loan books. Therefore, the study

found that the leveraged effect of funding liquidity
is larger among the high-loan growth banks. An
examination into the role of funding liquidity on bank
credit allocation in 2007 / 2008 financial crisis period
indicates that the negative effects of funding liquidity
on lending seem to be clearer before the crisis and
espedially for large banks. However, the study reports
no relationship between lending and funding liquidity
after the crisis period.

Still on liquidity risk and banks credit allocation,
several studies report a negative effect on the bank
risk-taking. According to Dahir, Fauziah, and Noor
Azman (2018), a reduction in the liquidity risk leads
to increased banks risk taking appetite. The same
argument is upheld by Khan et al. (2017). In addition,
banks with weaker structural liquidity and highly
levered in a pre- crisis period have a high likelihood
for failure (Vazquez and Federico, 2015). Therefore, in
this regard, liquidity abundance is likely to increase
banks risk taking appetite which in turn leads to moral
hazard. The end result s excessive lending arising from
relaxed credit standards which could lead to asset
bubble (Acharya and Naqvi, 2012). Based on these
studies, its evident that upon the global financial crisis,
the banking industry requlators were cognisant of the
importance of strengthening liquidity management
andfinancial stability of banks developing frameworks
for assessing liquidity in banking in addition to more
stringent capital adequacy rules. This holds even in
post Covid — 19 era.

The effect of liquidity risk on the bank credit allocation
asserts the need for the banks to restructure their
balance sheet in preparation for crisis or in the post
crisis periods. Therefore, any adjustment towards
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increasing capital and liquidity buffers is a welcome
move in cushioning the bank against liquidity
crunches in crises period. A shift from reliance on
deposit for lending is core in cushioning the bank from
ex-post withdraw of funds by depositors (Tran and
Nguyen, 2018). During crisis, banks may experience
further difficulties and higher probabilities of failure.
The emphasis of the banks to reduce reliance on
deposits for lending is premised on the assertion that
during crisis, depositors become more aware of the
risk of losing their deposits, and then they increase
market discipline during the crisis by withdrawing
their deposits (Tran and Nguyen, 2018).

(yril et al (2022) examined bank capital buffers
and credit allocation in Covid — 19 times among
the European banks. The study motivation was
underpinned on the premises that banks would
deploy their capital buffers accumulated in pre Covid
times to absorb for loses during the crisis as well as
continue extending credit facilities to borrowers in the
arisis period. However, such risk taking is subject to
the bank's capital buffers proximity to the maximum
distributable assets levels.  The study found that
proximity to the maximum distributable assets trigger
results in lower lending. Spedifically, we find that
in addition, lower lending from banks in proximity
of the MDA trigger resulted in credit constraints to
firms exposed to these banks as lost loans were not
fully replaced. In particular, firms that prior to the
pandemic received most of their borrowing from
banks closer to the MDA trigger experienced about
2.5% lower borrowing during the pandemic in
comparison to firms that borrowed mostly from other
banks. The study document that this lack of perfect
credit substitution led to firms cutting down their

headcounts by close to 1% in comparison to other
firms.

A review of the monetary policy effect in credit
allocation amid the inherent risks posits that an
adoption of an expansionary monetary policy
increases the loanable funds available in the banking
industry which in turn could trigger a reduction
in the cost of credit. However, it's notable that the
response by different sectors or firms to this outcome
is dependent on the sector or firm heterogeneous in
50 far as the inherent risks facing the sectors of firms
is concerned. First, the expansionary monetary policy
will stimulate all the sectors / firms with productivity
higher than the cut-off level because of reduced
borrowing costs. As a result, the sectors and firms
with productivity near the cut-off will expand their
financing and investment activities.

Early empirical works by Kashyap, Lamont, and Stein
(1994) and Gertler and Gilchrist (1994) asserts that
the finandially constrained firms are more responsive
to monetary policy. Further, Ottonello and Winberry
(2018) showed that firms with low leverage are the
most responsive to monetary policy shocks. Therefore,
emanating from this finding, we could expect the
same to apply to the finandially constrained sectors.
However, a send strand of literature points out
towards monetary policy expansion causing credit
misallocation. Gopinath et al. (2017) found that,
following the imbalances emerging across Europe,
capital inflows into southern Europe lowered interest
rates, which in tum resulted in an increase in credit
misallocation across firms. It's therefore clear that
credit expansion through the monetary policy stance
plays a crucial role in alleviating financing constraints
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and promoting resource allocation efficiency. This informs the basis of undertaking a forecast on how bank credit
allocation would be on the wake of monetary policy stance.
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he financial intermediation theory by Gurley and Shaw

(1960) asserts that banks being intermediaries play a

crucial role in reducing transaction costs and informational
asymmetries in the financial markets. However, during the crisis
period such as one witnessed in the Covid era, market information
asymmetry transaction costs rises substantially due to high credit risks. The
uncertainties posed by the pandemic coupled with the inherent risks made
it difficult for the banks to ascertain the true market risk level thus hindering
efficient financial resources allocation. This could in return have resulted
into some element of credit misallocation during the crisis (World Bank,
2020). Given this scenario we model credit allocation as being determined
by market risks. Since we note that market risks have always existed way
before even the covid pandemic, in addition to modelling credit allocation
as a function of market risks, we introduce the interactions between the
market risks and the covid pandemic dummy. These interactions will enable
the examination of how the effects of the risks on the credit allocation have
evolved in the covid era.

The study applied the ARDL model in estimating the effect of inherent risks and
uncertainties on bank credit allocation. First, the ARDL model was estimated for
the entire banking industry for 2010 — 2021 period using the bank level data.
Secondly, the ARDL models for the respective top 5 sectors bank credit allocation
were estimated. Within the models, the Covid era dummy will be included to
account for the effect the crisis had on the bank credit allocation.

The general ARDL model was defined as follows:

Ay = ¢i(Yi'YXit)+ij=-i 8, AVt Y oBiA X+ ditgi oo (1)

03

THREE
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The specific regression model for the study is defined as follows:

CA,=f(CA,.,, Credit risk,, Liquidity risk

efficiency,, Covid Dummy,, €, )

Where CA is bank credit allocation,

Regarding the banking level analysis, the study applied
the panel ARDL. This is supported by the fact that the
bank level analysis entailed analysis using the bank
level data over a period of 2010 — 2021 hence resulting
into panel data. For the sectoral analysis, the rationale
for using the ARDL model was informed by the order
of integration of the model variables whereby the
mode! variables were integrated of order 0 and order
1, thus supporting the application of the ARDL model.
Regarding the effect of the existing monetary policy
stance, the study undertook a simple dynamic forecast
of the sectoral credit allocation in post covid era. This
was done for the 12 months spanning from January
2022 to December 2022. To undertake the dynamic
forecasts at sectoral level, the forecast model relied on

Market competition,, Bank

it’ it?

the ARDL model estimates for the respective sectors.
Further to ensure bank heterogeneity, the study ignored
controlling the banks heterogeneity as depicted by
bank size or bank tier categorization. This is supported
by the fact that inclusion of industry competition
captured by competition index indirectly controls for
banks heterogeneity since the index is computed from
bank asset to total industry assets. In addition to panel
ARDL, the panel GMM regression model was applied
for robustness check. When running the panel GMM
model, the industry competition, covid dummy and the
interactions between the covid dummy with credit and
liquidity risks were used as the instrumental variables.
Specifically, the two — step difference GMM was
estimated

Within the study, the variables to the model were defined and measured as follows:

Definition and measurement of the variables

Credit allocation
(bank level)

Refers to the amount of loans and advances
by the bank on year — on — year basis

Year — on — year growth in total loans and
advances,
CAypp= (TL - TL,)/TL,,

TL is the bank total loans, t stands for the
time aspect in years
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Sectoral credit al-
location

Credit risk

Liquidity risk

Market competition

Bank efficiency

Covid Dummy

Refers to the total loans and advances to the
sector

Refers to the bank risk arising from the bor-
rower’s inability to service their loan facility

Refers to state of bank’s inability to access
sufficient funds at a reasonable cost to meet
potential demands from both funds providers
and borrowers

Refers to competition within the banking
industry in a given period of time mainly
annual

Refers to bank's ability to produced more
output at least cost possible

Refers to a time dummy measuring the
declaration of covid pandemic in Kenya

total loans and advances to the sector as
a proportion of industry total loans and
advances in a given month

Sector CA = TL,/TL

Ratio of non — performing loans to total
loans and advances in a given period

Ratio of bank total loans to total deposits at a
given period of time

Hirschman-Herfindahl Index (HHI) as an
indicator of industry competition. HHI was
measured as the sum of square of the market
shares of all firms in industry j for year t, the
market share of each bank is the ratio of total
asset (ta) the i bank to the industry’s total
asset (TA)

HHI, = YS! =3, &)
e T,

Efficiency ratio calculated as a ratio of bank's
noninterest expenses by their net income in a
given time period

Time dummy taking value 1 from January
2020 to December 2021 and 0 for December
2019 backwards
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To analyse the bank credit portfolio allocation in the
pre and post covid era in the context of the inherent
risks and uncertainties, the study utilized detailed
econometric approach. To start with, a bank level
analysis was undertaken whereby bank level data
was applied to investigate how bank credit allocation
is influenced by the evolutions of credit and liquidity
risks in pre and post covid era. To undertake this
analysis, a Panel ARDL model was used. Within the
model, the industry competition level was factor in.
This is informed by the fact that during the covid era,
banks resulted in leveraging on the technology and
other digital platforms to offer financial services in the
wake of physical containment measures. This move
definitely had a bearing on the industry competition
level. However, in estimating the Panel ARDL model,
we control for the effect of industry competition.
The rationale for controlling for the effect of industry
competitionisinformed by the fact thatlarge banks are
likely to have large capital buffers and therefore likely
to advance more loans in crisis period as compared to
medium and small banks. In this case, it can be arqued
that large banks are likely to use their capital buffers
to absorb inherent risks and uncertainties during
crisis albeit for a given period compared to medium
and small banks. In addition, large banks are more
likely to have liquidity levels was much above the
required threshold hence, the liquidity risk is crisis era
is likely to have lesser effect on their credit allocation
compared to medium and small banks. To undertake
analysis, model 3 was estimated.

In estimating the panel ARDL model for bank level
analysis, the study applied two panel ARDL estimation
techniques: - Pooled Mean Group (PMG) and Mean
Group (MG) estimation techniques. The application
of these techniques is anchored on Pesaran, Shin,
and Smith (1999) who propose the two-estimating
procedure for the panel ARDL model in the sense that
the Mean Group and the Pooled Mean Group allow for
a higher degree of parameter heterogeneity in growth
regressions than the other estimators for panel data.

Further, we note that the Pooled Mean Group (PMG)
estimator considers a lower degree of heterogeneity
since it imposes homogeneity in the long run
coefficients while still allowing for heterogeneity
in the short run coefficients and the error variances.
The basic assumptions of the PMG estimator include:
- the error terms are serially uncorrelated and are
distributed independently of the regressors; there is
a long run relationship between the dependent and
explanatory variables and the long run parameters are
the same across groups. This estimator is also flexible
enough to allow for long run coefficient homogeneity
over a single subset of regressors and/or countries
(Pesaran, Shin, and Smith, 1999).

The second analysis level entailed the sectoral credit
allocation. This analysis was done at industry level
analysis given that granular bank level sectoral
lending was not available. However for the sectoral
credit allocation models, the study used credit risk
given the liquidity risk data was not feasible on

Bank CA = a,+B1 Bank CA,_,+, Credit risk,+f, Liquidity
risk,+p_, Industry competition,+ f; Covid Dummy +f, Credit
risk,*Covid Dummy,+f, Liquidity risk,*Covid Dummy,+¢,

.......................... 3)
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monthly basis. First, the unit root for the variables was
determined as well as the maximum lag to inform the
number of maximum lags to be applied in estimating
the ARDL model.

Third level analysis entailed forecasting the expected
bank credit allocation in post Covid era. To do so, the
forecasts were anchored on the monetary policy
stance pronouncement by the Central Bank of
Kenya. The rationale behind anchoring forecasts on
the monetary policy stance is underpinned on the
understanding that the monetary policy impacts
risk perception of commercial banks and encourages
risk taking by banks when interest rates are low.
I this channel is effective before the crisis banks
tend to flight to liquidity just after the crisis even if
interest rates are maintained low because of a high
risk aversion. Secondly, the simulation of bank credit
based on the monetary policy stance is hinged on the
relationship between inherent bank risk (credit risk)
and the effectiveness of the monetary policy. Notably,
the high non-performing loan stocks can impair the
monetary policy transmission mechanism by limiting
banks'lending ability, the forecasting of bank credit on
the back drop of monetary policy stance is considered.

To undertake the forecast, the study applied the
existing CBR of 7 percent. The study therefore forecast
what would be the expected sectoral credit allocation
given that the Central Bank of Kenya maintained
the (BR at 7 percent throughout the 2022 year. The
forecast of the credit allocation to the 5 sectors were
then graphed against the (BR ranging from February
2020 to December 2022. It's however notable that
forecasts were only done for 12 months (Jan 2022 to
Dec 2022). The rest of the credit allocation for February
2010 to December 2021 were the actual allocations.
The forecasts model relied on the ARLD estimates for
then sector models.

The study utilised bank level data for banks operating
in Kenya in the period between 2010 — 2021. For the
bank level analysis, annual bank data for 2010 —2021.
The banks level data was obtained from the audited
financial statements over years from Kenya Bankers
Association database. However, for sectoral analysis,
monthly data for January 2010 — March 2022 was
used. The sectoral lending data was obtained for the
Central Bank of Kenya publications and releases for
various months and quarters within 2010 to 2022.
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Descriptive statistics

he bank level data descriptive statistics indicate that the

mean credit allocation over that study period was 0.168

representing 16.8 percent growth in loans and advances
over the period with the minimum being -0.087 and maximum
being 0.710. The liquidity risk averaged at 0.775 with a minimum of 0.09
and maximum of 2.2 implying relatively high level of liquidity. The mean
credit risk was 0.133 with a minimum of 0.01 and maximum of 0.68. This
indicates a substantial level of credit risk measured from non — performing
loans point of view. The mean industry competition was 0.02 indicating
market concentration. The bank level efficiency averaged at 0.08.

Descriptive Statistics

T TN

Credit allocation 420 0.451 -0.087  0.710
Liquidity risk 420 0.775 0.260 0.09 2.2
Credit risk 420 0.133 0.120 0.01 0.68
hhi 420 0.002 0.005 0.001 0.027
eff 420 0.081 0614 -8.904 0.99
Covid dummy 420 0.167 0373 0.0 1.0
Dummy liquidity risk 420 0123 0.301 0.0 2.02
Dummy credit risk 420 0.033 0.094 0.0 0.68
Correlation matrix

The correlation coefficient matrix indicates that credit allocation is weakly correlated
to liquidity risk, credit risk, industry competition, bank efficiency, covid dummy
and the interactions between the covid dummy and risks. Strong correlations are
reported between the two interactions of liquidity risks and credit risk with the
covid dummy.
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FOUR
Matrix of correlations
s 10 @ 0 0 6] 6] 0] 0]
(Mca 1.000
(2) liquidity risk 0.025  1.000
(3) credit risk -0.184 0308  1.000
(4) hhi -0.024 0.056 -0.213  1.000
(5) eff 0.049 0133 0.037 0.156  1.000
(6) covid dummy -0.113  -0.066 0.245 0.016 -0.038  1.000
(7) dummy *liquidity risk -0.098 0135 0318 0.022 0.039 0912 1.000
(8) dummy * credit risk -0.106  0.087 0490 -0.048 -0.135 0.789  0.840  1.000
Unit root test

Prior to running the regressions, unit root test was conducted to determine the order of integration among the
model variables. The Levin-Lin-Chu unit - root test was applied to conduct the unit root test. The results indicate
that under the Levin-Lin-Chu unit - root test based on the adjusted t — statistics, credit allocation, liquidity risk and
bank efficiency are stationary at level at 5 percent significance level. This is because their respective p — values are
less than 5 percent significance level. However, credit risk and industry competition were found to have one unit
root hence stationary upon the first differencing.

Unit root test
Levin-Lin-Chu unit-root test Levin-Lin-Chu unit-root test

T — Order of

: Unad- Adjusted t* Unad- Adjusted t* integra-
Variables justed t . justed t . P - value tion

" statistic _ statistic
statistic statistic

CA -13.5536 -6.4419 0.000 10)
Liquidity risk -8.8035 26502 0.004 10)
Credit risk -4.5559 0.5909 07227 -13.0050 -45182 0.000 1(7)
HHI -7.2060 -0.6006 0.2741 -13.4462 -2.2745 0.0115 10

Bankefficiency  -14.7982 -7.6823 0.000 1(0)
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Panel ARDL Model

In undertaking the bank level — analysis, the study
estimated the panel ARDL model. To do this the study
applied to estimation techniques namely the Pooled
mean group model (PMG) and the Mean Group model
(MG). We note that the Pooled Mean Group model is
an intermediate estimator that allows the short-term
parameters to differ between groups while imposing
equality of the long-term coefficients between
groups. In this study, the choice to apply the PMG
estimator rests on the fact that the PMG estimator
allows a greater degree of parameter heterogeneity
than the usual estimator procedures by imposing
common long run relationships across groups while

allowing for heterogeneity in the short run responses
and intercepts.

Further, the application of these two estimation
techniques is rooted in the theoretical perspective by
Pesaran, Shin, and Smith (1999) who postulate that
the use of Mean Group and the Pooled Mean Group
allow for a higher degree of parameter heterogeneity
in regressions than the other estimators arising from
other panel models regression techniques. Pesaran,
Shin, and Smith (1999) asserts that the MG estimator
allows for heterogeneity of all coefficients, intercepts
and slopes, by estimating a separate equation for each

group.

Panel ARDL Regression Results - Pooled Mean Group and Mean Group

Pooled Mean Group Model

Mean Group Model

Coeficent
__ec

Liquidity risk 0((??)10)
Credit risk 0(07 329)
-28.520%%
" (2.795)
Efficiency 0&)1 (;1] )
Covid dummy 72)6005972)
-0.404**

Covid dummy *liquidity risk (0.198)

_ec
Liquidity risk ?095746)
Credit risk ég;?
" )
Efficiency (0(?79362)
Covid dummy (01;:23)
Covid dummy *liquidity risk ((g)(?fj)
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Pooled Mean Group Model Mean Group Model

. . g -0.517 . e -0.82
Covid dummy *credit risk (0401) Covid dummy *credit risk 751
SR

. -0.66** . -1.008
Error Correction term 033) Error Correction term (0.063)
Liquidity risk Liquidity risk
1.574%*% 1.238**
1 (0.436) ot (0.547)
Credit risk Credit risk
0.523 0.269
Ot o) O (1.3
HHI HHI
362.021** -684.968*
u: (143.419) Uk (371.497)
Efficiency Efficiency
-0.02%* -0.016
O o O (0.288)
Covid dummy Covid dummy
3.556 0.083
Ot csy O (0517
Dummy * liquidity risk Dummy * liquidity risk
0.958* 0.058
ot (1.093) ot (0.038)
Dummy * credit risk Dummy * credit risk
9.664 0.128
Ot o1 O 0.528)
0.563 0.255
Constant (0.047) (onstant (0399)

Note: Standard errors are in parenthesis; For significance levels: *** p<.01, ** p<.05, * p<.1
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From the PMG model, it can be deduced that there
exists a negative long run relationship between
liquidity risk and banking industry credit allocation. In
addition, the relationship was found to be significant
at 1 percent significance level. Similar results are
reported for the credit risk and industry competition.
However, the bank efficiency coefficient was found
to be positive and significant at 1 percent significant
level. This implies that bank efficiency plays a crucial
role in fostering optimal credit allocation thus trading
off credit misallocation.

A further look into the covid pandemic dummy,
results of the PMG model reveal a negative long
run relationship between pandemic and banking
industry credit allocation. The relationship was found
to be significant at 5 percent significance level. This
ascertains the adverse effect the pandemic had on
banks" loans and advances growth. However, from
the results, though credit risk, liquidity risk and
covid pandemic were found to have a negative and
significant long run effect on banks' credit allocation,
interaction of the two risks with the pandemic
dummy presents unique results. First, the interaction
of the covid dummy and credit risk presents a negative
but insignificant long run effect with banks’ credit
allocation. However, the interaction of the covid
dummy and liquidity risk presents a negative long run
effect with banks'credit allocation which is significant
at 1 percent significance level. This implies that during
the covid period the liquidity risk on credit allocation
was more pronounced while the credit risk effect on
credit allocation was more muted. This finding could
implies two possible explanation. First is that the
policy measures put in place during the pandemic
weighed down on the credit risk effects as opposed

to liquidity risk. In this case, measures such as bank
loans reclassification traded — off credit risk in the
market but the liquidity risks remained eminently
presence. The second interpretation, though tied to
the first interpretation is that the industry was faced
with the liquidity distribution challenges in covid
period as opposed to the credit challenges. As such
the pronounced monetary policy stance during the
pandemic period were futile in trading off the adverse
effect of liquidity risk on bank credit allocation. This
could therefore imply a weak pass-through effect of
the monetary policy on the credit markets in terms
of unlocking liquidity distribution challenges in the
market.

Turning to the short run model, the PMG model
results found that the convergence coefficient is
negative and significant as expected, a necessary
condition for the existence of a long run relationship
between the variables. The error correction coefficient
is -0.66 significant at 5 percent significance level. This
convergence coefficient reveals that the short run
disequilibrium are being corrected at the rate of 66
percent annually towards the long term equilibrium.
Within the short run model, the negative relationship
between credit and liquidity risk and bank credit
allocation is evident though only the liquidity
risk - bank credit allocation nexus was found to be
significant at 1 percent significance level. Further, the
covid dummy and the interactions with credit and
liquidity risks were found to be negatively related to
bank credit allocation though insignificant.

In addition to the PMG model, the study estimated
the mean group model. The long run estimations
for the MG model indicate that liquidity risk and
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bank credit allocation have a significant negative
relationship significant at 5 percent significance
level. Similar results are reported for credit risk - bank
credit allocation relationship though insignificant.
Industry competition and bank efficiency were
found to have positive relationship with bank credit
allocation but insignificant. Regarding the pandemic,
a negative relationship was found between bank
credit allocation and pandemic dummy. However, the
relationship was insignificant. Interaction between
pandemic dummy and liquidity risk found a negative
relationship between the interaction and bank credit
allocation albeit insignificant. The interaction between
pandemic dummy and credit risk is dropped of from
the model during estimation process.

Regarding the short run model, the PMG model
results found that the convergence coefficient is
negative and significant as expected, a necessary
condition for the existence of a long run relationship
between the variables. The error correction coefficient
is -1.008 significant at 1 percent significance level
indicating an overcorrection. Within the short run
model, the negative relationship between credit and
liquidity risk and bank credit allocation is evident
though insignificant. Further, the covid dummy and
the interactions with liquidity risks were found to be
negatively related to bank credit allocation though
insignificant.

In addition to estimating the PMG and the MG model,
a Hausman test was conducted between the two
model. The test results indicated a Chi-square test
value of 209.15. The p — value of the test statistic was
17.28 percent. Using the 5 percent significance level,

it's evident that the p- value was higher that 5 percent
significance level. This leads to rejection of the MG
model and acceptance of the PMG model as the best
fit model.

Hausman (1978) specification test

Chi-square test value 209.15
P-value 0.1728
Panel GMM Model

The Generalized Method of Moments results confirm
the results of the PMG model. From the model
estimation results, both liquidity and credit risks
have a negative and significant effect on bank level
credit allocation. Similar results are reported for the
covid dummy. However, in terms of covid dummy
interactions with the risks, the interaction between
liquidity risk and covid dummy has a negative effect
on credit allocation though significant at 10 percent
significance level. Interaction between covid dummy
and credit risk was found to have negative but
insignificant effect. The model diagnostic test results
for the GMM model indicate that the model results
are valid. The Hansen test results posit that the used
instruments in the estimation are valid, and therefore
overidentification doesn't exit given the probability of
the chi2 is greater than 5% significance level. For test
of serial correlation, the Arellano-Bond test results for
AR (2) indicates the absence of serially correlated in
error terms given that the probability value of the z
statistics is greater than 5% significance level.
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GMM model results
-0.325%**
Aty (0.066)
N -0.223**
Liquidity risk (0368)
_ -2.955*
Credit risk 079)
21.558
HH (3362
. 0.096
Efficiency (0.145)
) -0.37%*
Covid dummy (0387)
-0.272*
Covid dummy * liquidity risk 0316)
) N -0.932
Covid dummy * credit risk (0862)
Arellano-Bond test for AR(T) in first differences  z=-126 Pr>z = 0.209
Arellano-Bond test for AR(2) in first differences  z=-137 Pr>z = 0.172
Hansen test of overid. restrictions chi2(40) =32.95 Prob > chi2 = 0.778
Hansen test excluding group:  chi2(36) chi2(36) =31.08 Prob > chi2 = 0.701
Difference (null H = exogenous): chi2(4) chi2(4) =1.87 Prob> chi2 = 0.760

Note: Standard errors are in parenthesis; For significance levels: *** p<.01,** p<.05, * p<.1

Within the analysis, credit risk was computed as a
Turning to the sectoral credit allocation, the study  proportion of monthly industry non — performing
used monthly data in its analysis. The sectoral credit  loans to total monthly loans and advances. Similarly,
allocation was computed by the proportion of credit  liquidity risk was computed as a proportion of monthly
allocated to the sector within the month to the total  industry loans and advances to total monthly industry
loans and advances by the industry within the month.  bank deposits.
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Maximum lag determination

Prior to estimating the ARDL model, the maximum lag for the variables was determined. The study relied on AIC
and SBIC in determining the maximum lag. The results indicate that the maximum lag for the variables is 4.

Maximum lag selection Results

Lag LL LR df p FPE AIC HalC SBIC
0 513251 1.60E-48 -73.1358  -73.0248 -72.8627
1 6544.81 2824.6 169 0 3.20E-56 -90.8973 -89.3433 -87.0732
2 7563.73 2037.8 169 0 1.80E-61 -103.039  -100.042 -95.6639
3 8270.77 14141 169 0 9.60E-65 -110.725 -106.285 -99.7991
4 8928.32 1315.1% 169 0 1.2e-67%  -117.705%  -111.822%  -103.227*
Correlation matrix

The correlation coefficient matrix indicates that strong ~ competition on the other side. However, its notable
correlation is reported among the sectoral credit  that some strong correlations are reported between
allocation given that the credit allocation among the  some sector credit allocation such as trade credit and
sectors is mutually exclusive. However, for each sector ~ household credit. However, this possess no challenge
model variables, no strong correlation between sector  since no empirical model includes two sectors since
credit allocation on one hand and risks and industry ~ each sector model is estimated independently.

Correlation matrix coefficient

(1) ) ©) 4) ) (6) (7) (8) (9)

(1) Man CA 1.0000

(2)HHCA 09165  1.0000

(3) Trade CA 09322 09282 1.0000

(4)TranscomCA 08154 08819  0.7778  1.0000

(5) Agri CA 03042 04146 03252 06179 1.0000

(6) Real estate CA  -0.1674 -0.0708 -0.1424 -0.2086 -03314 1.0000

(7) Credit risk 0.5544 04980 02250 01781 01725 -0.1694 1.0000

(8) Liquidity risk ~ -0.5405 -0.4493 -03663 -0.4728 0.0354 -0.0139 -0.4070 1.0000

(9) Industry HHI ~ 0.2168  0.1347 02682 0439% 0.1831 -04250 04466 -0.291 1.0000
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Unit root test

Prior to running the regressions, unit root test was
conductedinordertodetermine the order ofintegration
among the model variables. The Augmented Dickey-
Fuller test for unit root indicates that all the sector
credit allocation variables have one unit root. This
is ascertained by the fact that the manufacturing
sector and private HH sector credit allocation become
stationary upon the first differencing. The credit risk,
liquidity risk, industry competition index and the
covid dummy are stationary at level. It’s therefore
clear that for the sectoral credit allocation models,
the model variables have mixed levels of integration
comprising of order zero and order one. This justifies
the use of ARDL model which is best suited when
model variables are integrated of order 0 and order 1.

Sector Regression models results

The ARDL model for the respective sectors were
estimated accordingly. In each model, the sector
credit allocation was regressed on credit risk, liquidity
risk, industry competition index, covid dummy and
the interactions between the covid dummy and
the two risks: credit and liquidity risks. The sectoral
models were estimated with the maximum lag of
4. The results for the sectoral models are reported in
appendices 1 to 5. The sectoral model estimations
indicate that in general the both the credit and
liquidity risks have a negative effect on each sector’s
credit allocation. However, in terms of significance of
the credit and liquidity risks effect, the significance
levels vary across the sectors. Further, the significance
levels also vary across the lags.

Unit root test results
At level At first difference
t | 1% | 5% | 10% | t | 1% | 5% | 10% | Orderof
Variable statis- | Critical | Critical | Critical | statis- | Critical | Critical | Critical | Integration
tic value | value | value tic value | value | value
ManufacturingCA  -3.029  -4026 -3.444 3144 -13147 -4026 -3444 3144 I(1)
Private HH CA -3270 -4026  -3444 3144 -10927 4026 3444 3144 I(1)
Trade CA -3165  -4026  -3444 3044 11645 4026 3444 3144 1(0)
Transcom CA -3.281  -4026  -3.444 3144 -11.234 4026 3444 3144 1(0)
Real estate CA -3371 4026 -3444 3744 -20880 -4.026 3444 -3.144 1(0)
Credit risk -4595  -4026  -3444 3044 10255 4026 3444 -3.744 10)
Liquidity risk -8142  -4026  -3444 37044 12470 4026 3444 3144 1(0)
HHI 5418 -4026  -3444 3044 13076 4026 3444 3144 10)
Covid dummy -7408  -4026 -3.444 3144 -4026 3444 3044 1(0)
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However, one common finding is elicited that the
liquidity risks affect is more pronounced in terms of
their significance across all the sectors and across
all the lags as opposed to the credit risk. Within
the personal household sector, the current month
liquidity risk and all the four months lags liquidity
risk had negative and significant effect on credit
allocation in this sector. Similar results are reported
for real estate sector and transport sector though with
some differences on the monthly lags effects and
significance levels.

Turning to the effect of the covid pandemic on the
sectoral credit allocation, results indicates that, the
pandemic adversely affected sector credit allocation.
From the analysis, the most hit sectors in credit
allocation during the pandemic were the private
household, real estate and the transport sectors
where all the monthly lags effects had negative
and significant effect on sector credit allocation
at 1 percent significance level.  Though the credit
allocation in manufacturing and trade sectors were
adversely affected by the pandemic, the effect seems
to be insignificant at 5 percent significance level with
all the lags being decayed off from the model. This
scenario could be explained by the fact that amid
the supply shocks in the global arena during the
pandemic, manufacturing and trade sectors were
highly relied upon to ease the supply constraints. In
this case credit allocation towards local manufacturing
could have been deemed essential. Further, amid
people movement containment measures, movement
of goods were largely unaffected to cushion against
possible worse scenarios on supply side regarding
essential goods. For this reason, extension of credit
to trade sector could have been perceived essential

hence the muted effect of the pandemic on trade
sector credit allocation.

Interesting findings are reported for the interaction
between the covid pandemic variable with the credit
and liquidity risks. ~ Sectoral dynamics here are
evident. Within the manufacturing sector, credit risk
was more pronounced in terms of both the effect
and significance was the liquidity risk was largely
muted. Similar finding is reported for the real estate
and transport sector. However, for the trade sector,
liquidity risk was more pronounced in terms of both
the effect and significance was the credit risk was
largely muted. Interestingly, regarding the personal
household sector, the interaction of covid dummy with
credit and liquidity risks reveal that the effects of both
interactions were insignificant. This scenario could
be explained by the loan reclassification undertaken
by the industry whereby majority of the reclassified
facilities could have been in the personal household
sector in attempt to cushion the households with
existing facilities. This therefore could perhaps explain
the muted effect of the interaction of the covid
pandemic dummy with the credit and liquidity risks.

Credit allocation forecast in recovery period

In addition to the bank level and sector level analysis,
the study undertook a simple dynamic forecasts of
what the credit allocation would look like during
the recovery period. The forecasts were done at the
sectoral level. In the forecast, the monetary policy
stance was pegged at the 7 percent CBR. The forecast
therefore projected what the sectoral credit allocation
would look like for January 2022 to December 2022 if
the (BR was maintained at 7 percent for the 12-month
period. In the forecasts, the ARDL models estimates
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were used. The CBR was modelled as the exogenous
variable in the forecast model. The graphical
presentation for the respective sectoral forecasts are
in appendices. The forecast results posit that with
the (BR held at 7 percent for 2022m1 to 2022m12,
sectoral differences in terms of credit allocation would
still persist. From the forecast, the Private Household
sector would register the highest allocation with the
allocation surpassing all previous months allocations
compared to others sectors followed by trade sector
with manufacturing coming third. However, an
interesting result is evident in transport and the

real estate sector. First, regarding transport sector, a
decline in the allocation would be evident with some
rises being evident towards the last months of 2022.
For the real estate sector allocations, forecasts reveal
that credit allocation to this sector would decline to
levels lower than all previous months allocations in
the first months of 2022 then pick up in mid months
of 2022 though with the rises below all the previous
months allocations and then decline with the lowest
allocation levels being registered towards the last
months of 2022.



29 | Bankcredit portfolio allocation in pre and
post Covid times - The power of inherent risks

he study sought to examine the bank credit portfolio

allocation in pre and post Covid times. In so doing, the study

sought to examine the of inherent risks during the pandemic periods.
In undertaking the study, two risks were at the centre of the focus namely:
- creditrisk and liquidity risk. For the industry level analysis, the PMG model
results, revealed a negative long run relationship between liquidity risk and
banking industry credit allocation. Similar results are reported for the credit
risk and industry competition. However, the bank efficiency was found to
positively affect credit allocation.

A further look into the covid pandemic dummy, results of the PMG model reveal
a negative long run relationship between pandemic and banking industry credit
allocation. However, from the results, though credit risk, liquidity risk and covid
pandemic were found to have a negative and significant long run effect on banks'
credit allocation, interaction of the twao risks with the pandemic dummy found that
during the covid period the liquidity risk on credit allocation was more pronounced
while the credit risk effect on credit allocation was more muted.

The short run model for the PMG model results found that the convergence
coefficient is negative and significant as expected, a necessary condition for the
existence of a long run relationship between the variables. The error correction
coefficient is -0.66 significant at 5 percent significance level. This convergence
coefficient reveals that the short run disequilibrium are being corrected at the
rate of 66 percent annually towards the long term equilibrium. Within the short
run model, the negative relationship between credit and liquidity risk and bank
credit allocation is evident though only the liquidity risk - bank credit allocation
nexus was found to be significant at 1 percent significance level. Further, the
covid dummy and the interactions with credit and liquidity risks were found to be
negatively related to bank credit allocation though insignificant.

05

FIVE
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Sectoral credit allocation analysis indicate that the
both the credit and liquidity risks have a negative
effect on each sector’s credit allocation. However, in
terms of significance of the credit and liquidity risks
effect, the significance levels varies across the sectors.
Further, the significance levels also varies across
the lags. However, the liquidity risks affect is more
pronounced in terms of their significance across all
the sectors and across all the lags as opposed to the
credit risk a finding similar to the bank level analysis
for panel ARDL for the industry level analysis.

Based on the findings, the study calls on the need for
the banking industry players to be vigilant in the post
pandemic times on issues of the credit risk. The muted
effect of the credit risk could be because of the loan
reclassification undertaken by the banks during the
pandemic period. Therefore, we deduce the delayed
reporting of NPLs is feasible in covid era. Therefore, a
rise in NPLs is likely to be revealed in post pandemic
period owing to relaxation of reclassification. Further,
the muted effects of credit risk on credit allocation
could be informed by the initial conditions that the
industry entered the covid era as evidenced by rise
in non — performing loans as well as subdued loans
and advances following the enactment of interest rate
capping in the previous years. In this light, the players

should not be quick in relaxing the credit standards
in post covid error to extend more facilities but rather
should do so with caution.

Secondly, the pronounced effect of liquidity risks
points to the inefficiency of the existing monetary
policy to unlock liquidity distribution challenges
in the market. Therefore, there is the need for the
monetary policy authority to review the policy stance
in cognisant with the liquidity distribution challenges
in the credit market. There is a need for the policy to
consider of how to effectively address this challenge
beyond the core objective of anchoring inflation to
unlocking liquidity distribution challenges in the
market.

Third, is the need for the regulatory institution to
consider the effect of the pandemic shock on credit
allocation when designing macroeconomic policies.
Based on the study findings, the sectoral level
analysis indicated that different sectors were affected
differently by the pandemic when it came to credit
allocation. Further, the sectoral credit allocation proved
to have been affected differently by the liquidity and
credit risks in pre — covid and covid periods. Such
sectoral dynamics ought to be accounted for when
pronouncing post recovery macroeconomic policies.
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Manufacturing sector ARDL Model

Manufacturing ca
L1.

L2.

13.

L4.

Credit risk
L1.

L2.

Liquidity risk
L.

[2.

Industry hhi

L1.

L2.

3.

Covid dummy
Dummy credit risk

L1.

Coef.
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0.075
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Std.Err.
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-0.023
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5.235
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-0.497 0.077 -6.480 0.000 -0.649 -0.345
L3. -0.216 0.054 -4.010 0.000 0.109 0323
L4. -0.484 0.065 -7.490 0.000 -0.611 -0.356
Dummy liquidity risk -0.135 0.103 -1310 0.192 -0.069 0.339
Constant 0.077 0.119 0.650 0.520 -0.159 0313

Private Household sector ARDL Model

S e s |t | bt skcons | e |

hhca

L1. -0.145 0.085 -1.710 0.091 -0313 0.023
L2. 0.288 0.087 3310 0.001 0.116 0.459
Credit risk
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13. -0.117 0.070 -1.670 0.098 -0.257 0.022
L4. -0.236 0.079 -2.970 0.004 -0.393 -0.079
Liquidity risk
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L. -0.015 0.008 -1.860 0.065 -0.032 0.001
2. -0.028 0.008 -3.680 0.000 -0.043 -0.013
13. -0.030 0.009 -3.440 0.001 -0.047 -0.013
Industry hhi

-7.198 2.231 -3.230 0.002 -11.616 -2.780

L1. 10.222 1.016 10.060 0.000 8.210 12.234
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4183 114 3.660 0.000 1.923 6.444
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Trade sector ARDL Model
Std.Err. P>t | [95%Conf. | Interval]
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Transport & Communication sector ARDL Model
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Real estate sector ARDL Model
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Forecast plots for 2022m1 - 2022m12
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