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Application of the Logit Hazard Model as an Approach
for Ranking of Banks Fragility Status in Kenya
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Abstract The focus of this study is to fit a model that ranks commercial banks in Kenya, according to their specific
financial status. The second focus of this study is to use dimensionally reduced financial distress determinants. Secondary
data in audited bank financial statements from the Nairobi Stocks Exchange (NSE) report 2016/2017, and other statements
available from bank websites used for the fitting of the model. In total, 17 banks were sampled. 10 explanatory variables were
used to analyze the linkage between bank specific factors and economic factors majorly associated with bank fragility. The
data obtained was cleaned, coded and the required statistical outputs generated using R for Windows statistical package.
Principal component analysis (PCA) was employed in dimension reduction. A multiple logit regression model was fitted to
the collected data. The most significant determinants of bank fragility were found to be bank size and profit before tax. Using
the derived logit model, it was determined that Kenya Commercial Bank (KCB), Equity Bank and Cooperative Bank were the
top three banks in terms of financial strength. Their probabilities of staying up were 1.000, 0.999 and 0.985 respectively. The

bottoms two were Chase Bank (0.125) and Imperial Bank (0.037). These two were under receivership during this study.
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1. Introduction

Background

Banking system fragility has impaired the functioning of
the payment system thus leading to various challenges
including high interest rates, high inflation rates, bank fraud,
banks being put under receivership and economic
stagnation [2, 8, 12]. This research will point out the major
determinants of banking system fragility in Kenya and the
level of their influence to rank commercial banks under
study, a topic which related studies largely overlooked in
the current academic literature which mainly focus on
stability of individual banks or individual countries banking
systems [1, 18]. We refer to banking system fragility as a
situation where there is present vulnerability of a financial
system to a financial crisis. But the attainment of the
banking benefits has been jeopardized because both private
and commercial banks have been vulnerable to financial
distress, with private banks being on the lead. Substantial
numbers of banks have failed, mainly because of various
fragility determinants. Poor banking sector quality has its
roots in the informational problems  which afflict financial
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markets, and which are at their most acute in developing
countries, including Kenya. The field of business prediction
comprises bankruptcy prediction, firm failure prediction
and financial distress prediction [4]. As the name suggests,
it involves developing models that attempt to predict the
financial failure of a business before it actually happens
[6, 17]. The vulnerability of the banking sector associated
with a weak macroeconomic environment is characterized
by a large government deficit, a large trade deficit, high
inflation, excessively high real interest rates, depreciated
exchange rate and slow GDP growth. These are among the
main factors that increased the problems in the banking
sector and led to the emergence of the banking crisis in
Kenya [15].

Theoretical Models

Theoretical models can be examined in three categories:
the first, second and third-generation models [5]. The
first-generation models focus on the role of weak
fundamentals in the policy of government as a triggering
factor of currency crises. The fiscal deficit, growth of
money supply, current accounts balances and level of
foreign exchange. This were the main features of the crisis
in the early 1980s in Latin America [7, 13, 14]. The
second-generation currency crises models offered no critical
developments to fundamental macroeconomic variables;
instead, it provided model of self-fulfilled speculative
attacks in foreign exchange markets. In this model, market
expectations directly influence macroeconomic policy
decisions in a rational direction. During this crisis period in
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Africa countries inflation rates, government deficit and
unemployment were low and credit was high. Hence, this
crisis in Africa revealed the need for a new framework that
integrates weaknesses in the banking sector into the early
generation models. This new framework, which takes into
account the weaknesses of the financial sector, is called the
third-generation models or the term twin crises, which
emphasize the occurrence of both banking and currency
crises [20].

2. Material and Methods

This research attempted to identify the determinants that
have more effect on the overall bank financial status and
use this determinants to rank commercial banks in Kenya
according to their financial fragility status.

Data

Secondary data in audited bank financial statements from
the Nairobi Stocks Exchange (NSE) report 2016/2017
financial year, and other statements available from bank
websites were used. 12 banks were part of the research, 10
of which were listed under NSE sampled. Each had a 5 year
financial reporting period 2011-2016 except for Barclays
which had the 2010 statement available. Out of these, 9
were private and 3 public (KCB, Coop Bank and NBK).
Further, data from two recently failed banks, not listed in
the NSE was obtained from the specific banks. 10
explanatory variables were used to analyse the linkage
between bank specific factors and economic factors majorly
associated with bank fragility. The data obtained was
cleaned, coded and the required statistical outputs generated
using R for Windows statistical package.

Independent Variables

Table 1. Independent Variable Definitions
Independent Variable Definition Table
mkt.cap Market capitalization
pbt Profit Before Tax
Equity Capital ratio of debt relative to value of cash
Pbv Profit to Book Value
Liquidity Ratio of ability to pay debt
Branches Number of operational bank branches
Bank.age The period in years that the bank has been operational
ROE Return on Equity
B.growth Rate of increase In total deposits
B.size Natural log of Assets

Dependent Variable

The variable to be estimated was Bank status index S,
which assisted in telling the state whether a bank is in a
healthy financial status or not. This was analysed using the
probability between 0 and 1 of the determinants. A bank
with probability close to 0 is considered to have possible
failure and that of probability close to 1, possible success.

Methodology

By use of Principal Component Analysis (PCA), a
statistical procedure that uses a set of observations of
possibly correlated variables and converts them into a set
of values of linearly uncorrelated variables called principal
components which are less than the number of original
variables, the most significant variables were the
successfully selected. The selected variables were then used
to fit a logit hazard model to bank fragility [19]. This model
is often used when the relationship between the discrete
variable and the predictor variable is nonlinear. The aim
was to fit a regression model whose response variable is
binomial. That is, bank financial status.

Akaike Information Criteria

Akaike Information Criteria (AIC) penalizes increasing
number of coefficients in the model. In other words, it helps
to avoid overfitting. Looking at the AIC metric of one
model wouldn't really help. It is more useful in comparing
models (model selection). So, | fitted several Logistic
Regression models and compared their AIC. The model
with the lowest AIC is relatively better. Several logistic
models were built and their AIC compared. The model with
the lowest AIC is relatively better. This is an important
indicator of whether the model is of good fit.

From the analysis, it was concluded that the best choice
of a model that has significant coefficients and minimum
AIC values is

z = —61.87 4 (8.803E — 07) pbt + 3.291 b.size (1)

This had AIC = 23.308 with both independent variables
having significant coefficients at 5% level of significance.

Variance Inflation Factor

Another measure of the viability of variables in a model
is the Variance Inflation Factor (VIF). An effort was made
to compute the VIF for each independent variable in each
model. Essentially, it's desired that for a model with good fit,
the VIF be less than 5. All the models considered here pass
this test. The best model in a set of many however is that
with the least VIF. Here again the model with VIF 1.004
was preferred. The following output summarizes the
outcomes.

Table 2. Variance Inflation Factor

Status against VIF
Pbt & Pbv 2.267,2.267
Pbv & B. size 1.021,1.021
Pbt & B. size 1.0004, 1.0004
Growth & B. size 1.0362, 1.036

Pbt, Pbv & B. size
Pbt, Growth & B. size
Pbt, Equity & B. size

2.865, 2.849, 1.019
2.958, 3.031, 1.051
1.1709. 1.845, 1.933

The mean performance was then used to rank the
individual banks under study according to their financial
status over the years under consideration.
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3. Results and Discussion

Correlation analysis

Correlation analysis between the dependent variable and
independent ones was carried out with pairwise scatter plots
generated for all main variables. Some of the variables were
found not to be related to the rest of the variables and with
bank status. These include number of branches, bank age,
return on equity and liquidity ratio.

The plots below (Figure 1 and Table 3) show the inter
relationships between variables whose correlations were
found to be strongest. The respective correlation analysis
gave the following results.

From the correlation matrix (table 3), profit before tax
(pbt) was highly correlated to market capitalization

(mkt.cap), equity and bank size (bank.size). Further, price
to book value (pbv), return on equity (roe) and growth are
also highly correlated. It’s noted that liquidity, bank age and
number of branches are sparsely correlated with the rest of
the variables. The following variables have the same effect
in the intended regression model. pbt and mktcap, growth
and pbv, equity and b.size. This would lead to over-fitting
(multicollinearity). We therefore select the variables pbt,
b.size and growth to predict status. Profit before tax (pbt) is
a reliably good measure of bank stability. We expect that
good predictors of bank fragility be well aligned with pbt.
Indeed, from the correlation matrix, pbt has the highest
number of independent financial variables strongly related
to it.
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Figure 1. Correlation Analysis
Table 3. Correlation analysis
Pbt Equity Mktcap Pbv growth b.size Status
Pbt 1 0.895 0.952 0.712 0.762 0.829 0.554
equity 0.895 1 0.858 0.528 0.587 0.868 0.544
mktcap 0.952 0.858 1 0.772 0.822 0.796 0.516
Pbv 0.712 0.528 0.772 1 0.969 0.63 0.618
growth 0.762 0.587 0.822 0.969 1 0.646 0.614
b.size 0.829 0.868 0.796 0.63 0.646 1 0.697
status 0.554 0.544 0.516 0.618 0.614 0.697 1
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Principal component analysis

Principal component analysis (PCA)
computed and presented as follows

results were

Table 4. Atable of eigenvalues for the principal components

ercentage of cumulative
Eigenvalue P "ag percentage of
variance .
variance

comp 1 5.65971844 56.5971844 56.5971844
comp 2 1.77051731 17.70517308 74.30235749
comp 3 1.1401324 11.40132396 85.70368145
comp 4 0.62939618 6.293961797 91.99764325
comp 5 0.39601609 3.960160921 95.95780417
comp 6 0.2514799 2.51479895 98.47260312
comp 7 0.08460468 0.846046794 99.31864991
comp 8 0.05242958 0.524295845 99.84294576
comp 9 0.01056355 0.105635523 99.94858128
comp 10 0.00514187 0.05141872 100

Components with eigenvalues greater or equal to 1 are
usually selected. Approximately 86% of the variance is
explained by the first 3 components. The rest contribute less
to the predictive power of the new variables (components).
For a 95% explanatory power, the first 5 components are
selected.

Scree-plot

A scree-plot is used to visualize the variations along the
principal components. Principal components along the steep
gradient are selected while those running asymptotically at
the bottom has less explanatory power to the model. Three
principle components can be extracted. Using the rotation
matrix, we determine them as follows:

=
[k
=
=
=" -
e
o oo
a |
(&)
| -
] =
@
=
= |
s 39\
(=]
i ]
2 o“oﬁo
= = _ B e T T - s
(=]
a = T T T T T
=
o 2 4 5] 8 10

Principal component

X
Figure 2. Scree plot from PCA

The logit Model

A logistic regression is a statistical modeling method used
to analyze multivariate problems [16]. It attempts to describe
the complex relationship between a set of independent
explanatory variables and a response variable. The logistic
(logit) model assumes that the disturbance term & has a
standard logistic distribution:

eE

f&) = e 2
The model equation that was of best fit was:
1
PI‘[Y = 1|X] = 14 ¢61:87—(8.803 x10~7)pbt—3.291 B.size (3)

This gives the probability that the bank in question is in
good financial health status given the two predictor variables,
bank size and profit before tax.

4. Conclusions

The main objective of this study was to fit a logit model
to bank fragility and use the model to rank commercial
banks in under study. A successful attempt was made to fit
the logistic regression model to the data, which could be
used to predict bank status given a few variables. Finally,
after testing the model with bank data, the model was
verified. This was then used to rank the banks under
consideration in terms of their financial status.

The study was also set to perform PCA for dimensional
reduction of data used in constructing the bank fragility
model. This was carried out successfuly. It was noted that out
of the ten initial variables, some were not significant
contributors in the determination of bank fragility. These
included bank age, number of branches, liquidity ratio, and
Return on Equity.

The scree plots (figure 2) together with the rotation matrix
show the contributions of variables towards the important
principal components. The first three contribute to 86% of
variation caused by the selected variables. fewer variables
were selected for modelling to avoid over-fitting, due to
multicollinearity. Variables were discriminated logically
and a lean and effective model fit.

The best model fit had the independent variables as bank
size and profit before tax. This gave the probability that the
bank in question is in good financial health given the two
predictor variables.

Using the model, the best performing bank was KCB with
status index 1.000. This was followed closely by Equity bank
with 0.999 then Cooperative bank with 0.985. At the lower
end was National Bank of Kenya (0.219) then Chase bank
(0.125) and Imperial bank (0.037).
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