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Abstract

This study reports a k-means clustering analysis investigating patterns of financial health of all 5,870
banks in the United States in 2016 by using five key variables: net interest margin, return on assets, net
charge-offs to loans, tier 1 capital ratio and total risk-based capital ratio. The results suggest that there
are nine groups of banks in terms of their financial health. 1,224 banks are found be in the cluster that
represented the most unhealthy institutions, whereas only 19 banks are in the cluster described as most
healthy. The banks that failed in the first quarter of 2017 are all found in the first cluster.
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1. Introduction

Banks play a vital role in keeping the economy going by attracting savings and granting loans. It is es-
sential for economists as well as politicians to understand what banks do, and how healthy their finan-
cial systems are. A bank’s financial health can be measured by its investment effectiveness, profitabil-
ity, loan and debt health, capital stability, solvency.!l This study aims to understand financial health by
performing a clustering analysis of all the banks in the United States based on their financial health in

2016.

With help from Erika Refsland, an MSU graduate student who worked as a bank examiner in office

of the Comptroller of the Currency for two years, I decided to use five variables as indicators in mea-
suring the financial health of banks in the contiguous U.S.: net interest margin, return on assets, net
charge-offs to loans, core capital ratio and total risk-based capital ratio. The definitions of the five vari-
ables from the Federal Deposit Insurance Corporation (FDIC) are stated in Table 1.[?! Following Table 1

are short discussions of the significance of the five variables.
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Definitions of the Variables from FDIC

Variables Definition

Net interest mar- Total interest income less total interest expense (annualized) as a percent of the av-
gin erage of all loans and other investments that earn interest or dividends

Return on assets Net income after taxes and extraordinary items (annualized) as a percent of the

average total assets

Net charge-offs to | Gross loan and lease financing receivable charge-offs, less gross recoveries, (annual-
loans ized) as a percent of average total loans and lease financing receivables

Tier 1 capital ratio | A percent of average total assets minus ineligible intangibles

Total risk-based Total risk based capital as a percent of risk-weighted assets as defined by the appro-

capital ratio priate federal regulator for prompt corrective action during that time period

Net interest margin (NIM) measures a bank’s investment effectiveness. A negative NIM suggests that
the bank has not invested its funds efficiently. But often banks that have a higher NIM are actually
riskier, as they could be loosening their underwriting standards and originating more risky loans. A

moderate NIM may therefore be a better indicator of good health in a bank than a high NIM.

Return on assets (ROA) measures a bank’s annual profitability. It usually gives investors an idea of
how effectively a bank uses its assets to make a profit. The higher ROA is, the more profitable the bank
is.

When Net charge-offs to loans (NCOL) is high, the bank has “bad debt” or “poor quality loans” that

are unlikely to be recovered by the bank. A negative NCOL usually indicates that in the corresponding

year, the bank has more recoveries than charge-offs.!!

Tier 1 capital ratio (CCLR) measures a bank’s capital stability,which is expressed as a ratio of a bank’s
average total consolidated assets and certain off-balance sheet exposures. The higher the CCLR is, the

higher is the likelihood of the bank withstanding negative shocks to its balance sheet.

Total risk-based capital ratio (TRBCR) measures how well a bank prepares to protect its investors and
depositors from riskiness. The Dodd-Frank Wall Street Reform and Consumer Protection Act (2010)

requires that every bank’s TRBCR is at least 8% as a response of the 2008 Financial Crisis.|*

In this study, I assume that each of the five variables is equally important in measuring financial health,
and banks with a healthy financial system have a moderately effective investment strategy, high prof-

itability, a low net charge-offs to loans ratio, stable capital, and a high risk-based capital ratio.



2. Data

I collected three data sets for this study, and all of them are collected from the FDIC website.[2] The
first raw data set (Banks16.csv), consists of 5,922 banks in the United States, which are identified and or-
dered by their FDIC certificate number (cert), and sixteen variables, five to measure financial health,
and 11 for additional information about the banks. The second data set (Assets.csv) only includes a
bank’s cert and its total assets in 2016. The third data set (Failed.csv) includes the information for the
banks that failed from 2000 to the first quarter of 2017 in the U.S. The banks in all of the data sets are
ordered by its unique FDIC certificate number. Most of the information of interest is included in the

first data set. The whole analysis was conducted using R, version 3.3.2. [°!

There were 85 missing values in the first data set, all from the columns of the five variables of inter-

est. As indicated in Table 1, the greatest number of NAs was 48 for the variable NCOL. I removed

85

the banks with missing values because the missing values are relatively few (85), only 0.2% (zg55:5 =

0.2%) of the total number of the five variables values of interest in the data set. This process removed

48 banks.

A parallel coordinates plot (Figure 1) was created using lattice (Deepayan, 2008)[6]. Figure 1 suggests
that there are three banks with extremely high TRBCR, and another bank’s ROA is also a lot bigger
than other banks. Three of the four banks are smaller than over half of the 5,874 banks (their assets:
$0.017, $0.138, $0.06 billion; the median asset of the 5,874 banks: $0.205 billion). Although one of the
four banks is larger (assets: $0.217 billion), all of their assets are much smaller than the mean assets
($2.855 billion), which indicates that these four banks have small shares of the financial markets. So it
is reasonable to remove these four banks in an effort to avoid the clustering of 5,870 banks distorted by
the four small banks. This process returned the final version of the data set that was used to do cluster-

ing analysis.
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Figure 1: PCP for the Raw Data

Table 1 below, provides the summaries of the five variables in the cluster analysis.

Variable Size withoutNAs n_NAs Mean_withNAs Mean_withoutNAs SD_withoutNAs

1 NIM 5860 10 3.68 3.70 1.09
2 ROA 5861 9 1.03 0.94 1.28
3 NCOL 5822 48 0.17 0.17 0.54
4 CCLR 5861 9 11.68 11.27 3.89
5 TRBCR 5861 9 26.31 18.84 10.02

Table 1: Summaries of the Five Variables

The correlation plot created using corrplot (Wei Simko, 2016)!") as well as the table of the correlation
coefficients (Table 2) shows that CCLR and TRBCR are highly correlated with each other (the correla-
tion coefficient betweeen CCLR and TRBCR is 0.75). This is reasonable because TRBCR is defined as
the the sum of CCLR and other capital ratios. The difference between CCLR and TRBCR is that TRBCR

measures a bank’s level of protection, whereas CCLR focuses on its capital stability.
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Figure 2: Correlation Plot

NIM ROA NCOL CCLR TRBCR

NIM 1.00 0.23 0.40 0.03 -0.19
ROA 023 1.00 -0.02 0.18 0.04
NCOL 040 -0.02 1.00 0.02 -0.01
CCLR 0.03 0.8 0.02 1.00 0.75
TRBCR -0.19 0.04 -0.01 0.75 1.00

Table 2: the Correlation Coefficients

3. Methods

This study employs k-means clustering, which is widely used in the financial field.[® This method par-
titions observations into k clusters defined by their centroids. Given 5,870 banks in the data set, a k-
means clustering method is a good starting point for exploratory analysis because of its simplicity. We
can change to use other clustering techniques depending on the results of the k-means clustering. Be-
fore doing clustering, I scaled all five variables of interest using function scale in R to avoid the bias

that is caused by the difference in magnitudes of the variables.

After getting the scaled data, I used the Elbow method to find the optimal number of clusters, since a
small sum of squared errors within each cluster is needed for an optimized cluster. As the number of
clusters increases, the sum of squared errors (SSE) within each cluster decreases. But it is not appropri-
ate to use a big number of clusters (almost close to the total number of observations) since my goal is

to find and compare clusters instead of comparing individual banks to one another. The Elbow method
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can help me find an optimal number of clusters, that is, a small value of k (the number of clusters) that

still has a low SSE.

The figure below suggests that k=9 is an optimal choice for clustering. Because when there are less
than nine, the variance explained by the clusters dropped sharply, and when there are more than nine,
the sum of the variance explained decreases slowly, which indicates that nine should be my optimal
choice for the number of clusters. k=6 also appears to be a reasonable choice, however, the resulting
PCP plot showed no clear pattern in the clustering, hence this choice would not be as useful as k=9 for

the economic analysis.
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Figure 3: The Elbow Method

After determining the number of clusters, a k-means clustering analysis was conducted by using func-

tion kmeans. Table 2 below displays the cluster summary, and a parallel coordinates plot (Figure 4)

was created using lattice (Deepayan, 2008)!%! to visualize the characteristics of the banks in each cluster.



Cluster mean(NIM) mean(ROA) mean(NCOL) mean(CCLR) mean(TRBCR) Size

1 1 3.87 0.93 0.12 9.48 13.70 2075
2 2 3.69 1.11 0.05 12.36 1931 1143
3 3 18.28 10.29 4.35 18.62 26.59 12
4 4 2.96 0.52 0.11 9.34 17.02 1224
5 5 3.01 0.60 0.11 22.29 52.82 161
6 6 3.16 2.95 0.05 45.73 97.98 19
7 7 4.95 1.61 0.28 11.33 16.17 587
8 8 4.87 0.09 3.12 11.38 18.25 72
9 9 3.15 0.76 0.13 15.24 30.80 577
Table 3: Cluster Summary
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Figure 4: PCP for the 9 Clusters
4. Results

Cluster 1 (black solid line in Figure 4) has the most banks 2,075 banks. These banks” mean NIM (3.87)
and ROA (0.93) are about average, but they have the lowest mean TRBCR (13.70), and the second low-
est CCLR (9.48) and the third lowest mean NCOL (0.12) among the nine clusters, which suggests that
these banks’” investment effectiveness and profitability are at average level, even though they don’t

have much “bad debt” or “low quality loans” relative to their total loans or stable capital, and their



protection for their investors and depositors is the worst amongst the nine clusters. I would describe

these banks as “normal in making investments and profits, but not reliable or stable.”

Cluster 2 (red line) with 1,143 banks, has the lowest mean NCOL (0.05). Its mean NIM (3.69), ROA
(1.11), and TRBCR (19.31) are about average level. This indicates that the banks in Cluster 2 have simi-

lar profile to those in Cluster 1, but they have lower mean net charge-offs to loans.

Cluster 3 (green line) with the fewest banks (12), has the highest mean NIM (18.28), ROA (10.29) , and
NCOL (4.35), the third highest mean CCLR (18.62) and fourth highest mean TRBCR (26.59). This shows
that these 12 banks are the most profitable with the most effective investment strategy, but also poten-
tially the most risky since their mean net charge-offs to loans is the highest, and they didn’t prepare as
much risk based capital as they would need for their investors and depositors. I would call these 12

banks “most profitable but also most risky.”

Cluster 4 (blue line) with 1,224 banks has the lowest mean NIM (2.96), CCLR (9.34), the second low-
est mean ROA (0.52), NCOL (0.11), and average level of mean TRBCR (26.59). These suggest that these
banks have the least effective investment strategy and least stable capital, and they are nearly the low-
est in profitability with only average level protections for their investors and depositors, even though
they don’t have much net charge-offs relative to their loans. I would describe these banks as “most un-

healthy financially.”

Cluster 5 (light blue line) with 161 banks, has the second lowest mean NCOL (0.11), the second largest
mean CCLR (22.29) and TRBCR (52.82), even though they have medium to low mean NIM (3.01) and
ROA (0.60). This suggests that these banks have more stable capital and better protection for their in-
vestors and depositors compared to banks in other clusters except Cluster 6. They also have the lowest
mean net charges-offs to loans. However, their strategy of using assets and investments still needs to
improve compared to banks in other clusters (except Cluster 4). I would call these banks “less effective,

profitable, but stable, reliable.”

Cluster 6 (pink line) has 19 banks has the highest mean CCLR (45.73), TRBCR (97.89), the lowest mean
NCOL (0.05), the second largest mean ROA (2.95), and the second lowest mean NIM (3.16). Despite
the low NIM (which indicates ineffective investments), they still have the second highest profitability,
the most stable capital, most risk-based capital to protect their investors and depositors, and the low-

est percentages of bad debts to loans (net charge-offs). Therefore, we can call these banks the “most



healthy” financially.

Cluster 7 (yellow line), with 587 banks, has the second highest mean NIM (4.95), the third highest
mean ROA (1.61), NCOL (0.28), and the third smallest mean CCLR (11.33), TRBCR (16.17). This indi-
cates that these banks have relative effective investments, “regular” profits, moderate net charge-offs to
their loans. Their capital is relatively unstable, and is less reliable for their investors and depositors. I

will use “on track, but potentially growing risky” to describe these 587 banks in terms of their financial

health.

There are 72 banks in Cluster 8 (grey line). It has the third highest mean NIM (4.87), the lowest mean
ROA (0.09), the second highest mean NCOL (3.12), and the fourth smallest mean CCLR (11.38), TR-
BCR (18.25). This suggests that the banks in this cluster are the least profitable, but otherwise are not

distinctive. I will describe this cluster as “least profitable.”

Cluster 9 (black dash line), with 577 banks, has the third lowest effective investments (mean NIM=3.15),
the fourth lowest profitability (mean ROA = 0.09), the third lowest proportion of bad debt out of their
total loans (mean NCOL =3.12), the fourth most stable capital, and the fourth highest proportion of

the risk-based capital to protect their investors and depositors out of their risk-weighted assets (mean

CCLR =15.24, TRBCR = 18.25). I would call these banks “on track.”

FDIC data show that the three banks that have failed in the first quarter of 2017 are all from Cluster 4,
the one that was found to be “most unhealthy financially.” The map created using ggplot2 (Wickham,
2009)) shows the geographical distribution of banks in the contiguous U.S. (other regions have many
fewer banks and no failures). The banks on the map are colored according to their clusters they belong
to based on my k-means analysis. The three big black dots represent the three banks that failed in the
tirst quarter of 2017. There is no obvious geographical association with financial health of banks, in-
cluding the three failed banks.
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Figure 5: the U.S. Banks in 2016

5. Conclusion

For this study, I analyzed all 5,870 banks in the United States in 2016 using five indicators of financial
health: moderate effective investment strategy, high profitability, a low net charge-offs to loans ratio,

stable capital, and a high risk-based capital ratio. Using k-means clustering resulted in one cluster de-
scribed as the most unhealthy banks. Indeed, all bank failures are from this cluster. It will be interest-

ing to see if future bank failures follow the same pattern.
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