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Irish Credit Unions: Differential Regulation based on Business Model Complexity

Donal G McKillop?, Barry Quinn®

1 Abstract

This study examines the business model complexity of Irish credit unions using a latent class approach to
measure structural performance over the period 2002 to 2013. The latent class approach allows the
endogenous identification of a multi-class framework for business models based on credit union specific
characteristics. The analysis finds a three class system to be appropriate with the multi-class model
dependent on three financial viability characteristics. This finding is consistent with the deliberations of
the Irish Commission on Credit Unions (2012) which identified complexity and diversity in the business
models of Irish credit unions and recommended that such complexity and diversity could not be
accommodated within a one size fits all regulatory framework. The analysis also highlights that two of
the classes are subject to diseconomies of scale. This may suggest credit unions would benefit from a
reduction in scale or perhaps that there is an imbalance in the present change process. Finally, relative
performance differences are identified for each class in terms of technical efficiency. This suggests that
there is an opportunity for credit unions to improve their performance by using within-class best
practice or alternatively by switching to another class.
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1 Introduction
A Commission for Irish credit unions was established in 2011 to assess the legislative framework and the

business practices of Irish credit unions. The Commission Report (2012) has led to the introduction of
new legislation for credit unions and the establishment of a Credit Union Restructuring Board to
facilitate amalgamations within the sector.! The Commission contended that complexity in the business
models of Irish credit unions could not be accommodated within a one size fits all framework. The
appropriate number of classes necessary to accommodate this business model complexity has been
subject to much debate. The Commission advocated three classes. The Credit Union Regulator, Central
Bank of Ireland, has proposed a two-class framework (Central Bank of Ireland, 2013). The Irish League of
Credit Unions, the primary trade body for credit unions in Ireland, while advocating a differentiated
approach to the regulation of credit unions of different scales and complexity was undecided as to the
number of classes and at what stage these classes should be introduced (Irish League of Credit Unions,

2014).

In this study we seek to shed light on this debate. A modelling technique is employed which uses credit
union characteristics to provide insight into both the likelihood of a multi-class model and the optimal
number of classes. We model the structural business model of a credit union as a production
technology using an enhanced hyperbolic distance function. This distance function is estimated
parametrically using a stochastic frontier approach (Aigner, Lovell & Schmidt, 1977; Battese & Corra,
1977; Nahn & Vu, 2013). A latent class structure is introduced to the stochastic frontier to capture
unobserved differences in a credit union’s production technology that might otherwise be labelled as
inefficiency. The latent class stochastic hyperbolic distance frontier model enables a multi-class model
to be estimated, rather than determined ex-ante. The multi-class model and the membership of credit
unions in each class are modelled in terms of the financial viability features of individual credit unions.

The analysis is undertaken for credit unions over the period 2002 to 2013.

Credit unions are cooperative financial institutions. They are owned by their members and can only
provide services to their members. Credit unions are not-for-profit financial institutions. Any surplus

they generate is either reinvested in the credit union or returned to members in the form of dividends

The Credit Union and Co-operation with Overseas Regulators Act 2012 (2012 Act) was enacted in December 2012
and the Credit Union Restructuring Board was established in January 2013. The Irish Government has allocated
€250 million to aid the amalgamation process. By July 2015, the Credit Union Restructuring Board had successfully
completed 29 transfer of engagements (mergers) involving 67 credit unions (ReBo Communique, July 2015).
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or interest rebates. The first credit union was formed in Ireland towards the end of the 1950s.
Throughout the following three decades there were a large number of new formations. During the
1990s the level of new establishments reduced significantly and credit union numbers peaked at 435 in
1999. More recently there has been a small number of transfer of engagements and two credit union
liquidations.” In June 2015 there were 376 Irish credit unions with 2.6 million members and €14.2 billion
of assets (Central Bank of Ireland, 2015). Irish credit unions primarily lend in the short-term (less than
five year) personal loan market. Extreme pressures placed on Irish households from the collapse of
property prices, and subsequent financial austerity measures implemented by the Government, has led
to a severe and sustained downturn in their primary market (Glass, McKillop & Quinn, 2014). This in turn
has revealed significant weakness in the Irish credit union business model with, for example, average

loans to asset ratios falling from 52 percent in 2008 to 28 percent in 2015.

Our analysis provides for a rich set of findings. First, a three class system is found to be optimal for Irish
credit unions. Second, this optimal multi-class model is found to be dependent on three financial
viability characteristics. They are the loan book as a percentage of total assets, the ability to generate an
operational surplus and the capital adequacy position. Third, there are found to be distinct differences
across each of the classes in terms of structural performance but there are broad similarities vis a vis
scale economies. Two of the three classes are subject to diseconomies of scale at the mean. This may
suggest that credit unions would benefit from a reduction in scale or perhaps that credit unions are not
being permitted by the regulatory environment to provide the range of products and services consistent
with their investment in staff and infrastructure. Fourth, relative technical efficiency performance
differences are identified for each class. This suggests that credit unions can improve their performance
by using within-class best practice or alternatively by switching to another class. Finally, the analysis
highlights that an investigation based on a common frontier, which fails to recognise heterogeneity

across credit unions, can be expected to overestimate the level of technical efficiency within the sector.

In summary, this study is the first to endogenously identify the existence of a multi-class business model
for a credit union movement and to highlight that three classes are optimal. Although the analysis is
based on Irish credit unions the results have applicability to credit union movements elsewhere. Credit

unions worldwide are homogeneous in form with many credit union movements facing similar

2 Newbridge Credit Union and Berehaven Credit Union were liquidated November 2013 and April 2014
respectively.



challenges to those in Ireland.®> A number of credit union movements are also currently exploring the
appropriateness of tiered regulation for different classes of credit union based on either asset size or
business model complexity, for example the UK and Canada.” The rest of the paper is organised as
follows. Section 2 reviews the literature on what sets credit unions apart as a financial form and the
literature on structural performance assessment of financial institutions. In Section 3 we set out the
methodological approached adopted. Section 4 profiles the variables used and provides a preliminary
overview of the data. Section 5 details our primary findings. Section 6 presents a concluding

commentary.

2 Literature Review

2.1 Irish Credit Unions
Credit unions are cooperative organisations. The International Cooperative Alliance (ICA) defines a

cooperative as: “an autonomous association of persons united voluntarily to meet their common
economic, social and cultural needs and aspirations through a jointly-owned and democratically-
controlled enterprise” (ICA, 2015, p.2). This definition emphasises the voluntary and open nature of
membership as well as the importance of democratic principles. Although membership to the credit
union is open to all irrespective of age, gender or race, members must nevertheless satisfy a common
bond. The common bond tends to be determined by locality, community-based common bond, or
employer, work-based common bond (McKillop, Goth & Hyndman, 2006). A key benefit of the common
bond is that it reduces asymmetric information imbalances and in so doing facilities credit unions in
providing financial services to those who otherwise might be excluded from the banking system
(McKillop & Wilson, 2011; Birchall, 2013). As the credit union can only provide services to its members
(customers), this lowers the credit union’s cost of information gathering over multiple products. Such
benefits to credit unions can result in the additional supply of credit to members. This is achieved
through lower credit prices and/or through an enhanced quantity of credit (Rubin, Overstreet, Beling &

Rajaratnam, 2012).

*Worldwide, there are 57,000 credit unions serving 217 million people in 105 countries (WOCCU, 2015).

* In the UK credit unions are categorised as either Version 1 or Version 2. Version 2 credit unions are provided with
much greater product flexibility but face stiffer regulatory requirements. Only 4% of credit unions are Version 2
and given the limited take up of Version 2 status there is debate at present about the appropriateness of the two-
tiered framework (Tischer, Packman & Montgomerie, 2015). In Ontario Canada differentiated requirements are
placed on credit unions depending on their asset size. A recent review carried out at the behest of the Minister of
Finance argues that a more appropriate approach would be to tailor regulatory requirements to business
complexity (Albanese, 2015).



Irish credit unions date from the late 1950s with the first community-based credit union formed in
Dublin in 1958. The credit union movement grew rapidly until the end of the 1980s. During the 1990s
the growth in new formations declined to approximately four per annum with credit union numbers
peaking at 435 in 1999. Prior to the financial crisis (end year 2006) credit union numbers had reduced to
just over 400 although membership and assets under their control continued to increase to 2.6 million
and €12.8 billion respectively. In 2006 the average cost to income ratio was 50 percent, loans in arrears
over 9 weeks were averaging at 6 percent, the average dividend rate was 2.1 percent, the loan book as a
percentage of total assets was 47 percent and the average return on assets was 3.3 percent. More
recent statistics depict a very different situation. In June 2015 there were 376 credit unions with 2.6
million members and €14.2 billion of assets. However, the average cost to income ratio was 65 percent,
loans in arrears over 9 weeks were averaging 16 percent, the average dividend rate was 0.7 percent, the
loan book as a percentage of total assets was 28 percent and the average return on assets was 1.6

percent (Central Bank of Ireland, 2015).

2.2 Performance Assessment of Credit Unions

There is a large and growing volume of empirical literature on structural performance in banking but a
more limited literature for credit unions (Worthington, 2010). Those studies which have been
undertaken on credit unions tend to concentrate on the more advanced movements where the data is
most readily available, for example the US, Canada and Australia.” In the case of Ireland, the majority of
research is also concentrated on banks. Glass and McKillop (1991) used a cost function to investigate
economies of scope, economies of scale and technical change for the two main Irish banks (Bank of
Ireland and Allied Irish Bank). They found that these banks were subject to diseconomies of scale, that
there was no production cost advantage in jointly producing loan and investment products, and that
technical change had made a significant contribution to the growth of bank output. Lucey (1993)
estimated a profit function. He found that Irish banks suffer from significant levels of inefficiencies
amounting to approximately 13 percent of average profits. Fitzpatrick and McQuinn (2005) use both
parametric and non-parametric techniques to consider the efficiency of Irish and UK banks. They found
Irish banks to be four percent less efficient than their UK counterparts. Beck (2014), in a review of the
medium and longer term prospects for the Irish banking system, concluded that banks should place

much greater emphasis on enterprise relative to household credit provision. He also concluded that the

> See McKillop et al. (2011) for an overview of studies on credit union efficiency and Worthington (2010) for a

review of efficiency studies for financial mutuals.



banks should place greater importance on providing financial services for the local economy rather than
focusing on activities generated by way of the Irish Financial Services Centre (IFSC). As banks alter their
focus he stressed the need for a fine tuning of both their lending policies and their risk management

systems.

Only three studies have investigated the structural performance of credit unions in Ireland. McKillop and
Quinn (2009) consider relative cost efficiency using stochastic frontiers. The study finds most credit
unions not to be functioning at optimal levels and that there was a wide variation in performance. The
reasons behind performance differences were explained by variations in technological sophistication,

resources supplied by sponsors and bad debt write-offs.

Glass, McKillop and Rasaratnam (2010) use a two stage empirical approach. The first stage computes
efficiency using a Data Envelopment Analysis (DEA) estimator. The second stage employs regression
analysis to identify those factors which influence efficiency. The analysis uses 2006 data for the
population of credit unions. Only seven percent of credit unions were identified as best practice credit
unions with the rest subject to various degrees of inefficiency. Most operational variables were found
not to influence credit union efficiency; the only exceptions were the dividend paid to members and the
bad debt write-off ratio. An innovative feature of the analysis was that it also considered the impact on
efficiency of Central Bank regulatory requirements such as directives on bad debts. The analysis
revealed that almost 70 percent of credit unions did not face an additional opportunity cost from bad

debt compliance requirements.®

Glass et al. (2014) consider credit union performance between 2002 and 2010. The modelling procedure
explicitly considers the production of undesirable outputs as part of the input output process. Over the
period credit unions were found to be subject to economies of scale. Although the effect was small, this
finding was taken as supporting the restructuring process now underway whereby sector wide
amalgamations are being promoted by a government sponsored restructuring board. The analysis also
highlighted that efficiency could be significantly improved though expanding good outputs, such as loans
and investments, and contracting less desirable outputs, such as loan and investment impairments. It

was also found that loans and investment were good substitutes. This latter finding was used to suggest

6 For credit unions in Northern Ireland, Forker and Ward (2012) conclude that there is a positive association
between self-regulation and financial ratios measuring prudence and loan book quality.
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that credit unions might benefit from legislative amendment to enable provision of a more diverse mix

of financial products.

2.3 Business model heterogeneity

There is a small body of literature, which has considered heterogeneity in business model practices (in
terms of production technologies). In financial services the work has concentrated solely on banks. The
seminal paper is by Orea and Kumbhakar (2004). They introduce latent class structure to a parametric
frontier to capture unobserved differences in a bank’s production technology that might otherwise be
labelled as inefficiency. The analysis uses an unbalanced panel of banks in Spain for the period 1992 to
2000. Four bank operational variables as well as the employee to bank branch ratio are used to
determine the latent class probabilities with information criterion employed to identify the optimal
number of classes. In the case of Spanish banks, heterogeneity is fully accounted for by a model based
upon four classes. Mean cost efficiency for the sector was estimated to be 83 percent. There was
however marked differences across the various classes with cost efficiency ranging from a low of 65
percent for class one to a high of 88 percent for the second class. An alternative methodology that also
captures business model heterogeneity is the meta-frontier approach (Battese, Rao & O’Donnell, 2004).
This allows for the estimation of technology gap ratios between individual frontiers and the overall
meta-frontier, which is derived as an envelopment of individual frontiers. Bos and Schmeidel (2007)
estimate comparable efficiency scores for 5,000 large European banks. The analysis covers fifteen
countries for the years 1993 to 2004. Two key findings emerge. First, the application of the meta-
frontier approach vyields results broadly consistent with country specific findings. Second, the authors
identified relatively small technology gap ratios which suggested that a single frontier may soon be
applicable European wide. Casu, Ferrari and Tianshu (2013) use parametric (stochastic frontier) and non-
parametric (data envelopment analysis) approaches to examine productivity growth in Indian banking
during separate periods of deregulation and reregulation. The key finding is that parametric and non-
parametric approaches yield a broad similarity in findings and that deregulation is centrally important in

generating productivity growth.’

7 The use of the meta-frontier approach is appropriate in these three studies as these studies focus on pre-defined
groupings — countries in Bos et al. (2007), regions in Battese et al. (2004), and ownership types in Casu et al.
(2013). In our investigation the objective is to identify the optimal number of classes with no a priori assumption
made about distinct groupings. The latent class stochastic hyperbolic distance frontier model, used in our
investigation, enables a multi-class model to be estimated, rather than determined ex-ante.
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3 Methodology

The structural business model of a credit union is modelled as a production technology using an
enhanced hyperbolic distance function (Glass et al., 2014). This distance function is estimated
parametrically using a stochastic frontier approach (Aigner et al., 1977; Battese et al., 1977). A distance
function provides a conventional parametric platform that allows for standard statistical inference based
on a multiple input multiple output production technology. In the context of a credit union one
appealing feature of the distance function is that it allows for the description of the structural business
model without the need for behavioural assumptions. This can be problematic given the not-for-profit

nature of these institutions (Bauer, 2008).

Traditionally, structural performance (productive efficiency) is measured using an ‘average’ credit union
approach which uses a common frontier (Worthington, 1998). This approach assumes that all credit
unions are subject to the same best practice catch-up (efficiency improvements) and scale economies
potential. This would imply that all credit unions experience the same growth patterns regardless of
their business model characteristics. A common frontier approach may not be representative if such
growth patterns are not ‘common’ across all credit unions and the corresponding ‘average’ parameter
estimates are less informative about what factors influence an individual credit union’s performance

potential.

Credit unions in Ireland due to their size differences and divergent lines of business can be argued to
exhibit latent clustering, which if ignored can be misinterpreted as improvements or reductions in
productive performance (Orea et al., 2004). This misspecification could distort the measurement of scale
economies which are calculated utilising the parameter estimates of the distance function. Standard
stochastic frontier analysis usually requires homogenous production function groups of credit unions to
be identified beforehand. This is normally achieved using static industry classifications, which can be
misleading.? If the model ignores the above mentioned latent heterogeneity, estimates are likely to be

biased (Greene, 2005).

Essentially a latent class frontier model focuses on technological (transformation function or service
provision function) and inefficiency heterogeneity. To achieve a latent class framework a probabilistic

model (a logit model which conditions class membership on financial viability characteristics) is

8 One common solution to this firm level heterogeneity is to stratify the data into clusters according to some conditioning
factor(s), then independently estimate cluster specific efficiency frontiers. Unfortunately, this is likely to result in biased
frontiers since it does not consider the information in other clusters (Orea et al., 2004).
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augmented to a stochastic frontier model. These viability characteristics are capital adequacy, loan
book as a proportion of the asset base and the Return on Assets (ROA). These characteristics capture
the essence of a credit union’s business model, the ability to on-lend while generating a surplus subject

to having in place adequate capital buffers.

This innovative modelling structure allows credit unions to grow and improve their performance by
catching up with best practice in a class or migration to a better class (switching). Unlike a standard one
class model, credit unions are measured relative to distinct groups that are determined by key viability
characteristic. The parameter estimates of the distance function are allowed to differ across groups and
are estimated at the same time as the probability of group membership. As structural performance
(efficiency) of credit unions in different technologies (classes) is measured simultaneously, but relative
to different technologies (classes), we avoid the common approach of applying a one size fits all
production function. This will provide a more accurate measure of scale and relative performance as

well as the appropriate number of groups that best describe the sector.

The credit union’s business model is modelled as a production process using an enhanced hyperbolic
distance function. This allows for the transformation of a set of inputs into both good and bad outputs
following an intermediation approach. A credit union’s structural performance (production technology
efficiency) is measured by the maximum equiproportionate expansion of good outputs and reduction of
inputs and bad outputs. If the resultant credit union performance (technical efficiency) estimate is
equal to 1 the credit union is deemed efficient. Scores less than 1 mean the credit union can improve
performance by expanding the production of good outputs while contracting the production of bad
outputs and input use. Credit unions that score less than 1 are deemed productively inefficient (for

technical details see Glass et al., 2014).

3.1 Estimation
We employ a latent class stochastic frontier analysis (Aigner et al., 1977; Battese et al., 1977; Orea et al.,

2004; Greene, 2005). A latent class structure is imposed to create the following distance function

model:

_ln(yMit) = TL(x;itt :itl Yr*nit; az, BZ’ Yz Nz Pz 92) + Vitlz - ln(DEitlz) (1)

Where xy;; , by;; and y,,;; are transformed variables defined using the inputs, xy;¢, good outputs, V¢,

and bad outputs, b,;;, of the i credit union in year t. In(Dg;t|,) is the resultant enhanced hyperbolic



distance from the z" latent class production frontier, and represents technical inefficiency. For a
detailed exposition of the model specification see the Appendix.” To summarise the estimation, the Irish
credit union industry’s structural business model complexity is modelled using a set of equations: Z
enhanced hyperbolic distance functions and a multinomial logit model which uses a set of conditioning
variables to sort credit unions into each of the Z classes. Orea et al., (2004, p.6) note that the usefulness
of the latent class approach is in the way it “uses the goodness of fit of each estimated frontier as

additional information to identify groups of firms into each class”.

3.2 Scale Economies
Scale economies at the mean can be calculated from distance function estimates by using the input and

output elasticities from equation (1). Class level Returns to Scale (RTS) are calculated as RTS =
[(—ZZkak|Z)—y1|Z] where (<,=>)1 implies (decreasing, constant, increasing) returns to scale.
Global Returns to Scale (GRTS) are calculated as a probability weighted sum of the above and is

given as

GRTS = )" w,RTS, = ) w, [(—2 Zk ak|z> - yllz] (2)

where (<,=,>)1 implies (decreasing, constant, increasing) returns to scale. w, is the average probability
of class membership which is estimated from the model. These measures provide an overview of scale

economies at both sector level and latent class levels.

4 Data

The data set covers the period 2002 to 2013. The intermediation approach is used in the specifications
of the inputs and outputs (Worthington, 2010). A three input (labour expenditure, capital expenditure
and interest expenditure), three ‘good’ outputs (loans to members, other earning assets and shares and
deposits) and a one ‘bad’ output (bad debt provisions) is specified. In the case of loans to members and
other earning assets we use risk-adjusted outputs where these outputs are adjusted for non-performing
loans and investment losses respectively (Hunter & Timme, 1986; Park & Weber, 2006)." In Table 1 we
provide data definitions for these inputs and outputs. The conditioning variables used in the analysis are

aimed at capturing financial viability characteristics. They are ROA, capital adequacy and the loan to

° The latent class stochastic frontier approach used in this paper is a refinement of the work in Glass et al (2014)
which assumed Irish credit unions to be homogeneous.

1% Mester (1996) argues that financial institution efficiency analysis provides misleading results when output
quality and financial institution risk-taking is not explicitly modelled.
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asset ratio. These characteristics capture the essence of a credit union’s business model, the ability to
on-lend while generating a surplus subject to having in place adequate capital buffers. The respective

conditioning variables are described in Table 1.

INSERT TABLE 1

In Table 2 some descriptive statistics are presented for the variables used in this study. For ease of
exposition we have presented the information at set intervals — 2002, 2005, 2008, 2011 and 2013. A
number of points emerge from this overview. From Table 2 (Panel A), it can be seen that lending has
declined significantly since 2008. In 2008 credit unions on average had extended €16 million in loans to
members by 2013 this had fallen to €10.8 million. This is not unexpected given the sustained economic
pressures faced in Ireland in the post-crisis period. This lending decline has also been compounded by
lending restrictions imposed on credit unions by the Central Bank as the financial crisis in Ireland
deepened (Power, O'Connor, McCarthy & Ward, 2014)." The decline in the loan book has been matched
by a corresponding increase in investments and linked assets (from an average of €14.8 million per
credit union in 2008 to €24.6 million in 2013). This increase in investments is a problem because a large
share of the investment portfolio is in the form of low earning assets such as bank deposits and short-
term government bonds (Irish and EU). The yield on both groups of assets has been extremely low in
recent years (Department of Finance, 2015). A further point of note from Table 2 (Panel A), is that bad
debt provisions have declined since peaking in 2008 and at the end of the estimation period were
actually lower than at the start (the average credit union’s bad debt provision was €237,000 in 2002,
rising to €614,000 in 2008 before falling to €181,000 in 2013). The initial increase in the provisions figure

was due to deterioration in the Irish economy and stricter provision requirements by the Central Bank.

Table 2 (Panel B) present a profile of inputs. Over the period there has been a sharp rise in labour and
related costs (the average credit union’s labour expenditure was €158,000 in 2002, rising to €288,000 in
2008 and rising further to €333,000 in 2013). The new regulatory environment stemming from the
Commission Report (2012) and the 2012 Act have imposed additional risk management and compliance
requirements on credit unions. To meet these requirements many credit unions have employed risk
management and compliance specialists. Table 2 (Panel C) details the financial viability characteristics. A

clear trend is the deterioration in the loan book. The average loan to asset ratio was 56.95 percent in

" At the height of the financial crisis almost 70% of all credit unions were subject to lending restrictions. Almost all
credit unions with a lending restriction in place had a maximum individual loan size restriction.
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2002 but by 2013 it had fallen to 32.62 percent. A strongly performing credit union should have a loan to
asset ratio between 70 and 80 percent (WOCCU, 2002). At no stage between 2002 and 2013 did Irish
credit unions come close to meeting the WOCCU criterion for a well-functioning credit union. A positive
feature emerging from the financial characteristics component of Table 2 is the strength of the capital
base of Irish credit unions. Capital adequacy has steadily increased over the period from 10.08 percent
in 2002 to 15.79 percent in 2013. The Central Bank of Ireland requires credit unions to have reserves to

assets of at least 10 percent.
INSERT TABLE 2

INSERT TABLE 3

5 Empirical Findings

The first stage in this investigation is to determine whether inefficiency exists. This is achieved through
comparison of a fully efficient specification (non-frontier specification) with a systematic inefficient
specification (translog with time trend specification). The likelihood ratio test, detailed in Table 3,
confirms rejection of the non-frontier specification. The second step is to determine whether the
common distance function model or a latent class distance function model is the preferred model. The
likelihood ratio test in Table 3 confirms rejection of the common frontier specification and consequently

the appropriateness of adopting a latent class specification.

The next step in the analysis is to determine if distinct production technologies (structural business
model classes) exist for Irish credit unions over the period under investigation. That is, we must
determine the number of classes, Z for equation (1). This is done in a number of steps. Firstly, the
maximum number of classes is determined by a comparison of log-likelihood values, joint significance of
parameters and reduction in class sizes upon the addition of another class (Greene, 2005). This first step
suggests a maximum of four classes. Secondly, the optimal number of classes is then determined using
information criteria (Orea et al., 2004). Two information criteria statistics are used Akaike (AIC) and
Schwarz Bayesian (SBIC). The results, provided in Table 4, identify a three class model conditioned on
the viability characteristics of loan book as a percentage of total assets, ROA and capital adequacy as
optimal. The three class model has the largest log-likelihood and the lowest (most negative)

information criteria statistic.

INSERT TABLE 4
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Table 5 provides coefficient estimates for the latent class frontier model based on the three classes
identified as optimal. For comparison purposes we have also detailed the coefficient estimates for the
common frontier model which ignores class division. Table 5 provides convincing evidence that a three
class model is appropriate in capturing the structural business model complexity of Irish credit unions.
In Table 5 (Panel A) the parameter estimates for all three classes are highly significant and first order
coefficient estimates on outputs and inputs are appropriately signed, illustrating the correct monotonic
relationship between these variables and the production frontier (increasing in outputs and decreasing
in inputs and undesirable (bad) output). The time trend in the model 8 is a quantification of technical
growth (regression). For each class there is a small positive but significant coefficient estimate, ranging
from a value of 0.005 for class 1 and 2 to 0.022 for class 3. This highlights that the most pronounced
technical progress (improvement in production technology over time) occurs for those credit unions
categorised within class 3. The coefficient estimate of 0.022 suggests that the structural business model
(production technology) faced by class 3 credit unions is on average increasing by approximately 2.2

percent per annum.
INSERT TABLE 5

Table 5 (Panel C) sets out the class membership probability parameter estimates. All parameter
estimates are statistically significant reinforcing the fact that distinct classes exist in the modelling of the
business model production process for Irish credit unions. Using class 3 credit unions as the reference
group it can be seen that compared to this class ROA and capital adequacy have a positive influence on
class 1 and 2 memberships. However, while loan book to assets also has a positive influence on the
membership of class 1 it has a negative influence on membership of class 2 compared to the reference
group (class 3). The prior probabilities of class membership (at the data means) indicate that class 1
contains 41 percent of the credit unions in the sample, class 2 contains 43 percent of credit unions and

class 3 contains 16 percent.

Average technical efficiency scores are calculated from the parameter estimates detailed in Table 5 and
are presented in Table 6 column two for each of the three latent classes. Again for comparison purposes
the average efficiency score based on the assumption of a common frontier is also detailed. The average

estimate of technical efficiency from the common frontier is 0.964. The average technical efficiency

12 As a robustness test the model was rerun using orthogonalised transformations of the three condition
variable to control for their potential correlated nature. Results were broadly consistent with the main
findings.
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values from the latent class frontiers are 0.961 (class 1), 0.868 (class 2) and 0.951 (class 3). A comparison
of these values highlight that an analysis based on a common frontier, which fails to recognise
heterogeneity across credit unions, will overestimate the level of technical efficiency within the sector.
The latent class technical efficiency values also suggest that class 2 is less efficient than class 3 which in
turn is less efficient that class 1. To illustrate how these technical efficiency values can be interpreted
consider the technical efficiency score for class 2. This average efficiency value of 0.868 (see Table 6)
suggests that, relative to its production frontier, the average class 2 credit union, has a potential
capability of increasing good outputs (loans, other earning assets and members’ funds) by 15.21 percent
(1/0.868 = 1.1521), while at the same time reducing its bad output (bad debt provisions) and its inputs
(labour, capital and interest expenses) by 13.2 percent (1 -0.868 = 0.132).

Table 6 also presents information on the average financial viability characteristics of each latent class.
Class 2 credit unions are the most inefficient. This class of credit unions have the lowest loan book to
asset ratio (38.19 percent) over the sample period. This group also has the highest capital adequacy
ratio (13.94 percent) so are quite well protected from unexpected shocks in comparison to the other
groups. Somewhat unexpectedly they are also identified as having the highest return on assets. Partly
this is due to our investigative period, the latter half of which covers an extremely turbulent period for
Irish credit unions. During this time many credit unions faced significant problems on their loan book in
terms of loan impairments which paradoxically may have benefited those with poor lending capabilities

such as those in class 2.
INSERT TABLE 6

We further considered the profile of credit unions in each class based on location, common bond type,
trade association affiliation and asset size. This overview is detailed in Table 7. Limited differences are
evident between the classes. A much smaller number of credit unions are categorised as class 3
compared to the other two classes. Class 1 has a higher proportion of urban and occupational credit
unions. Class 2 are the largest by average asset size with a large percentage affiliated to the Irish League

of Credit Unions.
INSERT TABLE 7

Information on scale economies is presented in Table 8 for each of the three latent classes. A global
measure, the probability weighted sum of scale return measures for the individual classes, is also

detailed and is defined as in equation (2). For comparison purposes a scale economies measure, based
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on the assumption of a common frontier, is also presented. The global measure and two of the
individual latent class measures are significantly different from one as illustrated by their 95 percent
confidence interval. In each instance diseconomies of scale pertain. The latent scale measure for class 2
is also less than 1 but the confidence interval indicates that the null hypothesis of constant returns to
scale cannot be rejected. In the case of the scale measure, based on the common frontier, we also
cannot reject the null hypothesis of constant returns to scale. The difference between the global
weighted and the common frontier measures again highlight the importance of adopting a latent class
structure. Failure to recognise heterogeneity across credit unions will result in an overestimation of

scale returns within the sector.
INSERT TABLE 8

The finding that diseconomies of scale are prevalent is of concern given the amalgamation process now
underway. It is also at odds with the views expressed by the Credit Union Commission (2012) which
identified mergers and amalgamations as an important strategy for those credit unions which wished to
put in place a business model structured around enhanced scale. The finding also differs from that
obtained by Glass et al. (2014) who, using a common frontier approach, found credit unions to be
subject to economies of scale over the estimation period, 2002 to 2010. To consider how scale
economies have changed over time and to benchmark the findings in this paper with that of Glass et al.
(2014), we present in Table 9 GRTS estimates based upon rolling windows. For the period 2002 to 2008
we find that the sector is subject to increasing returns to scale. Thereafter the GRTS value declines.
However, for the next four windows, which include the sample period used by Glass et al. (2014), the
null hypothesis of constant returns to scale cannot be rejected. Decreasing returns to scale hold for the

period 2002 to 2013.
INSERT TABLE 9

The key issue for the sector, and why diseconomies of scale have been found to exist in this present
study, is that credit unions are now subject to a very much strengthened regulatory framework, as
complete and extensive as in the most sophisticated of credit union movements. However, this has not
been matched by the Central Bank of Ireland allowing credit unions to adopt more permissive business

models. For example, Section 35 of the Credit Union Act 1997 as amended by the Central Bank Reform
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Act 2010, limits the amount of lending credit unions can do over both 5 and 10 years.” Furthermore in
recent years some credit unions also have had loan restrictions placed on them by the Central Bank and
this may also have adversely impacted their lending abilities, (Credit Union Advisory Committee, 2016)."
In essence credit unions have all the cost burden of the new regulatory framework but none of the
benefits in terms of providing new products and services within expanded lending limits. It is of no

surprise that in such an environment diseconomies of scale now present.

6 Conclusion

This study examines the structural business model complexity of credit unions in Ireland. A latent class
procedure is employed to measure structural performance over the period 2002 to 2013. The structural
model rewards an increase in desirable (good) outputs and the reduction in both inputs and undesirable
(bad) outputs. The latent class approach allows the endogenous identification of a multi-class business
model based on credit union specific characteristics. A number of findings emerge which have a direct

bearing on the change process now underway for Irish credit unions.

An initial finding is that a multi-class business model system for Irish credit unions is identified for the
period 2002 to 2013. This optimal multi-class model is found to be dependent on three financial
viability characteristics. They are a credit union’s loan book to total assets, its ability to generate an
operational surplus and its capital adequacy position. These findings have significant importance for Irish
credit unions. The Commission Report (2012) identified complexity and diversity in the business models
of Irish credit unions and recommended that such complexity and diversity could not be accommodated
within a one size fits all regulatory framework. Our results, which have identified three classes of
business model complexity, support the Commission’s conclusion that a common regulatory framework

for all credit unions is inappropriate.

A further conclusion emanating from this analysis is that there are differences between the classes with
regard to scale economies and structural performance. In terms of scale economies, two classes are
subject to diseconomies of scale, the null of constant returns to scale cannot be rejected for the third

class. This may suggest that credit unions in two of the classes would benefit from a reduction in scale or

13 To date 11 credit unions have sought approval to avail of increased longer term lending limits. Two of these
credit unions currently operate within these increased lending limits. The other nine credit unions are still
operating under the lower limits and are not utilising the increased limits.

14 Credit Union Advisory Committee (2016) notes that that there are 85 credit unions with some form of
lending restrictions. These restrictions are argued to have a very limited impact on the ability of a credit
union to lend.
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perhaps that there is imbalance in the change process. We would argue that the latter is the case. Credit
unions are now subject to a new and more costly regulatory environment, however, this has not been
matched by opportunities to adopt more flexible business models within a more permissive lending
framework. Under such a situation it is no surprise that class specific diseconomies of scale pertain. The
analysis of GRTS further emphasised the deteriorating position of credit unions. A rolling window
analysis highlighted that since 2008 the sector has moved from increasing returns to scale, to constant

returns to scale and now to decreasing returns to scale.

Our study also highlighted that relative performance differences are identified for each class vis a vis
technical efficiency. The latent class technical efficiency values highlight that class 2 is less efficient than
class 3 which in turn is less efficient than class 1. This suggests that there is an opportunity for credit
unions to improve their performance by using within class best practice or alternatively by switching to
another class. Finally, the analysis highlighted that an investigation based on a common frontier, which
fails to recognise heterogeneity across credit unions, will overestimate the level of technical efficiency

within the sector.
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Appendix: Details of Model Estimation

Extending the approach of Cuesta, Lovell, and Zofio (2009) we assume the latent class enhanced

hyperbolic distance function is of the translog form with a constant rate of technical change, written as:

K 1 K K M-1
—In(ymic) = a; + Z ak|zlnxilt 52 Z akuzlnxiitlnxz*it + Z ﬁm|zln3’r*nit
k=1 k=11=1 m=1
1M 1M-1
+ 5 ﬁk”Zlnykltlnyllt + Z yrlzlnb:lt +5 z Z yrslzlnbrlt SLt
m=1n=1 r=1 r=1s=
K M-1 K R M-1 R
+ 2 PrmizMX it Ny mie + Z Z NierjzMXpieInbrie + Z Z Ginrz Y micnbrie + 0,4t
m=1n=1 k=1s=1 m=1s=1

+Vit)z — In(Dgit|2) (A1)

Where x;; , bi; and y.;, are transformed® variables defined using the inputs, X, good
outputs, y,,;;, and bad outputs, b, of the i*" credit union in year t. In(Dgit|,) is the resultant enhanced
hyperbolic distance from the z" latent class (tier) production frontier, and represents technical
inefficiency.  This technical inefficiency term is assumed to be non-negative and distributed
independently as N*(0,02,). The term vj;|z, is identically and independently distributed as N(0, 62,)
and adds stochastic noise to the frontier estimations. The above specifications include a yearly index of
time, t, which captures Hicks neutral constant technical change (or constant shift in the production

frontier) over the period 2002-2013.

In the estimation of the model specification we must allocate each observation (it) to a class (z). Prior
probabilities of class membership are used to weight observations into the appropriate latent class by
maximising the log-likelihood function using an EM algorithmic approach. For a detailed empirical

exposition of this approach see (Bos, Economidou, Koetter & Kolari., 2010).

15 For details of transformation see Glass et al (2014).
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Tables

Table 1: Detailed description of model variables.

Variable | Name Description
MODEL OUTPUTS

\a Risk adjusted loans to members Total members loans adjusted for bad
debts written off.

Y, Risk adjusted earning assets Total of bank deposits, Irish and EU state
securities, life assurance products,
collective investment schemes and other
interest bearing investments. This figure
is adjusted for investment losses.

Ys Shares and Deposits Total member deposits and share
accounts.

b Bad debt proxy Provisions for bad debt

MODEL INPUTS

X1 Labour expenses Salaries and related expenses

X, Physical capital expenses Expenditures on: (i) premises and
associated, (i) equipment and associated
(iii) depreciation and (iv) lease of
equipment.

X3 Interest expenses Dividends and deposit interest

T Time trend indicator An indicator variable that proxies for the
annual nature of the data

FINANCIAL VIABILITY VARIABLES

L/TA Gross Loan book/Total assets This measures the extent of lending to
members relative to the credit union’s
asset base.

ROA Return on Assets This measures the surplus (deficit)
generated by the credit union relative to
its asset base.

K/TA Capital Adequacy This measures the reserves of the credit

union relative to its asset base.




Table 2: Descriptive statistics of model variables.

Panel A: Model Outputs
Loans to Members Earning Assets Shares and Deposits Bad Debt Proxy
(€000s) (€000s) (€000s) (€000s)
Year Average Standard Average Standard Average Standard Average Standard
Deviation Deviation Deviation Deviation
2002 N=400 11,200 15,031 7,954 11,119 17,027 21,853 237 386
2005 N=400 14,558 19,672 15,288 22,157 26,710 35,637 417 643
2008 N=399 16,013 21,796 14,794 20,806 27,266 34,973 614 954
2011 N=381 13,902 18,851 20,906 27,002 30,285 37,450 259 463
2013 N=386 10,784 13,899 24,587 31,284 29,660 36,291 181 617
Total 13,728 18,611 16,288 23,272 26,331 34,138 458 845
Panel B: Model Inputs
Labour Expenditures Capital Expenditures Interest Expenditures
(€000s) (€000s) (€000s)

Average Standard Average Standard Average Standard

Deviation Deviation Deviation

2002 158 178 292 311 380 657
2005 229 261 424 466 426 690
2008 288 330 534 610 566 1,013
2011 333 389 345 405 471 951
2013 333 382 376 427 469 623
Total 264 313 433 541 485 803




Panel C: Financial Viability Characteristics

Total Assets(€000s) Loan book/total assets Return on Assets Capital Adequacy
(%) (%) (%)
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.
2002 19,698 25,525 56.95% 13.61% 0.82% 1.50% 10.08% 2.96%
2005 30,747 41,076 49.36% 12.78% 0.74% 1.55% 10.45% 3.13%
2008 31,819 40,689 51.66% 14.06% 2.78% 2.35% 13.75% 3.19%
2011 35,238 43,643 41.44% 12.96% 0.92% 1.75% 13.90% 3.60%
2013 35,378 43,494 32.62% 11.60% 1.89% 1.24% 15.79% 3.67%
Total 30,659 39,826 47.23% 14.78% 1.61% 1.95% 12.58% 3.79%
Table 3: Preliminary model specification tests
Test Question Model Test type Degrees of | x? Statistics | Result
freedom
Non-frontier versus | Translog with Likelihood ratio 2 604.90 Non-frontier
Frontier time trend test model rejected
Common frontier Translog with Likelihood ratio 30 524.43 Common frontier
versus latent class time trend test model rejected
frontier
Table 4: Optimal class identification tests
Classes Conditional Log-Likelihood Akaike (AIC) Schwarz Bayesian (SBIC)
1 No 3173.96 -1.334 -1.206
2 Yes 3037.08 -1.287 -1.198
3 Yes 3290.81 -1.438 -1.391
4 Yes 3055.11 -1.301 -1.212

The optimal model will have the larger log likelihood and the lower (most negative) information criteria (AIC and SBIC).




Table 5: Frontier estimation results for common and optimal latent class frontiers.

Panel A: Distance Function Parameter Estimates
Common frontier Latent class frontier
Class 1 2 3
Coefficients Standard | Coefficients | Standard | Coefficients | Standard | Coefficients | Standard
Errors Errors Errors Errors
Constant -0.267*** 0.006 -0.356** 0.160 -0.259%** 0.011 -0.363*** 0.045
ﬁl 0.133*** 0.024 0.315*** 0.033 0.182*** 0.045 0.082** 0.008
B3 0.471%** 0.043 0.08 0.057 0.36*** 0.084 0.882*** 0.101
aq -0.229%** 0.007 -0.106*** 0.009 -0.228%** 0.012 -0.364%** 0.018
a, -0.116%** 0.008 -0.071*** 0.013 -0.12%** 0.012 -0.043** 0.020
as -0.135%** 0.004 -0.292*** 0.008 -0.149%** 0.009 -0.018*** 0.007
Y1 -0.025%** 0.003 -0.033*** 0.005 -0.001** 0.001 -0.078%*** 0.011
,311 -0.017 0.017 0.126%** 0.025 -0.064** 0.028 -0.029 0.046
[?33 -0.107** 0.044 -0.074 0.054 -0.032 0.082 -0.382%** 0.112
a1 -0.041%** 0.002 -0.009*** 0.002 -0.051%** 0.003 -0.026%** 0.007
12 0.022%** 0.003 -0.03%** 0.004 0.053*** 0.004 -0.006 0.012
aoo -0.014*** 0.005 0.038*** 0.007 -0.085*** 0.006 0.039** 0.019
a3 0.004*** 0.001 0.018*** 0.001 -0.001 0.001 -0.001 0.002
Q33 -0.023%** 0.001 -0.048%** 0.001 -0.027%** 0.002 -0.003*** 0.001
ao3 0.015%** 0.001 0.026*** 0.002 0.027*** 0.002 0.002 0.002
P11 -0.023** 0.011 -0.006 0.014 -0.089%** 0.015 0.017 0.029
P21 0.006 0.015 -0.024 0.021 0.103*** 0.020 -0.054 0.049
P31 0.001 0.004 0.02*** 0.007 0.008 0.006 -0.014 0.010
P13 0.046** 0.020 0.022 0.024 0.151*** 0.031 -0.076 0.049
P23 -0.022 0.029 0.05 0.037 -0.208%*** 0.042 0.109 0.088
P33 -0.004 0.008 -0.029** 0.012 0.001 0.012 0.013 0.019
(;[)11 0.009*** 0.003 -0.001 0.005 0.011%*** 0.004 0.046*** 0.010
¢)31 -0.024*** 0.006 -0.018* 0.009 -0.021** 0.009 -0.067*** 0.022
11 0.001 0.001 0.007*** 0.002 -0.004*** 0.001 -0.004 0.003
21 0.001 0.001 0.001 0.002 0.01*** 0.001 0.006 0.004
N31 -0.001 0.001 -0.006*** 0.001 -0.004*** 0.001 0.002* 0.001
Y11 -0.004*** 0.000 -0.003*** 0.001 -0.002** 0.001 -0.013*** 0.002
6 0.014%** 0.001 0.005%** 0.001 0.014*** 0.001 0.022*** 0.002
Panel B: Efficiency Parameters
Sigma 0.194*** 0.0004 0.082*** 0.002 0.185*** 0.005 0.092*** 0.008
Lambda 1.655%** 0.053 0.002 0.04 4.322%** 0.617 0.212 0.623
Panel C: Class Membership Probability Parameters
Constant 10,7971 %** 0.472 -0.437 0.550 Reference Group
Loan book/
total assets 0.024*** 0.006 -0.033*** 0.007 Reference Group
Return on
Assets 0.132%* 0.056 0.18*** 0.062 Reference Group
Capital
Adequacy 0.169%** 0.030 0.193*** 0.033 Reference Group
Observations 4618 1874 (41%) 2008 (43%) 736 (16%)
Prior membership probabilities 0.384 0.416 0.2




Table 6: Mean efficiency and financial ratio analysis by latent class

Model Type Efficiency Return on Capital Loan book/
Assets (%) Adequacy (%) | total assets (%)
Latent Class Frontier Model
1(41%) 0.961 1.66 12.39 56.24
2 (43%) 0.868 1.95 13.94 38.19
3 (16%) 0.951 0.56 9.36 48.94
Overall average 0.919 1.61 12.58 47.23
Common Frontier Model 0.964

Table 7: A profile of credit union characteristics by latent class

Location Common Bond Trade Association
Class Urban Rural Occupational Geographical CUDA* ILCU* Mean Total Assets (€)
1 57.9% 39.6% 58.7% 47.5% 38.8% 40.7% 27,013,423
2 27.3% 40.2% 29.5% 34.3% 49.5% 43.3% 36,127,283
3 14.8% 20.2% 11.7% 18.2% 11.7% 16.0% 24,532,007

*Irish League of credit Unions (ILCU); Credit Unions Development Association (CUDA)

Table 8: Returns to scale analysis

Model Type Returns to Scale 95% lower limit 95% Upper Limit
Class 1 0.9705 0.9703 0.9708
Class 2 0.9962 0.9751 1.0180
Class 3 0.9283 0.9278 0.9287
Global returns to scale 0.9727 0.9531 0.9921
Common Frontier Model 1.0160 0.9858 1.0361

Table 9: Returns to scale analysis using a extended sample period approach

Sample Period Global Returns to Scale (GRTS) 95% lower limit 95% Upper Limit
2002-2008 1.080 1.056 1.104
2002-2009 1.061 0.882 1.239
2002-2010 1.022 0.971 1.073
2002-2011 1.018 0.994 1.042
2002-2012 0.981 0.961 1.001
2002-2013 0.973 0.953 0.992




