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Abstract

Using the UK SMEs Finance Monitor data over 2011-2017, we explore the determinants of bank debt
rejections for UK SME:s. In the wake of the global financial crisis, business overdrafts and term loans
show slightly different trends although the factors affecting rejections are similar. We find that since
2014 rejection rates reduced for both facilities and they remained stable in the run-up to the Brexit
referendum and its immediate aftermath, although export and import SMEs operating in industries
with a high share of EU trade experienced tighter conditions. Further, we present robust evidence that
firms with female owners, organised in partnerships, and with a higher initial credit balance are more
likely to have their credit application approved. Finally, younger, smaller and more innovative SMEs
are more likely to be rejected, while their chance of being successful in their credit applications
increases substantially after 2014.
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1. Introduction

Small and medium-sized enterprises (SMEs) play a key role in virtually every nation primarily
because they are drivers to job creation and local economic growth. In the UK, they constitute 99.3%
of all private sector enterprises, and over the period 2011-17 alone, their number increased by about
24% to 5.7 million. They also contribute approximately 60% of all private sector employment and 51%
of all private sector annual turnovers (DBEIS, 2017). SMEs rely heavily on bank debt as external
financing sources and are more likely to face credit constraints relative to large firms. This is because
SMEs have limited net wealth and are often less informationally transparent than large firms; they
have also lower formal reporting needs and less external monitoring (Berger et al., 2005; Armstrong
et al., 2013; Udell, 2015).

Over the past decade the UK government launched several schemes to facilitate formal bank
lending for SMEs, such as the Funding for Lending scheme in 2012. Another way to assist small
businesses in finding bank credit was to create the British Business Bank in 2014. However, the slow
economic recovery in the aftermath of the global financial crisis and June 2016’s referendum results
on Brexit, triggered a sense of risk and instability for businesses of all size and sectors, including banks
and financial firms. Among the key concerns were the prospect of leaving the European single market
and the uncertainty surrounding the regulatory environment as the UK will have to convert and adapt
EU legislation (Filippaios and Stone, 2017). In this paper we investigate the following three main
research questions: do bank debt conditions for SMEs change in the run up and immediately after the

Brexit referendum in 2016? What firm- specific characteristics in terms, for example, of size, age and



type of activities, may be most impacted by changes in the credit market? What are the key drivers of

bank debt rejections?.

This study offers significant contributions to the literature by providing an up-to-date evaluation

of bank credit conditions and unique insights into the problem of debt rejections for UK SMEs. First,

previous studies on UK lending conditions mostly focus on the period before and after the global

financial crisis up to 2013 (e.g. Fraser, 2012; Armstrong et al., 2013; Cowling et al., 2016). This paper

is among only few studies (Brown et al., 2019; Calabrese et al., 2020) available in the literature that

considers the period of ‘great uncertainty’ around the Brexit referendum in 2016. We pay particular

attention to international traded SMEs that might be heavily influenced by the outcome of the vote.

Second, based on our knowledge, this is the first paper that explores the specific lending conditions

for firm size and company’s age. Start-ups are often very small, nonetheless they give a strong

contribution to net employment growth; this was true even during the crisis, as evidenced, for example,

in the cross-country study by Criscuolo et al. (2014). Previous studies show that smaller and younger

SMEs are found to have difficulties in accessing bank credit (e.g. Coleman, 2004; Cowling et al., 2012)

but they do not show the determinants of credit application for each SME’s sub-group.

Our last contribution relates to the literature on the determinants of debt rejections. Several firm

and owner features are identified as important determinants (e.g. Fraser, 2009; Cole and Dietrich, 2013;

Zhao and Jones-Evans, 2017). However, the role of credit balance is generally ignored, although it is

found to help banks alleviate moral hazard problems (Mester et al., 2006). One plausible reason is the

sensitivity of this information that makes firms reluctant to disclose, leading to a large number of

missing values in the data set and give the first attempt to test the effect of credit balance on bank debt
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rejections. To the best of our knowledge, we provide the first attempt to test the effect of credit balance

on bank debt rejections.

Our data are drawn from a rich firm-level survey data drawn from the UK SMEs Finance Monitor.

The breadth of the survey allows us to consider many important aspects in the analysis including

ownership (for example male/female), manager characteristics, bank relationships, firm demographics

(size and age) and products (including credit balance). We obtain that over the long time frame for this

analysis (2010-2017), the rejection rates for SMEs dropped but that was held back by the uncertainty

surrounding the Brexit referendum. We distinguish between two types of bank credit, namely business

overdrafts facilities and term loans, as firms typically use them for different purposes. Business

overdrafts are ideal for firms with fluctuating financing needs, so they are used to ease pressures on

working capital and as a back-up for unanticipated expenditures; while term loans are typically used

for longer term purposes and generally firm expansion. Overdraft applicants typically have different

characteristics compared to loan applicants and the relevant literature has previously indicated that the

determinants of overdraft rejections can differ significantly from those of loans’ (Armstrong et al.,

2013; Lee and Brown, 2017; Zhao and Jones-Evans, 2017).

Our main findings indicate that relative to the years in the aftermath of the global financial crisis

(2010-11), the overdraft and loan markets appear to follow slightly different patterns. We present

robust evidence that rejection rates initially dropped after 2014. They remained stable in the run-up to

the Brexit referendum and its immediate aftermath, although export and firms operating in industries

with a high share of EU trade experienced tighter conditions. We find that SMEs with female owners

and organised in partnerships, and with a higher initial credit balance are more likely to be approved.
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While younger, smaller and more innovative SMEs with lower application amounts are more likely to

be rejected both in the case of loans and overdrafts. An in-depth analysis on firm size and age shows

that relative to 2013, micro firms (less than 10 employees and turnover <£2m) face lower rejection

rates in the following four years, while other SMEs do not. Further, our results confirm that start-ups

(<2 years) experience significantly improved conditions in recent years, particularly in the case of

overdrafts.

The rest of this paper is organised as follows. Section 2 provides a brief review of relevant

theoretical and empirical studies and sets out the key research hypotheses. Sections 3 describes the

data. Section 4 explains the model and the variables employed in the regressions. The empirical results

and robustness tests are presented and discussed in Sections 5 and 6, respectively. Finally, Section 7

concludes and provides a discussion of the main related policy issues.

2. Selected literature review and main hypotheses

2.1 Theoretical literature

The seminal theoretical studies of Jaffee and Russell (1976) and Stiglitz and Weiss (1981) develop

a framework related to the rationale of credit rationing that occurs when banks restrict their lending

even if ‘good’ borrowers are willing to pay higher interest rates. This is because the rise in interest rate

increases the risk of the pool of potential borrowers but banks are unable to distinguish good borrowers

from bad borrowers due to the imperfect information in credit markets (adverse selection). In order to

pay off the higher interests, borrowers might change their behaviour and choose a riskier project (moral

hazard). Such reasons lead banks to ration credit, especially when the information asymmetry problem
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is severe. In this sense, small businesses, more informationally opaque, are more likely to be credit

rationed relative to large firms. Specifically, two types of credit rationing came into being when

borrowers receive a smaller amount than they request (type 1) or nothing (type 2) (Drakos and

Giannakopoulos, 2011).

To overcome adverse selection and moral hazard problems, banks have developed several lending

technologies (Boot, 2000; Berger and Udell, 2002, 2006), such as relationship lending relying on “soft”

information (qualitative information obtained over time via contacts with firms, owners and the local

community) and transaction lending relying on “hard” information (quantitative information, such as

data derived from balance sheets and/or collateral guarantees). In practice, lending technologies are

applied synergistically when banks make decisions on debt applications (Udell, 2015). Therefore, any

information utilised in lending technologies, no matter if soft or hard, can mitigate credit rationing and

those acting as signals of high credit risk, i.e. lower ability to pay off the debt will increase the

probability of debt rejection.

2.2 UK bank lending conditions

Inspired by the theoretical models just presented, a relatively large body of empirical research

ensued that focuses on the analysis of credit rationing for SMEs (e.g. Berger and Udell, 1992; Freel,

2007). Most empirical studies employ survey data to identify credit rationed small businesses (e.g.

Drakos and Giannakopoulos, 2011; Cenni et al., 2015). Early studies only include in their data samples

credit rationed firms (type 1, type 2 or both) and successful applicants (e.g. Bodt et al., 2005; Freel,

2007). This potentially leads to sample bias as the applications are not random. To solve this problem,
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recent studies (e.g. Cenni et al., 2015; Cowling et al., 2016) employ advanced techniques, such as
Heckman models to incorporate factors affecting demand and supply of bank credit in one structure
system.

One approach to assess bank lending conditions is to analyse the trend shown by the firms’ total
amount of outstanding debt. However, this is not informative enough as it is difficult to disentangle
the supply-side changes (i.e. banks loosening lending standards) from the demand-side changes (e.g.
firms become more or less credit risky). A better approach to assess lending conditions is using time
dummies to proxy the market changes of bank debt rejections over time after controlling for sufficient
risk characteristics from the demand side (e.g. Fraser, 2012; Armstrong et al., 2013). For the UK
market, lack of sufficient relevant data mean that there are only a few papers empirically examining
how the credit market conditions vary over recent years.

The existing body of literature looks into UK bank lending conditions for SMEs up to 2013,
typically focusing on a relatively short time span. In this study we employ a longer time frame for the
analysis (2010-2017). We expect that rejection rates would first decrease at the beginning of the period
under investigation then increase in the run-up to the Brexit referendum in 2016 given to widespread
uncertainty with investors and firms suffering from unknown trading and/or regulatory environment
as the UK decided to leave the European Union. Therefore our first hypothesis (H1) can be formulated

as follows:

HI: Rejection rates diminished post financial crisis but increased in the run-up to the Brexit

referendum and its immediate aftermath.



Not all companies suffered from worse credit conditions during and after the Brexit referendum.
The uncertainty generated by Brexit resulted in a dramatic drop in the pound sterling’s value,
increasing the costs of import activities and decreasing the profits of SMEs activities. The negative
impact of Brexit was somewhat proved by the evidence that export and import SMEs were inclined to
regard Brexit as an obstacle to business success (Brown et al., 2019). Given that UK export SMEs had
typically greater difficulties in accessing bank credit (Cowling et al., 2016), in such context, banks will
be even more cautious in lending to export or import SMEs. In addition, in light of the changes in the
trading outlook in the EU, banks might ration credit more to export or import firms which operate in

industries with a high share of EU trade. Therefore, we hypothesise that:

H2: Export/Import-oriented UK SMEs, especially those in industries with a high share of EU trade,

suffered from tighter credit conditions during and after the Brexit referendum.

Extending the finding by Armstrong et al. (2013) that uncertainty has a stronger impact on bank
lending for SMEs than large firms, we speculate that the impact of the uncertainty brought by Brexit
might also differ by firm size within SMEs. Given that firm size and age play important roles in SME’s

access to bank credit (e.g. Coleman, 2004; Cowling et al., 2012), we formulate our third hypothesis:

H3: The changes in bank lending conditions in UK SME:s differ by firm size and age.



2.3 The determinants of bank debt rejections

In theory, factors which can reduce the information asymmetry between SMEs and banks, no

matter if related to soft or hard information, can affect bank debt rejections. Empirical studies tend to

identify selected owner/manager features, factors associated to relationship banking as well as firm

characteristics as determinants (e.g. Cole, 1998; Fraser, 2009; Cole and Dietrich, 2013).

The gender of the owner/manager can influence bank debt rejections in the sense that female-

owned/led SME:s tend to be smaller, younger, less profitable (Fasci and Valdez, 1998), slower-growing

(Cooper et al., 1994) and less likely to survive (Fairlie and Robb, 2009), suggesting they are potentially

riskier and thus more likely to have difficulties in getting funded. Early studies (e.g. Riding and Swift,

1990; Coleman, 2000) provide evidence to this argument; whereas recently, for example, Cowling et

al. (2016) find female-owned/led SMEs in the UK are less likely to be rejected. In addition, owners’

age (Zhao and Jones-Evans, 2017) and financial qualifications (Cowling et al., 2016) are usually found

to be positively associated with bank credit availability for UK SME:s.

In relationship lending, banks are able to gather soft information about their customers through

repeated interactions (Boot, 2000). Over time, the collection of the information on firms’

creditworthiness builds up and if a bank supplies a bundle rather than a single product to a firm, it is

much easier and less costly for monitoring (Fraser, 2009). The lower information asymmetry resulted

from a longer-term and more concentrated bank relationship is found to help SMEs get better access

to bank credit (e.g. Petersen and Rajan, 1994; Berger and Udell, 1995; Kysucky and Norden, 2015).

However, Fraser (2009) find that for UK SMEs, not only the length, but also the concentration of the

bank relationship is insignificant. The information obtained from the applicants’ previous suppliers
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are sufficient for banks to make decisions so that they do not need to establish extra close relationships

with SME:s.

As for firm characteristics, it is harder for younger and smaller SMEs to access bank credit (e.g.

Coleman, 2004; Cowling et al., 2012). This could be because older and larger firms are more likely to

have a track record of business financial information and credit history that reduce the information

asymmetry (Fraser et al., 2015). They are also more able to provide sufficient collateral (Armstrong et

al., 2013) and payoff the debt (Drakos and Giannakopoulos, 2011). Industry sector is another factor

that may affect SMEs’ access to finance. The rationale is that firms in the same industry are subject to

similar market conditions (Freel et al., 2012) and therefore, belonging to a certain industry

classification can act as a signal for business risk. The importance of high-growth and geographical

disparities is highlighted by Moro et al. (2017) and Zhao and Jones-Evans (2017) respectively while

innovative SMEs appear to have more difficulties accessing finance (Freel, 2007; Lee at al., 2015).

However, many important variables, such as the presence of a credit balance, have not been

examined before, mainly due to missing data problems. Credit balance refers to the amount that a firm

usually holds in its current and deposit accounts. By virtue of the information in credit balance, banks

can assess borrower’s ability to generate profits and predict its probability of default, which is valuable

in the UK where small businesses are exempted to get an audit of their annual accounts. Banks can

also monitor the changes in the credit balance to get rid of moral hazard problems, especially when

the SME has an exclusive relationship with the bank (Mester et al., 2006). Besides, credit balance

makes it easier for banks to discover borrowers’ losses. This can motive SMEs to take actions to

generate higher return (Nakamura, 1991). Therefore, banks can use it as a ‘selection’ tool during
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applications, a ‘monitoring’ tool after applications and also a ‘buffer’ in the event of default. The higher
the credit balance, the lower the probability of default, the stronger the ‘buffer’ and the less likely their

applications get rejected.

H4: SMEs with higher credit balance are less likely to be rejected when they apply for bank financing.

3. Data

The dataset used in this study is drawn from the Small and Medium-Sized Enterprise Finance
Monitor (SMEFM) accessed from the UK Data Archive (BDRC Continental, 2018), which provides
micro firm-level survey data collected from 2011 Q1Q2 to 2017 Q4.! Since the survey asks for SMEs’
experiences in previous 12 months, we have information on UK SMEs from 2010 to 2017. However
applications in the first and last year under study (2010 and in 2017) are underestimated because they
refer to the previous period. SMEs are defined as firms with no more than 250 employees and no more
than £25 million annual turnovers, slightly lower than the limit set by European Commission.? They
should also have the following characteristics to qualify for the interviews: (1) not 50%+ owned by
another company (2) not run as a social enterprise or as a not for profit organization. Around 5,000

different SMEs were interviewed in each wave (27 in total, corresponding to 131,332 observations).

! The first wave survey was performed in February-May 2011 and is specially denoted by “2011 Q1Q2”. Subsequent
surveys were undertaken in standard quarter periods (January-March, April-June, July-September and October-December).
2 In actual facts, there is no single SMEs definition within the UK government and different thresholds are defined
depending on the purposes, for example, accounting and tax relief etc.. The EU definition that came into force on 1 January
2005 uses these thresholds: micro firms (0-9 employees and an annual turnover of not more than €2m or a balance sheet
no greater than €2m); small (10-49 employees and an annual turnover of not more than €10m or a balance sheet no greater
than €10m); and medium (50-249 employees and an annual turnover of not more than €50m or a balance sheet no greater
than €43m).
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The database asks for their experiences of seeking and obtaining external finance in the previous 12
months, future finance needs and barriers for future growth, as well as the characteristics of the SMEs
and their owners/managers. Therefore, the survey data are in repeated-measured structure, instead of
panel structure.

Unlike in most European countries, UK SMEs demand more credit lines than loans as finance
sources (DBIS, 2016). Therefore, we construct and analyse two separate datasets: one for business
overdraft and the other for term loan applications. We delete observations with no initial outcome of
their applications and those that refer to the year 2009.> Our final sample includes a total of 16,537
observations, split into two separate samples: 10,673 observations for overdraft and 5,864 for loans.

Table Al in the Appendix reports the sample size in each survey wave.

<Insert Table 1 around here>

Credit lines are typically shorter term and lower in volume than loans. Table 1 illustrates different
reasons for overdraft (Panel A) and loan (Panel B) applications. Most SMEs use overdrafts as working
capital to help with day to day cash flow management (81%), as a safety net just in case (39%) or to
cover short term gaps until funds are available (26%). On the other hand, 31% of SMEs apply for loans
to expand their businesses (29% domestically and 2% overseas), purchase premises (27%) and

equipment (26%).

3 Since the survey asks for SMEs’ experiences in previous 12 months, the first wave survey conducted in 2011 should
collect information in 2010. Therefore, applications in 2009 (the information before 2010) are regarded as outliers and
removed from the sample.
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<Insert Table 2 around here>

Table 2 displays the number of SMEs which have applied for bank financing by year over the
studied period.* Overdraft applicants are almost twice as many the number of loan applicants in all
years. We saw before that high needs for working capital and day-to-day liquidity are driving overdraft
applications. Excluding 2010, Table 2 also reveals a dramatic drop (by nearly 2/3) in number of
applications for both overdrafts and loans. Although the number of applications cannot measure bank
credit demand accurately due to a likely “discouragement factor” at play (i.e. when SMEs who have
positive financing needs do not make an application for fear of rejection), the trend described above is
suggestive of a decreasing bank credit demand in the wake of the financial crisis. A report by DBIS
(2015) highlights that — excluding SMEs with no employees —, fewer UK SMEs sought finance in
2014 (19%), relative to 2012 (24%) and 2010 (26%). A possible reason is that firms adjust their
business plans to slow down their growth during a crisis. This allows firms to accumulate enough
internal funds and therefore do not demand external bank debt after the recession (BBB, 2016).
Political and economic uncertainty around Brexit have likely affected firms’ investment plans in the

most recent years (Brown et al., 2019).

4 The data for applications in 2010 and 2017 are incomplete because less surveys covered these two periods, compared to
other years, due to the way the survey is formulated (see also footnote 2). Specifically, the survey asked SMEs’ experience
over the past 12 months, which means applications in 2013 were surveyed from wave 8 (Q1 2013) to wave 15 (Q4 2014).
However, applications in 2010 were only surveyed in the first 3 waves (only 3 waves were conducted in 2011) and
applications in 2017 were only surveyed in the last 4 waves.
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The rejection rate is defined as “the proportion of firms which applied for credit and were either
refused outright or received less credit than they requested, as a proportion of firms applying”
(Armstrong et al., 2013, p. R41). The last two columns in Table 2 illustrate that the bank debt rejection
rates during 2010-2017 is higher for loans than overdrafts in every year, reflecting the preference of
banks to issuing low volume, contingent short-term finance (see also DBIS, 2016). This could also
partially explain the lower number of loan applications in Table 2 since, as mentioned earlier, higher
rejection rates could subsequently increase discouragement and thus reduce the number of applications.
Table 2 also shows that for both overdrafts and loans, the rejection rates appear considerably higher in
2010-2013 compared to more recent years. This trend implies a tight credit condition during the great
recession until 2013 and seems to hint to a greater banks’ propensity to lend in more recent years, both
in terms of overdrafts and loans. However it is possible to note that conditions are slightly tight again,

particularly for loans in 2016, the year of the Brexit referendum.

4 Model and variables description
Here we construct the econometric models to test our hypotheses. The outcome of the application

from the i-th SME (for i=1,2,....,n) can be described by a Bernoulli random variable Y;, so that:

v = {1 if thei—thSME isrejected |
E7 10 if thei—th SME is not rejected M

where a firm is defined as being rejected if it is either refused outright or receives less credit than it

requests. By definition, bank debt rejection can only be observed if the firm actually applies for bank
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finance. Since the application decisions are not random, there might be sample selection bias if firms
which do not apply are omitted from the analysis. Following previous studies (e.g. Cenni et al., 2015;
Cowling et al., 2016), we employ the probit model with sample selection® (Van de Ven and Van Pragg
1981) to model the demand and supply of bank credit, but find no selection bias in our overdraft and
loan sample. Therefore, a single regression model on bank debt rejection is appropriate. Considering
that interpretations are easier in logistic models than probit models, finally we decide to employ
logistic models for the empirical investigation. Specifically, let m; represent the probability of bank
debt rejection of i-th SME, thus m; = Pr (¥; = 1). To estimate m;, consider a covariate vector X;

and a link function g(.) which is monotonic and twice differentiable such that:

9(m) =X/ B )

where [ denotes the unknown parameters vector to be estimated. The link function is the logit link

based on the symmetric logistic distribution that can be described as follows:

In (L) = x7 3)

-1

3> The results are not reported for brevity, but available upon request from the authors. This model is an extended Heckman
model using maximum likelihood estimation. The dependent variable in the selection equation is whether a firm applies
for bank debt and the dependent variable in the outcome equation is whether the application is rejected. The variable
‘management account’ and ‘use of credit card’ (see definitions in Table 3), are used as the selection criterion for both the
overdraft and the loan sample as these two variables have been found significant in the selection equation (that is, related
to the application decision making) but insignificant in the outcome equation (that is, unrelated to the bank decision
making). The correlation coefficient between the two equations is insignificant for both overdrafts (0.1781 with p-value
0.11) and loans (0.1871 with p-value 0.34), indicating there is no selection bias in our samples.
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In order to avoid the potential biased and/or inefficient estimated coefficients resulted from
deletion of incomplete observations (White et al., 2011)®, we apply multiple imputations (MI) to deal
with the missing values in our survey data (Allison, 2012). We adopt fully conditional specification
(FCS) implemented by chained equations algorithm because it is a non-parametric approach that is
based on three main steps: imputation, analysis and pooling.” In the first step, plausible values are
utilised to fill in the missing values by using other independent variables as predictors and iterating
over the conditional densities. Several complete datasets can be generated in this step. Then, complete-
data methods are applied in each separate complete dataset. Finally, Rubin’s rules are used to combine
the results obtained in the second step. The rule incorporates “both within-imputation variability
(uncertainty about the results from one imputed data set) and between-imputation variability
(reflecting the uncertainty due to the missing information)” (White et al., 2011, p. 378).

How many complete datasets should be generated, which is also referred as the number of
imputations, has been widely discussed (e.g. Schafer, 1999; Graham et al., 2007). In this paper, we
follow White et al. (2011)’s recommendation which is more flexible: the number of imputations should
be similar to the percentage of cases that are incomplete. Approximately 35% observations for
overdrafts (40% for loans) have missing values. Therefore, 35 imputed datasets are generated for
overdrafts (40 for loans). The percentages of missing values in the corresponding variables are reported

in the note to Table 4. The independent variable of interest (application date) has 7% missing values

® Complete-case analysis is appropriate only if the data are missing completely at random (MCAR). We run the Little’s
MCAR test. The chi-square statistic is 3643 for overdraft sample and 3112 for loan sample, which are highly significant.
Therefore, the missing data in our sample are not MCAR patterns and complete-case analysis will be inappropriate in such
a context.

7 This is implemented in the programming language R using the package “mice” (Buuren and Groothuis-Oudshoorn, 2011).
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for overdrafts and 12% missing values for loans. Credit balance has the highest percentages of missing
values (19% for overdrafts and 20% for loans).®
To control for sufficient risk characteristics, we incorporate a number of explanatory variables in
our regressions (see Table 3). However, some of them may contain no or replicate information on bank
debt rejection. Adding noninformative variables can bring noise and impair model performance (Ritter,
2014), To tackle this issue, we follow Wood et al. (2008) and use a backward stepwise selection
approach. At first, the model with all the potential covariates is estimated. Then, the explanatory
variable with the lowest significance level is dropped and the Wald test is used to test whether the
dropped covariates (except the most recently dropped) should be re-introduced into the model.” If the
dropped variables are not re-included in the model, the model is re-estimated excluding the dropped
covariates. This iterative procedure is applied until all the covariates in the model are significant at
least 10% significance level. Therefore, the results reported in the next section only include significant
explanatory variables.
Table 3 provides the definitions of all variables used in equation (3).!° The dependent variable
is the bank debt rejection, a binary variable equal to 1 if the firm was refused outright or received less

credit than it requested, and zero otherwise.

<Insert Table 3 around here>

8 This is likely the reason why, its effects has not been examined before in previous studies (e.g. Lee and Brown, 2017;
Rostamkalaei and Freel, 2017) that use the same data set.

 We use the function ‘pool.compare’ available in the R package ‘mice’ to implement the Wald test.

10 Compared to the variable list in Table 3, some variables are absent in Table 5. This is because these variables are
insignificant and thus removed from the regression model after we apply the backward stepwise selection technique. It
does not mean that we do not include these variables when we run regressions. Besides, the empty rows for application
date in Table 5-8 also mean the dummy variables are insignificant and removed from the model.
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One important variable is the application date for which we include eight dummy variables, (one
for each year) to proxy for changes in credit market conditions as in Fraser (2012) and Armstrong et
al. (2013). A higher rejection rate is expected for applications in 2016 the year of the Brexit referendum.
We also include credit balance to test Hypothesis 4, and incorporate eight dummies, expecting
significant higher marginal effects for higher credit balance dummies.

Following the main literature on the determinants of access to bank finance for SMEs (e.g.
Cowling et al., 2016; Lee and Brown, 2017) the additional independent variables included in the model
can be mainly divided into four groups: owner/manager characteristics, bank relationship and/or
products, firm characteristics!!, and application process-related variables. The related descriptive
statistics can be found in Table 4. A ‘typical’ applicant for both overdrafts and loans (first and sixth
columns) holds less than £5,000 in its current and deposit account, which is owned/led solely by a
male owner aged more than 50 years without sufficient financial knowledge. It only approaches one
bank (the main bank) and does not use a credit card. With less than 10 employees and £1m-£4.9m
annual turnover to generate profits, the typical applicant is established for more than 15 years, located
in the South East and operating in the Construction industry. It produces business plans and regular
financial statements, has a low risk level but does not have international (import /export) and

innovative activities. It typically uses business accounts to apply for credit in the range £10,000-49,000

" For further analysis to test our third hypothesis (H3), we will divide all firms into micro, small and medium-sized firms.
To mimic the EC definition (see details in footnote 15), we split the sample according to the number of employees and the
annual turnover. To be consistent, we include both measures as proxy for firm size in the regressions. Fraser (2009) also
uses the numbe of employees and the business assets simultaneously in his model. Besides, to deal with the
multicollinearity concerns between these two variables, we run the VIF test, which are smaller than 5, indicating that the
correlation problem can be neglected.
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but does not seek advice before application.

<Insert Table 4 around here>

Table 4 also provides the difference in means between rejected and approved applicants for all
independent variables. The t-statistics suggest that as far as overdrafts are concerned, rejected SMEs
were more likely to apply in 2011-2013 and less likely in 2014-2017. Consistent with the trends shown
in Table 2 above, results for loans are similar. Further, both in the case of overdrafts and loans, rejected
firms tend to be smaller (have fewer employees and lower annual turnovers), younger, sole-traders,
less creditworthy and are led by younger owners/leaders. Approved firms have a higher credit balance
and tend to be more profitable and internationally traded. Their ownership is usually joint partners
(males/females), who are more financially knowledgeable. They generally apply to their main banks,
use a credit card, have a business account and apply for relatively higher amounts. In addition, when
SMEs apply for overdrafts (not loans), rejected firms tend to be innovative and seek advice before

their applications.

5. Empirical results
5.1 Multivariate analysis

We perform a multivariate analysis to investigate the relationship between bank debt rejections
and application date (Model 1 in Table 5). Since the variable rejection is dichotomous, multivariate

regressions are estimated using a logistic model. To ensure that the level of multicollinearity is
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acceptable, we compute the VIF test for the independent variables and results are satisfactory (all
values are <5). Table 5 reports the estimated marginal effects for a typical applicant and the Wald test
statistics that all coefficients (excluding the constant term) are equal to zero simultaneously. The
marginal effect of a significant coefficient is estimated by the discrete changes when other significant

coefficients hold the same as a typical applicant.

<Insert Table 5 around here>

Results from Model (1) are reported in the first two columns of Table 5. They suggest that for
overdrafts, relative to applications in other years, applications in 2012 are 2.83% more likely to be
rejected. In contrast, applications in 2014-2017 are less likely to be rejected, suggesting looser lending
conditions for SMEs in the most recent four years included in our analysis. This latter result is also
found for loan applications for which conditions do not appear to change up to 2013 but then show
significant negative signs since 2014.

Table 5 also reports the significant marginal effects for Model (2) that include the control variables
and results from the application of the Rubin’s rule variable selection technique described in Section
4. For both overdrafts and loans, after controlling for several risk characteristics, the changes in lending
conditions broadly confirm the findings of Model (1). Relative to applications in 2010 and 2011, those
in 2012 and 2013 are 1.57% and 1.64% more likely to be rejected for overdrafts. In the following four
years, both overdraft and loan markets show more favourable lending conditions relative to years in

the wake of financial crisis.
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<Insert Figure 1 around here>

Figure 1 shows that the predicted probability of debt rejection for a typical applicant drops
markedly in 2014 and 2015 and then climbs in 2016. As hypothesised in H1, this result might have
been influenced by the Brexit referendum which took place in 2016. To test whether the differences
before and after Brexit are statistically significant, we run the Wald test with the results reported in the
bottom of Table 5. For both overdrafts and loans, the differences between the rejections in 2015, 2016
and 2017 are not statistically significant. Therefore, the lending conditions do not change under the
period of great uncertainty in the run-up and in the year following the Brexit referendum. A potential
explanation is only a small number of firms will be affected, evidenced by merely 16% SME:s self-
reported Brexit as a major obstacle in a 2016-17 survey (Brown et al., 2019). Another reason might
due to the long time spanning and the complicated procedures of Brexit, leading to an insignificant
influence in a short-term. A change in lending conditions potentially comes up in the post Brexit,
which is out of our sample, although, as pointed out above, data for the last available year used in this
study should be interpreted with some caution.

Another important result refers to the variable credit balance (H4). Most studies omit this variable
due to missing values. We apply a survey data multiple imputation technique to deal with this problem
and are able to check the effects of credit balance on debt rejections. As far as we are aware there are

no other published studies that determine the role of different levels of credit balance in SMEs accounts
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against the probability of rejection.!? As hypothesised, our results provide support for our fourth
hypothesis (H4) in that a higher credit balance shows a stronger significantly negative marginal effect,
suggesting a lower probability of rejection, for both overdrafts and loans.

Regarding owner/manager characteristics, applications from female owned/led SMEs are 2.22%
(3.29%) more likely to be approved for overdrafts (loans). This finding is in contrast to previous studies’
more classical findings that it is much more difficult for female entrepreneurs to access bank lending
(e.g. Riding and Swift 1990; Coleman 2000; Bellucci et al. 2010), but conforms to the most recent
empirical investigations by Cowling et al. (2016). This result could be interpreted in several ways. On
one hand, it could be attributed, and there are a few examples in the literature (e.g. Watson, 2002;
Watson and McNaughton, 2007), to a more risk-averse attitude of female managers that will be more
likely to select conservative projects or low- risk business plans. On the other hand, it could be that a
larger proportion of female-run firms simply did not file a loan application as they anticipated being
rejected, as recently evidenced e.g. in Moro et al. (2017). Legal status is also an important factor in
reducing rejection rates, a result that contradicts both Armstrong et al. (2013) and Lee and Brown
(2017). The lower rejection rate of partnerships can possibly derive from their lower default rate
(Cowling and Mitchell, 2003) and from the fact that banks could have more recourse if firms with
unlimited liability default thanks to the shared responsibility. Contrary to expectations, we find that

for loan applications, SMEs with middle-age owners/leaders (31-50 years old) are 3.97% more likely

12" Studies such as Cole et al. (2004) examine the role of cash holdings in small businesses lending. Although credit balance is close to
cash holdings, other studies use cash-to-asset ratio as the proxy for liquidity whereas our variable represents a buffer that banks can use
in the event of default.
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to be rejected, a result that is at odds with Zhao and Jones-Evans (2017) who focus on the 2011-2014

period and find older (i.e. experienced) owners/leaders have an advantage in loan applications.

Applying to the main bank is found to be 5.82% less likely to experience overdraft rejections,

showing the advantage of a long-term relationship in reducing information asymmetries for overdraft

applicants, but not for loan applicants. This is possibly because relative to loans, overdrafts generally

have shorter duration and smaller volumes and banks have more monitoring power on overdrafts as

they can call back money at any time. The implicaton is that banks will be more cautious when

assessing loan applications and tend to focus more on SMEs’ ability to pay off the debt.

On firm characteristics, similar determinants on bank debt rejection can be found for overdrafts

and loans. Bigger (with either more employees or higher annual turnovers) and older SMEs are less

likely to be rejected, revealing an expected negative effect of size and business age, consistent with

the findings of Armstrong et al. (2013). The size effect appears to be stronger in loan applications

whereas an age effect seems more relevant for overdrafts. Profitable SMEs are 5.21% (10.73%) less

likely to experience rejections in the case of short-term (long-term) finance whereas innovative SMEs

are more likely to be rejected (2.30% for overdrafts and 4.28% for loans), as e.g. in Lee et al. (2015).

One possible explanation is that innovation ‘is essentially a speculative process’ (Freel, 2007) and

banks are unwilling to bear the accompanying uncertainty. External credit risk rating also plays an

important role in determining debt rejection. Relative to SMEs with minimal risk, firms with any

higher levels of risk rating are more likely to face rejections. The riskier the SME is, the less likely its

application will be approved, in line with the findings of Fraser (2012) and Armstrong et al. (2013).

However, for overdraft applications, SMEs with formal written business plans are 1.17% more likely
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to be rejected, possibly because their proposals are either not sufficiently robust or too ambitious, in
which case equity-based finance might be a better choice (Lee and Brown, 2017).

Concerning process- related factors, SMEs using business accounts seem to be associated with
considerable better access to overdrafts, maybe because banks can monitor these firms’ behavior more
closely. Surprisingly and somewhat counterintuitively, seeking advice is found to have a positive effect
on overdraft rejection, inconsistent with the findings of Rostamkalaei and Freel (2017) that advice is
helpful to improve the bank debt availability. One possible explanation is that SMEs seeking advice
before overdraft applications are risky firms which expect to fail or to encounter difficulties during the
application process. Therefore, advice seekers are more likely to be rejected (Lee and Drever, 2014).
Besides, in the UK SMEs managers are increasingly citing a lack for appropriate advice as well as
weak support from banks as a motive not to apply for traditional loans (Close Brothers, 2016). Finally,
larger applications tend to be more likely to be approved, possibly relevant to the higher monitoring

costs and thus lower profit margins brought by the smaller amounts (Freel et al., 2012).

5.2 Lending conditions for SMEs with international trades

Although bank debt rejection rates do not differ across SMEs with and without international trades
(coefficients for export and import are insignificant and thus not reported in Table 5), the depreciation
of the GBP pound sterling since the Brexit referendum might lead to tight conditions for SMEs with
international trades. To test our second hypothesis H2, we re-run regressions for export and import

SMEs respectively and report the statistical significant results in Panel A in Table 6.
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<Insert Table 6 around here>

The table shows that both in the case of loans but particularly for overdrafts, import-oriented SMEs
benefit from a lower probability of being rejected after 2014. The situation is different for export firms
as our empirical results are either not statistically significant (and therefore not reported) or very low.
However, we do not find strong evidence that SMEs with international trades suffered tighter credit
conditions around Brexit except export firms experienced a 3.62% lower probability of overdraft
rejection in 2015, relative to 2016 and 2017.

Given the changes in the trading outlook in the EU, the uncertainty might exert asymmetric effects
for industries with a high vs low share of EU trade. Based on the trade data in 2016 and 2017 (Table
A2 in the Appendix), we identify the high EU-traded industries'?, for example: ‘agriculture, hunting
and forestry fishing’, ‘and ‘wholesale/retail’ for exports and ‘construction’; and ‘health and social
work’ for imports. Then we re-run our models for export and import SMEs in their corresponding high
EU-traded industries. The significant results are reported in Panel B of Table 6.

For export firms in high EU-traded industries, applications in 2015 are 4.15% and 10.26% less
likely to be rejected relative to those in 2016 and 2017. Similar evidence is also found for import firms

in high EU-traded industries when they apply for loans. Therefore, we do not reject our second

13 Tnitially we identify industries which trade more with EU than non-EU regions (i.e. the share of EU trade higher than
50%) as high EU-traded industries. Unfortunately, estimation issues occur when we run loan rejection regressions for
export SMEs in high EU-traded industries, possibly because the sample size is too small to run regressions with so many
independent variables. Therefore, we decide to identify industries with above-average share of EU trade as high EU-traded
industries.
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hypothesis that export and import SMEs operating in industries with a high share of EU trade,

experienced tighter lending conditions during and immediately after the Brexit referendum.

5.3 How much do SME:s size and age matter?

Our evidence presented above adds to the extant literature by providing additional support that in
the UK market, size and age do matter when it comes to applying for traditional bank debt, as smaller
and younger SMEs are more likely to be rejected for both overdrafts and loans. Given the costs of not
channeling funds to small young firms and start ups for the economy, we carried out an additional test
to check the extent to which size and age matter by testing our third hypothesis (H3) using different
subsamples.

First, we focus on size and split the full sample into three clusters using the number of employees
and the annual turnover. Following the European Commission'*, we define firms with 0-9 employees
and less than £2 million annual turnovers as ‘micro’; firms with 10-49 employees and £2-10 million
annual turnovers as ‘small’; and firms with 50-249 employees and £10-25 million annual turnovers as
‘medium-sized’. We re-run the regressions in each sub-sample, and report the significant results after
variable selection in Table 7.

The table reveals significant results only for micro firms. In all other cases, lending conditions for

both overdrafts and loans do not change at all since all coefficients for application date are insignificant.

!4 For number of employees, limits in EC definition are 10 (between micro and small firms) and 50 (between small and
medium-sized firms). Our data can match the limit perfectly. For annual turnovers, limits in EC definition is €2 million,
approx. £1.7 million (between micro and small firms) and €10 million, approx. £8 million (between small and medium-
sized firms). The most similar band in our data is £1-1.9 million and £5-£9.9 million. Therefore, we define micro, small
and medium-sized firms in the way described above. Where there are missing values in annual turnover (see Table 4), the
definition is made only according to the number of employees.
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Relative to 2012 and 2013, micro firms’ applications after 2014 are less likely to be rejected for both
overdrafts and loans. However, since the coefficients of applications in 2015 and 2016 are not

statistically different, the lending conditions around Brexit do not change for micro firms as well .

<Insert Table 7 around here>

Further, we follow Criscuolo et al. (2014) and Ayyagari et al. (2011), and split the sample into
start-ups (firms aged less than 2 years), ‘young’ (firms aged between 2-5 years) and ‘mature firms’
(more than 5 years). Start-ups are widely recognized as drivers of job creation and also play a crucial
role in intensifying competition and driving innovation and opportunities, therefore whether start-ups
are credit rationed is a key concern for the economy. Since mature firms account for more than 80%
of the full sample, we further split them into two subsamples: ‘firms aged 6-9 years’ and ‘firms aged
more than 10 years’. We re-run the regressions in each sub-sample, with the significant results reported

in Table 8.

<Insert Table 8 around here>

Since start-ups’ overdraft (loan) applications after 2014 (2013) are 29% (18%) less likely to be
rejected relative to those in previous year, start-ups appear to benefit from significantly improved
conditions, with substantial stronger marginal effects relative to other firms. Looking at the periods

before and after Brexit, only firms aged 6-9 years experienced tighter loan conditions while no changes
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are observed for other firms in both overdraft and loan markets. Another noticeable finding is that

changes in the loan market are remarkably different for firms aged 6-9 years over the years under

investigation, but the differences disappear for more mature firms.

6. Robustness checks

In this section, we perform several robustness checks, with the results reported in Table A3 in the

Appendix. First, as discussed in Section 4, data for applications in 2010 and 2017 are not complete.

To check whether this has any influence on our results, we exclude applications in 2010 and 2017 and

then re-run our models. The significant coefficients for application date are shown in Panel A and

results are broadly confirmed.

We also test whether our results are robust to different types of rationing. The definition of our

dependent variable (see Table 3) includes both types of rationing. To look at them separately, we create

another ordinal dependent variable, which equals O when the application was approved (not rationed),

1 when it received less credit than it requested (type 1 rationing) and 2 when the applicant was turned

down (type 2 rationing). An ordered logit model is employed to perform regressions, with the

independent variables staying the same as those listed in Table 3. The results reported in Panel B are

very similar, showing the robustness of our results to the definition of bank debt rejection. Besides,

the cut-off points between type 1 and type 2 rationing are insignificant for both overdrafts and loans,

suggesting no need for separation.

One limitation from the cross sectional nature of our survey data is the simultaneity, i.e. the

rejections or approvals of bank debt applications may cause changes in values of independent variables
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within the periods in questions. The majority of our independent variables describe a range, rather than
a single value. In this sense, the impact of simultaneity is relatively small. To test this concern
empirically, we carry out two additional analysis. First, among the independent variables, we select
variables with no simultaneity bias, which will not been influenced by the application outcome. These
variables include application date, gender, legal status, owner age, main bank, business age, industry
sector, seeking advice and amount applied. The results reported in Panel C are similar, except that the
coefficient of applications in 2013 becomes insignificant in overdrafts. Next, given that the surveys
were conducted quarterly, we construct a sub-sample using firms which were surveyed in the same
quarter as their applications and re-run regressions. As reported in Panel D, the sample size decreases

dramatically to 1842 for overdrafts and 887 for loans. However, overall our findings remain robust.

7. Conclusions

This paper explores the determinants of bank loan and overdraft rejections for UK SMEs over
2010-17. Various factors have affected banks’ ability to lend to opaque and risky small businesses:
from the financial crisis and the recession that followed, to the stricter and more onerous bank
regulatory framework and the uncertainty around the Brexit referendum result. Recent years have seen
renewed efforts from the government and policy-makers both at the national and international level to
ensure an adequate flow of credit and increased lending to SMEs. These include for example, national
government initiatives, such as in the UK the British Business Bank, as well as measures to encourage
banks to lend to small business, like the introduction in 2014 of a short-term corrective measure

(known as SME SF or Supporting Factor) to counterbalance the rise in banks’ capital requirement
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resulting from the cyclical component of Basel III. Despite these efforts, the SMEs’ demand for bank

financing is decreasing and this seems a trend that will continue in the future as banks are unable to

satisfy their financial needs to survive, grow and invest (European Economy, 2015).

A plethora of theoretical and empirical studies have been conducted that explore credit rationing

and analyse the factors determining credit availability; however, limited research is devoted to

studying bank lending conditions for SMEs post global financial crisis and during the recession that

ensued. As far as we are aware, no study covers a relatively long time period after 2010 and

incorporates the years before, during and in the immediate aftermath of the Brexit referendum, which

brought further uncertainty and risk to the credit market.

Using the UK SMEs Finance Monitor data over 2010-2017, we examine the changes in bank

financing and focus on the determinants of bank debt rejections for a sample of UK SMEs. We use

logistic regression models and apply multiple imputations to cope with missing values and the

backward stepwise selection approach based on Rubin’s Rule to select significant variables in multiply

imputed datasets (Wood et al., 2008). In the early 2010s, overdrafts and term loans show slightly

different trends although the factors affecting rejections are similar. Our evidence suggests that

rejection rates first reduced for both facilities since 2014 and then stayed unchanged in the run-up to

the Brexit referendum and its immediate aftermath. Export and import firms operating in industries

with a high share of EU trade are found to experience tighter conditions around Brexit. We present

fresh evidence that partnerships and firms’ female owners and higher initial credit balance are more

likely to be approved; while younger, smaller and more innovative SMEs with lower application

amount are more likely to be rejected. Finally, start-ups (<2 years) and micro firms (less than 10
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employees and turnover <£2m), appear to experience significantly improved lending conditions after

2014, where the changes are more pronounced compared with other firms.

From a practical perspective, our analysis on the changes in bank lending conditions provides

useful insights to the authorities about the current situation in the bank credit market in relation to UK

SMEs. Our finding that micro firms may have benefited particularly is a positive development overall

but there seems some concern about bigger SMEs that may be in vital need of financing (Cowling et

al., 2016). We would also recommend paying a particular attention and considering the case of export

and import SMEs as they will need to find less barriers to access to bank finance during the

depreciation period of sterling brought by the recent Brexit developments, especially those which have

uncertain trading outlook in the EU.

The findings on the determinants of bank debt rejection could also be helpful for UK SMEs as a

self-assessment. If SMEs are highly likely to face bank debt rejections, it might be useful considering

alternative non-bank financing sources. Indeed, and as mentioned earlier, the market has started

recently to compensate to some degree with the growth of various alternative channels to bank credit,

from the longer established forms like leasing and hire purchase, to the most modern types of funding

via peer-to-peer lending and crowdfunding, as well as challenger banks. Yet, although booming, at

present alternative finance’s ability to fill the SMEs funding gap is still in its early stages in Europe

where 80 per cent of financing to the real economy is directly provided by banks (compared to just 20

per cent in the US). This study has shown that the typical owner is usually lacking financial knowledge

and this is likely to be an important part of the problem. Additional government programmes to fill

these gaps would be desirable. These could also include targeted programmes for encouraging female
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ownership of small businesses: as our results suggest that SMEs led by women have significantly

lower rejection rates compared to their male counterparts. Equally, more structural use of the SME SF

recommended by the European Commission to support lending expansion would be desirable.

However, there is no evidence to assess whether government programmes have been successful in

providing additional stimulus for lending to UK SMEs. As our analysis does not provide a causal

evidence between government schemes and bank credit availability for UK SMEs, future research

should show the effectiveness of these government programmes.
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