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Profiling Not-For-Profit Organisations with Machine Learning:

The Role of Tax, Compensation, Acquisitions and Other Characteristics

ABSTRACT

Not-for-profit organisations (NPOs) are provided with support through tax reliefs
and further funding in exchange for creating social benefit. They are, however,
often accused of abusing and misallocating resources. Informed by configurational
approaches, we apply a visual, non-parametric machine learning methodology to
some of the largest UK annual financial micro-level datasets. The study profiles
UK NPOs by establishing how their sectorial, growth and employment
configurations differ from other organisations. The findings show that NPOs are
more stable and more likely to become high growth firms. They have higher
average employment than other organisations and most spend significantly more on
employment-related costs and acquisitions than comparable organisations. The
findings also show the interrelationships between lower tax paid and higher
employment costs. The findings raise questions on the targeting and oversight of
tax reductions, which are likely to be at least partly distributed through the inflated

expenditure of larger NPOs.
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The UK has complicated not-for-profit organisation (NPO) taxation policies, but many NPOs
may receive support through tax reliefs, mainly provided to those that are recognised by HM
Revenue and Customs (HMRC) as charities. They do not have to pay tax on most types of
income as long as they use the money for charitable purposes. These reliefs are accompanied by
further funding. For instance, in response to Covid-19, the Chancellor announced £750 million
for frontline charities in addition to an initial £330 billion of guarantees and £30 billion in

support schemes available for all businesses (BEIS 2020).

It is expected that NPOs qualify for this support in exchange for creating social benefit. The
fundamental principle for NPOs is that any surplus revenues should not benefit those with an
interest in the organisation, but rather public interest. NPOs have long been associated with
philanthropic rewards (Dempsey and Sanders 2010). Employees have been found to donate their
labour by accepting submarket wages (Rose-Ackerman 1996) or extra workload (Knutsen and

Chan 2014).

Having said that, management across all organisations is increasingly homogenous (Bromley and
Meyer 2017). All sectors, including NPOs, are changing in similar ways and becoming more
analogous, driven by the same practices and science underlying managerial practices
(Leatherwood and O’Neal’s 1996; Froelich 1999). NPOs and for-profit organisations now share
a common pool of staff (Kim and Lee 2007; Ng et al. 2016) who are likely to be decision-makers
shaping the organisation and, thus, in the power of distributing any tax savings or donations

through above-market expenditure.

NPOs have been accused of abusing and misallocating resources. In some cases, trustees have

been found to set their own salary without oversight and spending donations without appropriate



record-keeping (e.g., reported by The Charity Commission 2020). Owing to many scandals, the

preferential treatment of NPOs has been extensively questioned by the media (Craig 2015).

This article aims to uncover NPO profiles by comparing configurations of key factors that
distinguish organisations with an NPO status from other organisations to reveal whether the not-
for-profit sector suffers from the misallocation of resources. It applies a data-driven strategy to
some of the largest UK annual financial datasets, some of them capturing over 99% of annual
business activity between 2000 and 2018. It also adds to the emerging literature on machine
learning in policy research by supplementing the more standard descriptive and inferential
statistics with supervised machine learning that enables to account for the nonlinearity and
complementarity of NPO performance that, as Kolk’s (2022) review suggests, have been lacking

in research of NPOs for the past 20 years.

Contrary to expectations (Ruhm and Borkoski 2003; Johnston and Johnston 2021), we find that
most UK NPOs have higher employment costs than comparable organisations. We identify the
interrelationships between lower tax paid and higher employment costs. This is also the case
with acquisitions. On average, NPOs also employ more staff, survive longer and are more likely
to experience high growth than other organisations. The findings signal that the savings from the
preferential tax treatment and other support may be distributed through acquisitions and inflated

compensation practices.

The paper proceeds as follows. Section 2 discusses the background and forms research questions.
Section 3 introduces the data that was used in the analysis, before discussing the variable choices
and estimation methods. Section 4 presents the results of the study, including the profiles of
factors that distinguish NPOs from other organisations. Section 5 discusses the findings, before

offering conclusions in section 6.



BACKGROUND AND LITERATURE

A not-for-profit, non-governmental organisation is a broad term for all independent organisations
whose purpose is something other than to make a private profit for directors, members or
shareholders. England and Wales is a common law, non-federal jurisdiction with five primary
forms of NPOs: companies limited by guarantee, unincorporated associations, trusts, registered
societies and charitable incorporated organisations. The organisations jointly own a non-
distribution constraint on economics surplus, but the taxation regime for UK NPOs differs from
for-profit organisations. Most notably, they receive discretionary reliefs from non-domestic
property tax* as well as exemptions from VAT? for supplies of sporting, education and cultural
services. The extent of these reductions is highly dependent on the company, its activities and its

circumstances.

We draw on the literature to understand how this preferential tax regime interrelates with such
factors as increasingly homogenous management across sectors, NPO income diversification and
generous compensation practices. Our theoretical reasoning is illustrated in Figure 1. The
changes in the NPO sector could potentially drive them away from social value creation. NPOs
then would grow and distribute gains from the preferential tax treatment through excessive

compensation, acquisitions and reserves.

1 UK’s tax system largely based on property. The commercial property tax reliefs were rising at unprecedented
pace over the past decade (Gobey and Matikonis 2021 and Matikonis 2020).
2 A value-added tax (VAT), known as a tax on consumer expenditure.
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Figure 1 Theoretical Reasoning
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The figure is only for illustrative purposes. The pie charts show how tax savings could
potentially be absorbed by other than social activities. Arrows refer to the movement from social
value to economic value creation and the main factors driving that.

NPO Characteristics

Although NPOs are highly heterogenous and offer various services, management across all
organisations is increasingly homogenous (Bromley and Meyer 2017). All sectors, including
NPOQOs, are changing in similar ways and becoming more and more analogous, driven by the same
practices and science underlying managerial practices. Larger NPOs now often operate as hybrid
organisations (Hustinx et al. 2014) and diversify their income streams by adding business units
similar to those of for-profit organisations (Froelich 1999; Easterly and Miesing, 2009).
Diversification of incomes has been found to increase efficiency (Ecer et al. 2017), financial
independence (Pfeffer and Salancik 2003; Shon et al. 2019) and reduce financial vulnerability

(Carroll and Stater 2008) by reducing the dependence on traditional funders.

Diversification has made it even more difficult to find an appropriate metric to measure NPO

performance. Scales could focus on particular sector (Sabatier 2012; Moldavanova and Wright
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2020), perception (Nederland 2020), subjective satisfaction ratings, third party evaluator
metrices (Grant and Potoski 2015), grant funding (Faulk et al. 2017) or could rely on social
impact, but these are rarely uniform or comparable. Thus, some researchers have resorted to
assessing the growth in number of NPOs (Clifford 2016), expenditure (Van der Heijden 2013),
revenue (Minaker 2021), board functions (Cornforth, 2001) and financial capacity (Bowman
2011; Chikoto and Neely 2014; Yan and Sloan 2016; Hodgkinson and Hughes 2019), which is
broadly defined as the ability for an organisation to adapt to unforeseen pressures and seize
opportunities (Bowman 2011). This study joins Chikoto and Neely (2014) who have used
organisation size to assess the financial capacity. Focusing on size rather than social impact
provides a more effective way of assessing and comparing the performance of NPOs, particularly
when combined with measures of increased diversification (Dees 2003; Arya and Mittendorf

2015).

Alter’s (2007) spectrum and subsequent studies (Laasch 2018) places social value creation in the
opposite direction to economic value creation. NPOs could be moving further from social
sustainability to financial sustainability and possibly reshaping their mission and stakeholders
owing to the changing environment (Kuruppu and Lodhia 2019). However, the distinct
requirement of NPOs states that they need to reinvest any profit back to the organisation
(Hansmann 1980), allowing for an above-average expenditure on either social programmes or

operational costs.



Compensation and Reserves amongst NPOs

More specifically, NPOs may accumulate® tax savings and donations rather than allocate them
directly, pound-for-pound, to their social objectives. The main motive for NPOs to save money is
to prepare for potential revenue shortfalls (Jones et al. 2013) and associated revenue volatility
(Fisman and Hubbard 2003 and 2005). Accumulation of reserves may also be driven by the need
to smooth income, comply with terms of gifts, independence from questionable contracts and

social status (Chang and Tuckman 1990 and Tuckman and Chang 1992).

On the other hand, there have been several calls for some NPOs to separate and report their
spending on administrative costs, as these have been associated with inefficiency (Callen et al.
2003), deviation from social objectives (Bowman 2006; Lecy and Searing 2014) and reduction in
donor confidence (Jacobs and Marudas 2009; Tinkelman and Mankaney 2007). Most notably, we
may see the retained surpluses employed to support inflated compensation policies. This may
seem counterintuitive as NPOs have been associated with lower than market wages, more
philanthropic rewards (Dempsey and Sanders 2010; Bastos et al. 2014) and longer work hours
(Feeney and Bozeman 2009). Employees have been found to donate their labour by accepting
submarket wages (Rose-Ackerman 1996; Ruhm and Borkoski 2003; Johnston and Johnston
2021) or extra workload (Knutsen and Chan 2014) but had higher job satisfaction (Becchetti et

al. 2014).

Having said that, compensation practices for managerial and professional staff could outweigh

these lower than market wages as NPOs and for-profit organisations share a common pool of

3 Note that Morris et al. (2018) find that this is not the case for most of US NPOs with approximately half of
them having less than one month of operating reserves. These low operating reserves are more likely to be
found in smaller NPOs.



staff (Kim and Lee 2007; Ng et al. 2016) who are likely to be decision-makers shaping the
organisation and, thus, in the power of distributing any tax savings or donations through above-
market compensation. The shift towards economic value creation encouraged appointing board
from non-social economic background (Bruneel et al. 2020). Private sector experience amongst
senior managers was found to have a negative effect on their commitment to public organisations
(Andrews et al. 2019). Wage increases associated with promotions were similar amongst NPOs
and for-profit organisations but less likely to be based on merit or job performance (Devaro and
Brookshire 2007) and in fact, 45% of US NPOs paid bonuses (Balsam and Harris 2018) and 24%
provided perquisites (Balsam et al. 2020) to their executives that were found to use this to even
influence election campaigns (Cox 2020). In general, corporate performance was found to have

only weak connection to pay awards (O’Reilly and Main 2010).

High compensation packages in the not-for-profit sector were also found to be associated with
larger firms (Balsam and Harris 2018 and Balsam et al. 2020), especially for NPOs involved in
diversification (Moulick et al. 2019). Moulick et al. (2019) show that although US NPOs with
lower involvement in for-profit activities still have lower compensation, those with more
involvement in for-profit activities experienced a significant increase in compensation. This is
likely to be due to differing income streams (Shon et al. 2019). Reliance on a sole type of income
restricts spending on compensation, but diversification provides greater flexibility for

organisations to allocate their resources.

Charities

We would expect even more substantial tax savings from NPOs recognised by HMRC as
charities. Charities are not required to pay tax on most types of income as long as they use the

money for charitable purposes. Their donations and profits from trading, rental or investment
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income, selling an asset or purchase property are tax-free. They still, however, have to pay tax on
other profits and purchases and contribute to non-domestic property taxation with an 80%

discount®.

Having said that, unlike other NPOs, charities are required to prepare a set of accounts, an annual
return and a Trustees’ Annual Report. These reports are aimed at assuring their community that
tax exemptions and support have been put to good use. Accountability is often studied through
stakeholder theory, recognising the need to account for multiple stakeholders whilst including an
ethical dimension (Ebrahim 2003), implying that charities could also determine the contribution
of their social benefit. However, the empirical findings (Dhanani and Connolly 2012; Hyndman
and McConville 2015; Dick and Coule, 2020) show that UK charities were found to be
motivated by a more positive model of stakeholder theory. They used reporting to legitimise

their activities rather than ethically showing their performance.

Configurational Approaches

To improve our understanding of the heterogeneity of these organisations, we draw on
complexity theory to develop profiles that distinguish NPOs from other types of organisations.
The complexity theory rejects a ‘one size fits all” approach to studying organisations, enabling us
to untangle the pathways of configurations that distinguish the different organisational forms.
We build profiles by comparing NPOs and non-NPQOs, and by comparing NPOs with charities.
The profiles are based on configurations of key organisational characteristics, including tax,

compensation, acquisitions, size, age, and employment costs.

4 0r even 100% when accompanied by discretionary relief.
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The complexity theory extends to configuration approaches that are based on analysing the
multidimensional constellation of conceptually distinct characteristics that commonly occur
together (Meyer et al., 1993). This approach recognises the heterogeneity of organisations as a
combination of factors that are particular to them. The relationships among these factors are non-
linear, and two or more configurations may be equifinal in affecting the outcome variable
(Meyer et al., 1993). This conceptualisation enables us to depart from strictly linear relationships
and recognises that variables found to be positively related in one configuration may be unrelated
or even inversely related in another (Meyer et al., 1993). Configurational approaches typically
draw on set theoretic methods (Fiss 2007), or on machine learning methods which segment
observations based on particular features (Graham & Bonner 2022). The latter approach has also

been utilised in past work to develop organisational profiles (Duchessi and Lauria 2013).

Thus, we extend our discussion, summarised in Figure 1, by incorporating insights from

configurational approaches in our research questions:

e Do NPO profiles include greater financial capacity? (R1)

e Do NPO profiles include greater expenditure on compensation and reserves,
compared with other firms? (R2)

e Do charity profiles have higher levels of compensation and reserves compared with

other NPOs? (R3)



RESEARCH DESIGN

Data

Three datasets are used to address the research questions, with each used to address one research
question as shown in Table 1. To answer our first research question, the first dataset is obtained
from the UK Office of National Statistics (ONS) Business Structure Database (BSD). The BSD
is estimated to cover 99% of business activity, across a limited range of variables to provide a
general description of the differences in characteristics between charities, NPOs and non-NPOs .
We use annual reporting unit level data, including all single and multiple-unit enterprises that
were active that year. The BSD variable names and descriptions are presented in Table 2. Refer
to Appendix 1 for more detailed steps in data validation and matching of ARDx data. The
dependent variable used to address R1 from the BSD data is a dummy taking a value of 1 when

an organisation is classified as an NPO and 0 otherwise.

Table 1 Summary of Final Datasets for Analysis

Dataset 1 Dataset 2 Dataset 3
Question R1 R2 R3
Dependent Variable NPO or non-NPO | NPO or non-NPO NPO or Charity
Initial Dataset BSD ARDXx ARDX
Dataset for analysis Full dataset 1-1 matching of NPOs | 1-1 matching of
to other firms charities to NPOs
Final sample size 849,614 3,927 972

Refer to Appendix 1 for more detailed steps in data validation and matching of ARDx data.
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Table 2 BSD Variable Description

Variable Description

NPO dummy* A dummy taking the value of 1 when an organisation is classified
as an NPO and 0 otherwise.

Charity dummy>* A dummy taking the value of 1 when an organisation is classified
as a charity and 0 otherwise.

Employment Number of employees

Turnover Income that a firm generates through trading its goods and
services in thousand £

Age* Age in years

Labour productivity*

Income that a firm generates through trading its goods and
services in thousand £ per employee

Size at birth*

According to the EU Commission Recommendation (2003), a
micro firm does not have more than 10 employees and turnover
higher than £1.8m. A small firm not more than 50 employees and
turnover higher than £9m and a medium-sized firm not more than
250 employees and turnover greater than £45m. Thus, a dummy
variable has been created: 1=micro, 2=small, 3=medium, 4=large.

High growth firm
(HGF)*

A dummy taking the value of 1 in the years it meets the Eurostat-
OECD (2007) definition, namely average annualised growth in
employment (or turnover) greater than 20% per annum, over a
three-year period with initial employment not lower than ten.

Foreign ownership*

A dummy taking the value of 1 when ownership is outside of UK.

Region

Wales, Scotland, North East, North West, Yorkshire and
Humberside, East of England, East Midlands, West Midlands,
London, South East and South West

Sector

Wholesale, catering, construction, production, property, retail and
other services

* denotes derived variables. The variables were used to answer R1 and for matching to
answer R2 and R3. Note that for matching, motor trade sector was also used. It is not
available in BSD. For consistency, all values in € are converted to £ as of 5 June 2020 09:14

UTC.
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To address research questions two and three, we apply a quasi-natural experiment design® which
enables us to better capture the change in organisations and also reduces endogeneity bias by
eliminating firms that do not have common characteristics. A case-control approach is used to
create the datasets for these questions. The data for both is derived from the full ARDx dataset,
which combines two existing surveys, the Annual Business Inquiry (1998-2008) and the
subsequent Annual Business Survey (2009-14). Representatives of organisations are legally
required to complete this survey, producing high response rates. The sample frame for the full
ARDX dataset is constructed using administrative data on employment and turnover from PAYE®
and VAT registered firms. It is a census of firms with 250 plus employees, with smaller firms

sampled by stratifying population across size, sector and region.

Cosrsened Exact Matching (CEM)’ is used to generate the matched samples for the second and
third datasets. The broad mechanism behind CEM is to group each variable by recoding so that
appropriate similar values are assigned the same value. To generate the second dataset from the
full ARDx data, each NPO was matched to an equivalent non-NPO organisation. Organisations
were matched based on employment, turnover, labour productivity, region, and sector. Firms
were matched on their first year appearing in the dataset, or for youthful firms their first

observable year. This resulted in a final dataset for analysis consisting of 38,048 organisations,

5 Another alternative is within transformation based on an assumption that all relationships are population-
level or fixed, which is unlikely to hold in reality owing to differences between businesses. Also, instrumental
variable approaches are often applied, but they require strong instruments influencing some variables but not
others.

6 Pay As You Earn, is the taxation withholding mechanism whereby employers deduct taxation from employee
income on behalf of the tax authorities.

7 CEM does not use the random pruning applied in Propensity Score Matching, commonly applied in the field,
e.g. in Wamser (2014), which is shown to increase the level of imbalance (King et al. 2019).
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made up of 19,024 NPOs and 19,034 non-NPOs. The dependent variable used to address R2 is a

dummy taking a value of 1 when an organisation is classified as a NPO and 0 otherwise.

To generate the third dataset from the full ARDx data, each organisation with an HMRC charity
legal status was matched to an equivalent NPO. As in the generation of the second dataset,
matching was based on employment, turnover, labour productivity, region, and sector. Firms
were again also matched on their first year appearing in the dataset, or for youthful firms their
first observable year. This resulted in a final dataset for analysis consisting of 972 organisations,
made up of 486 charities and 486 NPOs without a charity status. The dependent variable in this
dataset is a dummy taking a value of 1 when an organisation is classified as a charity and 0

otherwise.

The variable descriptions for the second and third datasets are presented in Table 3 below.

Table 3 ARDx Variable Description

Variable Description

NPO dummy A dummy taking the value of 1 when an organisation is classified
as an NPO and 0 otherwise.

Charity dummy A dummy taking the value of 1 when an organisation is classified
as a charity and 0 otherwise.

Employment costs Employment costs include gross wages and salaries, redundancy

and severance payments to employees, employers national
insurance contributions and contributions to pension funds

Purchases Total purchases of goods, materials and services

Acquisitions Acquisitions include acquisitions of land, existing buildings and
any other acquisitions

Disposals All disposals

Tax Total rates, duties, levies and taxes

These variables were used to answer R2 and R3.
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Analysis Approach

The analysis approach draws on machine learning to examine configurations and profiles,
alongside more traditional inferential statistical techniques. Machine learning approaches were
adopted to address all three research questions, and inferential statistics were used to supplement
the analysis for research questions two and three. This is driven partly by the nature of the data,
in which R1 relies on population data, whereas R2 and R3 draw on sample data. The use of

inferential techniques is beneficial in enabling generalisations from the sample to the population.

Machine learning techniques have become increasingly popular in the social sciences for both
theory testing and generation, complementing existing inferential statistical approaches (Shrestha
et al. 2021; Tidhar & Eisenhardt 2020). These approaches have also been adopted in policy
research (e.g. Brunori and Neidhofer 2021 and Kukk et al. 2022). As Bertomeu (2020) and
Kleinberg et al. (2015) show, some policy issues can be solved better with ML built on
predictions of a dependent variable from independent variables instead of focusing on causality.
Millainathan and Spiess (2017) explain that scholars of economics often rely on one-point
coefficients, B, estimated by comparing the variance in dependent, y, and independent, X,
variables. These estimates can often be inconsistent,® especially when we take an algorithm built
for § and presume that their coefficients, 8, will be associated with estimation output. The ML
tools solve this issue, but they capture § and not more typical . Thus, they cannot answer all

policy questions, but are superior at answering others (Kleinberg et al. 2015).

8 See Basu (2020) for the discussion of inclusion of variables in OLS.
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ML can uncover generalisable, multi-dimensional patterns from very extensive datasets and
incorporate all possible functional forms (Bertomeu 2020). We expect to see many outliers in
large datasets that are addressed by isolating those groups in the tree. We also expect to see non-
linear relationships across very heterogeneous organisations under a not-for-profit umbrella.
These heterogeneous firms may differ across regions and sectors. The ML enables us to control
for this when comparing their characteristics and expenditure to other organisations. On the other
hand, ML approaches are often susceptible to overfitting (Cook and Goldman 1984) and

instability (Briand et al. 2009) which are addressed in Appendix 2.

To profile the features and expenditure of not for profit organisations in the UK, we use the
recursive partitioning algorithm (Thereneau and Atkinson 2015). The algorithm recursively
segments the data into increasingly homogenous groups based on the dependent variable, in
effect classifying observations into groups based on the dependent variable. In our case, a
completely homogenous group would consist of one that has all of the same type of organisation
(NPO or non-NPO). The algorithm first searches across the variables to identify the variable, and
the point within that variable, that results in the most homogenous groups if it is used to split the
data. For each sub group, the procedure is repeated, further splitting the data into increasingly
homogenous child nodes. This process is repeated until a stopping criterion is reached. By doing
so, it incorporates all possible functional forms where their inclusion decreases error. There have
been several literature reviews conducted on the development of decision trees (Loh 2014), so

refer to them for more detail.
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Modelling

The classification tree algorithm does not require the definition of additive or multiplicative

relationships with legal status and can be expressed as;

Yie = Yir = f(.) = f(tiv, 8iv, Piv> Qi Tiw Siw i lin, 1D;, FOy)
i=1,.,1 t=1,., 1)

To answer R1, the dependent variable is y;, which is a dummy taking the value of one when an
organisation i in period t is reporting its legal status as not for profit and zero otherwise. To
answer R3, the dependent variable becomes yj, which is a dummy taking the value of one when

an organisation i in period t is recognised by HMRC as a charity and zero otherwise.

Other variables in equation (1) are aimed at defining the characteristics of firms required to
answer R1. They are limited by BSD coverage. To capture the current size, we firstly focus on

turnover, t;; and employment, 1;;, to identify the key trends. To capture the relationship between

. t; . .
these two, we also estimate revenue per employee, tl;, = lit which we define as labour
it

productivity. We also use these values to estimate size at birth (p;.), which we define according
to the EU definition (Commission Recommendation 2003). All firms above these thresholds are
considered to be large. To differentiate between firms that are growing quickly, we include a
variable, g, which is a dummy taking the value of 1 in the years in which it meets the Eurostat-
OECD (2007) definition, implying that an average annualised growth in employment or turnover
should be greater than 20% per annum over a three-year period with initial employment no lower

than ten. Finally, we capture stability with the variable for age (a).
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To at least partly control for random effects®, we also include a unique dummy variable for each
firm, ID; and year, t.. We also control for the broad sectors (s) of wholesale, catering,
construction, production, property, retail and other services: regions and nations (r) of Wales,
Scotland, North East, North West, Yorkshire and Humberside, East of England, East Midlands,
West Midlands, London, South East and South West; a foreign ownership dummy variable FO

that takes one for firms with a foreign majority owner.

To answer for R2 and R3, we used matched ARDx data. Therefore, we now exclude all the other
variables that were used for matching. We answer whether NPOs spend more on compensation
and/or acquire more in reserves than comparable non-NPOs with the most aggregate variables to
summarise their accounts: ec;, is total employment costs, gm;; is purchases of goods, materials

and services as well as acquisitions, ac;¢, and disposals, di;;. Our final tree, then, becomes:

Yit = Yit = h(ec;, gm;y, acy, dijy, IDy, t;) (2)

RESULTS

Do NPO profiles include greater financial capacity?

Table 4 presents the descriptive statistics for the BSD dataset, showing the key characteristics of
NPOs and other organisations between 2000 and 2018. This provides insight into financial
capacity, as well as describing the variables used for matching. Table 4 indicates substantial

differences in employment and age between NPOs and non-NPOs, which we further explore

9 Note that several tree-based algorithms are capable of controlling for random effects, but they cannot handle
a lot of missing data or require more computational power than available in the Secure Lab.
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over time in Figure 2. NPOs have twice the employment level of non-NPOs, and the difference is
even greater post-recession. By looking at the age, we uncover that NPOs tend to either survive
much longer than other organisations or experience fewer entries and exits from the market. We
also see that they are ten times more likely to have experienced substantial growth, exceeding
20% in either employment or turnover in the three previous periods, either pre or post-recession,
but the proportion is still marginal. Only about 1% of annual observations from NPOs

experienced high growth.

Only a small proportion of NPOs are foreign-owned. NPOs also have lower turnover, but have a
much higher labour productivity, indicating a high proportion of non-employing NPOs. Their
initial size also tends to be slightly larger than that of other firms, but the recent trend is

downwards towards smaller firms for all organisations.

Table 4 Descriptive Statistics of BSD data.

Variable NPOs Non-NPOs
Mean St. Dev Mean St. Dev.

Employment 19.5 187.3 9.8 347.6
Turnover in £°000 1000.3  30353.3  1538.2 144364.2
Age 14.1 10.7 10.5 9.6
Labour productivity 181.8 18640.5 79.3 6289.8
Size at birth 1.1 0.4 1.1 0.3
High growth firm 1% 1% <0.01% 10%
Foreign ownership <0.01% 2% 0.2% 4%

The table excludes region and sector and its values are after cleaning. Variable descriptions are
in Table 2. The figures are based on BSD data and were estimated with the R programming
language.
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Figure 2 Average Employment and Age over Time
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Variable descriptions are in Table 2. The figures are based on BSD data and the graphs were
prepared with R.

To address our first research question, we apply the decision tree algorithm to model the
complex and non-linear patterns in these variables, enabling us to profile the organisations. The
algorithm works by recursively splitting the data into purer segments of firms that are either
NPOs or non-NPOs. The terminal nodes in the tree show the likelihood of being classified as an
NPO based on the independent variables. The splits are not strictly hierarchical, as variables can

enter a branch more than once but with different sub-values for points at which the data is split.

The tree structure is presented in Figure 3 and shows the dynamics related to employment, age
and sector. The tree first splits on employment, indicating that this is the variable that best
separates firms into NPOs and non-NPOs. We first move left of the principal split and follow
firms employing at least one person, which include most of the observations (98% of all
observations). This was further split into sectors. Only 1 in 50 organisations (a decrease of 33%
from the average) operating in wholesale, catering, construction, production, property, retail
sectors were NPOs, but 1 in 25 (an increase of 33% from the average) were in other service
sectors. The latter segment of firms was further split based on employment. 1 out of 10 (an
increase of 200% from the average) firms employing more than three people were operating as
NPOs. For micro-firms employing between one and three people, we have further splits on age
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and then labour productivity. Older firms and more productive (with higher revenue per
employee ratio) firms were more likely to be NPOs than others. Those older than nine years with
a labour productivity of at least £13,000 have a 4% likelihood of being classified as NPOs (an
increase of 35% from the average), while more than doubling the revenue threshold to at least
£30,000 increases the likelihood to 9% (an increase of 200% from the average) for the same
firms. We do not see any further significant splits from other variables affecting organisations

with at least one employee.

For non-employing organisations, the likelihood of being classed as an NPO increases more than
fivefold. Furthermore, this likelihood is also affected by the region in which organisations are
located. Following the principal split to the right, the probability of being an NPO increases
fivefold for firms with no employees, but these account for only slightly over 2% of the whole
population. We again observe that NPOs are less prevalent in wholesale, catering, construction,
production, property, retail sectors, but now the likelihood of them being classed as NPOs is
more than double (an increase of 233% from the average) even in those sectors without any
employees. For a small number of organisations in other sectors, the likelihood of being
classified as an NPO is extremely high (over 10 times the average). Out of these, 64% (an
increase of 2,033% from the average) which are situated in North West, East Midlands, South
West, Northern Ireland, Wales are NPOs, and 24% (an increase of 733% above average) in other

regions.
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Figure 3 BSD Tree (in colour)
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The tree-like model of decisions and their possible consequences identified two broad groups of
firms that have an increasingly homogeneous variation of the likelihood of being classified as an
NPO. The first grouping is on the employment costs on which the tree splits into two branches.
Those to the left are firms employing at least one person (98% of the total population). Those to
the right are non-employing businesses. Figures in the final nodes are revised to aid
interpretability. On average, 3% of firms were NPOs. Thus, the probabilities are accordingly
converted to aid comparability. In the final nodes, the upper figures relate to increases (in green)
or decreases (in burgundy) in the probability of being classified as an NPO in %, and the lower
figure (%n) refers to the proportion of the sample in the terminal node. Figures are in £7000 after
matching on variables in Equation 2. Variable descriptions are in Table 2. The figures are based
on BSD data, calculated by using the R programming language and redesigned with Microsoft
Visio.
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Do NPO profiles include greater expenditure on compensation and reserves, compared with
other firms?

Table 5 shows the firm-level summary statistics of key variables measuring spending for NPOs
and other organisations using the comprehensive ARDx dataset. We account for the previously
described differences and focus on the matched NPO and non-NPO dataset, which is used to
address R2. This dataset consists of 38,048 organisations from the wider ARDx dataset. As
expected, NPOs pay 78% less in tax and have 62% lower purchases and 4% lower disposals.
However, in support of the positive relationship in R2, we find that, on average, NPOs tend to
spend more on employment and acquisitions than comparable organisations. NPOs have 54%
higher employment costs and 3% higher acquisitions. Figure 4 shows the trend over time for
these variables. Although an upward trend, similar to other organisations is evident, NPOs’
employment costs and acquisitions rose steadily, especially during the recession. The ARDx
database, unlike BSD, does not provide data on all organisations. Thus, we use the inferential
statistics, namely t-statistic in Table 5, which allows us to reject the null hypothesis that the

expenditure of NPOs is similar to non-NPOs for purchases, tax and employment costs.

Table 5 Descriptive and Inferential Statistics with ARDx Data

Variable NPOs Non-NPOs

Mean St. Dev. Mean St. Dev. T-test
Employment 8239.01 26154 5345.53 23282.86 15.88***
costs
Purchases 5268.11 17748.46 13996.01 514286 -3.15%**
Acquisitions 1751.74 8093.03 1702.02 24176.8 0.36
Disposals 282.39 2593.3 294.68 5092.85 -0.4
Tax 59.38 268.29 265.32 3670.27 -10.38***

Figures are in £°000 after matching on variables in Equation 2. They are based on ARDx data
and were estimated with the R programming language. Variable descriptions are in Table 3.
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Figure 4 Average Employment Costs and Acquisitions over Time (in £000's)
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Variable descriptions are in Table 3. The figures are based on ARDXx data, and the graphs were
prepared with R.

Furthermore, we look at these trends by controlling for multiple interactions with the
classification tree presented in Figure 5. Instead of the recession effect, the tree identifies the
tax'? effect. The principal, and most influential variable differentiating NPOs from other
organisations is still the employment costs. Higher costs are associated with NPOs, but now we
also see significant thresholds and groupings. The likelihood of being classified as an NPO for an
organisation increases by 35% when an organisation spends over £1.26m on employment costs.

This accounts for almost one-third of observations in the sample.

The tree further shows the interrelationship between tax paid and employment costs for firms
with employment costs of over £26,000 but under £1.26m. We see that higher tax reductions are
associated with higher employment costs. For instance, the likelihood of being an NPO increases
by 10% if a firm pays very little in tax (under £430 annual expense) but has employment costs

between £26,000 and £1.26m. If the tax paid is over £430 but under £17,000, we again see that

10 We also produce an alternative tree by excluding tax as a variable, as tax paid will be different for NPOs
because of the reductions. The principle split in the alternative tree is the same and the subsequent
relationships are very similar to those described below, but the alternative tree also splits on the recession
years (namely 2008 and 2010). The same overall trends are observed, and the effect is likely to be captured by
the tax variable as during the recession, tax paid was lower also for FPOs. The alternative tree is available upon

request.
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those organisations that spent over £543,999 on employment costs are 13% more likely to be
NPOs. On the other hand, firms that had a more substantial tax bill (over £17,000) are not split
on other variables and are 22% less likely to be classified as NPOs. Similarly, on the left of the
tree, we observe that the observations for organisations which spent less than £26,000 on the
total employment costs had a 12% decrease in the probability of being an NPO. Those with a
very low spend (<£8,500) on employment costs are less likely to be NPOs than organisations that

spent £8,500-£26,000.

The tree also explains the initial inferential and descriptive statistics indicating that NPOs have
higher expenditure on acquisitions and lower expenditure on purchases. The tree shows that
organisations that paid less than £17,000 in tax and had employment costs between £26,000 and
£446,000 are further split on purchases, with NPOs more likely to have purchases less than
£446,000. Similarly, NPOs with employment costs of £8,500-26,000 are further split on
purchases and acquisitions. Organisations with lower spending on purchases of less than £122,
000 and acquisitions of less than £500 are less likely to be classified as NPOs (a decrease of 12%
from the average) but is still higher than when exceeding those thresholds (a decrease of 20%

from the average).
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Figure 5 NPO Tree with Matched ARDx Data (in colour)
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The tree presents three distinct groups that have an increasingly homogeneous variation of
likelihood of being classified as an NPO, to show which expenditures are associated with NPOs.
Those to the left are firms spending over £1.26mln on employment-related costs (28% of the
sample). Those in the centre are that spent between £26,000 and £1.26min (37% of the sample)
and to the right under £26,000 (35% of the sample). Figures in the final nodes are revised to aid
interpretability. In final nodes, the upper figures relate to increases (in green) or decreases (in
burgundy) in probability to be classified as an NPO in % and the lower figure (%n) refers to the
proportion of the sample in the terminal node. Figures are in £’000 after matching on variables in
Equation 2. Variable descriptions are in Table 3. The figures are based on ARDx data, calculated
using the R programming language and redesigned with Microsoft Visio.
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Do charity profiles have higher levels of compensation and reserves compared with other
NPOs?

Table 6 compares charities to other organisations to identify whether the previously identified
trends relating to NPOs are also applicable to charities. The BSD data indicates that charities had
greater employment costs and acquisitions, possibly owing to their greater tax exemptions. They
employ four times as many people as non-NPOs. The probability of being a high growth firm

stays ten times greater. They are more stable than comparable non-NPOs as indicated by a

25



greater age. Once charities are matched to comparable non-charity NPOs, we find that their
employment costs are 28% greater and acquisitions are 2% greater. Traditional inferential
statistics are used to supplement the decision tree analysis, namely t-statistics. The results of this
analysis reject the null hypothesis that charities are similar to other NPOs for variables relating to

employment costs and tax.

Table 6 Descriptive and Inferential Statistics of Selected Variables from BSD and ARDx
Comparing Charities with Other Organisations

Dataset Variable Charities Non-NPOs (for T-test
BSD) or NPOs (for ~ (DF=3,889)
ARDX)
Mean St. Dev. Mean St. Dev.
BSD Employment 41.28 242.42 9.8 347.6
Turnover in £°000 1,196.23  5,261.05 1,538.2 144,364.2
Age 12.95 7.52 10.5 9.6
High growth firm 1% 8% <0.01% 10%
ARDx  Employment costsin  9,001.90  12,726.45 7,054.44 13,299.36 4.67***
£7000

Acquisitions in £7000 1,176.89  4,750.21 1,152.24 4,701.66 0.16
Comparison from BSD data includes all firms, and from ARDx data includes only matched
sample. The figures were estimated with the R programming language. Variable descriptions are
in Tables 2 and 3.

We also present the charities tree in Figure 6. The tree structure is broadly consistent with the
NPO tree structure presented in Figure 5, but the charity tree further profiles charities as leaning
towards higher compensation than other NPOs. Those to the left in Figure 6 are firms spending
over £3.273m on employment-related costs (23% of the sample). They have 52% higher
likelihood of being charity than NPOs. Those in the centre that spent between £66,000 and
£3.27m (42% of the sample) have interactions with tax paid and purchases, but still, charities are

profiled as leaning towards higher compensation. Finally, for those to the right with the lowest
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compensation, we notice a trend towards reducing the probability of being a charity, despite the

further notable splits on tax liability and purchases.

Figure 6 Charity Tree with Matched ARDx Data (in colour)
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The tree presents three distinct groups that have an increasingly homogeneous variation of
likelihood of being classified as a charity to show which expenditures are associated with
charities. Figures in the final nodes are revised to aid interpretability. The upper figures relate to
increases (in green) or decreases (in burgundy) in probability to be classified as a charity in %
and the lower figure (%n) refers to the proportion of the sample in the terminal node. Figures are
in £7000 after matching on variables in Equation 2. VVariable descriptions are in Table 3. The
figures are based on ARDx data, calculated by using the R programming language and
redesigned with Microsoft Visio.

DISCUSSION

We drew on complexity theory to develop profiles that distinguish NPOs from other types of
organisations. We show that NPOs tend to have greater financial capacity than comparable

organisations, but they are also much more likely not to have any employees. When accounting
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for this factor and other characteristics with matching, larger NPOs spend substantially more on
employment than other comparable organisations. We would expect to find the contrary,

lowering expenditure and lesser employment, primarily because of the existing evidence related
to the worsening employment conditions resulting from the UK government’s austerity policies

(Cunningham 2015; Baines and Cunningham 2020).

The tree classifying NPOs from non-NPOs shown in Figure 5 uncovered complex significant
interrelationships between lower tax bills (or exemptions from paying taxes) and higher
employment expenses for companies spending between £1.26m and £26,000 on employment-
related costs. This suggests that diversification (Moulick et al. 2020), and increasingly uniform
hiring practices with the for-profit sector (Kim and Lee 2007; Ng et al. 2016), among other
factors, may have triggered the distribution of tax savings through above-market compensation
for larger firms. Furthermore, in line with the positive model of stakeholder theory (Ebrahim
2003) and previous empirical findings (Dhanani and Connolly 2012; Hyndman and McConville
2015), we also find that the expenditure on compensation of larger NPOs recognised by HMRC
as charities is even more extreme than that of other NPOs, suggesting that the current, more

extensive reporting, may be ineffective.

The findings are alarming given that greater spending on overheads was often associated with
inefficiency (Callen et al. 2003), deviation from social objectives (Bowman 2006; Lecy and
Searing 2014) and reduction in donor confidence (Tinkelman and Mankaney ,2007; Jacobs and
Marudas 2009). More broadly, Alter’s (2007) spectrum and subsequent studies (Laasch 2018)
place social value creation in the opposite direction of economic value creation. Larger NPOs

might be keener to invest in the latter than the former, possibly resulting in greater stability and
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size than comparable organisations due to more friendly operating environments with lower

taxation and no returns to shareholders.

Many larger NPOs not only spend more on compensation, but also acquire more in assets than
comparable non-NPOs. The relationships in Figure 5 do not necessarily indicate that one
variable, employment costs,! is solely responsible for the main differences in probabilities. The
differences in acquisitions in Figure 4 could have been captured by other variables, most likely
employment costs. This is also confirmed by the moderate correlation between employment
costs and acquisitions reported in Appendix 2 and broadly similar trends over time in Figure 4.
This implies that many organisations would have both higher compensation and higher

acquisitions.

NPOs were also associated with a higher probability of becoming high growth firms.'? This is
unexpected given that the objectives of NPOs are not based on growth aspirations but on
furthering a specific social cause or advocating for a shared point of view. Having said that, the
need for services from NPOs may have increased because of the Government’s austerity policies,
resulting in the expansion of the NPOs, as per Social Origins Theory (Salamon and Anheier

1998).

111n the same vein, although NPOs tend to have consistently lower turnover on average, we do not identify that
it is substantially different from other organisations with similar characteristics. The tree in Figure 3 does not
split on turnover, implying that the organisations differ more substantially with regards to employment,
revenue per employee, region, sector and age. This also supports ideas (e.g. in Bromley and Meyer 2014) that
NPOs are analogous to other organisations driven by the same practices and science underlying those practices.
12 These firms are defined by their greater than 20% average annualised growth in either turnover or
employment over a three-year period. They were found to be substantial contributors to the economy (Birch
1987). Anyadike-Danes et al. (2015) show that around 6% of HGF added about 40% of net jobs by 15-year
survivors in the UK.
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CONCLUSIONS

Profiling NPOs enabled us to contribute to the wider NPO literature (Ghosh Moulick et al., 2019;
Kolk 2022; Kim and Lee 2007; Ng et al, 2016) by showing that they are less prone to enter or
exit the market, employ more people and are more likely to become high growth firms. We also
show, contrary to expectations in the academic literature (Cunningham 2015; Baines and
Cunningham 2020), that larger NPOs spend significantly more on employment-related costs and
acquisitions than comparable organisations with even higher expenditure by charities that receive
further tax reliefs. The study thus raises questions on the lack of accountability in the not-for-
profit sector as well as targeting and oversight of tax reductions, which are likely to be at least

partly distributed through the inflated expenditure for larger NPOs.

The study also contributes to the NPO literature by offering solutions to the methodological
shortcomings of previous research on NPOs (Kolk 2022). We show how configuration
approaches, centring on non-linearity and equifinality, can be modelled with machine learning to
avoid unrealistic regression-based assumptions, such as lack of multicollinearity, the distribution

of errors and independence of observations (Douglas et al. 2020).

Limitations and Future Research

It is worth noting that the results related to expenditure are primarily about larger NPOs because
of the stratification processes in ARDX, so they do not apply for very small NPOs. In Figure 3,
we see that the tree algorithm separates organisations that do not have any employees. About half
of the NPOs do not employ any people. For these micro organisations, we only observe some
differences across sectors and regions. They are more likely to operate in other service sectors
than wholesale, catering, construction, production, property, retail, and be situated in more

deprived regions.
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This study discussed how and which NPOs differ from other organisations with regard to their
characteristics and expenditure, but it was limited by the available data. A more detailed
investigation is required to identify whether the above-average employment costs are caused by
disproportionate executive pay as well as whether acquisitions are related to social objectives. If
this greater expenditure in the not-for-profit sector is not associated with social objectives,
reform in the current NPO support practices should be required. The targeting should be
improved so that smaller NPOs in more deprived areas could provide services to their
communities rather than granting tax reductions to high performing organisations that could
distribute surplus with above-average compensation and acquisitions. More efficient
combination of mechanisms, as proposed by Hyndman and McConville (2018), including the

further application of Easrerly and Miesing’s (2009) model, should be encouraged.
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APPENDICES

Appendix 1: Table 7 Steps in Data Validation and Matching of ARDx Data.

Step Observations Unique Organisations
Raw data 863,755 531,957

Incomplete data and 849,614 528,584

missing cases removed

Matching for NPOs 73,817 38,048

Matching for Charities | 3,927 972

Appendix 2: Model Diagnostics

The primary criticism of CART is related to overfitting (Cook and Goldman 1984), implying
that the algorithm may follow errors, or noise, too carefully. The overfitted trees are often
slower, less accurate and more difficult to interpret. To overcome this issue, we follow James
et al. (2021) and impose a minimum number of observations in each final node, namely 1000
and 100 for models (2) and (3), respectively. This strategy was preferred instead of
alternatives®® because of the disclosure controls imposed by the data owners limiting the
minimum number of observations in outputs (UK Data Service 2020). Other options include
building a model by using a training dataset and then estimating mean squared error with the
hold-out data and cross-complexity pruning, estimating complexity factor to evaluate
predictive capacity (James et al., 2013). We also report a correlation table with ARDx data in
Table 8.

13 Other options include cross validation requiring to build a model by using a training dataset and then
estimate mean squared error with the hold-out data and cross-complexity pruning estimating complexity
factor with similar procedures as applied below to evaluate predictive capacity (James et al. 2021).
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Table 8 Correlation Table with Unmatched ARDx Data

g 2 g >
E |8 2 |3 S e | .3
S.1& |2 |8 S | |58
222 g2 |x |8 |5 |88
w o| & < (@) [ w [ -4 s

Employment costs 1.00

Purchases 0.35 | 1.00

Acquisitions 0.59 | 0.24 | 1.00

Disposals 0.32 | 0.13 | 0.32 | 1.00

Tax 0.09 | 0.16 | 0.07 | 0.03 | 1.00

Employment 0.91 {0.32 |0.51 | 0.30 | 0.01 | 1.00

Turnover 0.43 | 0.94 | 0.30 | 0.16 | 0.03 | 0.38 | 1.00

Labour productivity | 0.00 | 0.25 | 0.01 | 0.00 | 0.01 | 0.00 | 0.27 | 1.00

This table reports correlation coefficients based on full unmatched data with 528,584 unique
organisations. The figures are based on ARDx data and were estimated with the R

programming language.

Although not the main area of interest, we also test the predictive capacity of the primary
model in Equation 3. We use 10 fold validation, in which we compare the predictive capacity
of our trees to other candidate algorithms. We base our strategy on Robinowicz and Rosset’s
(2020) assumptions that should be met for the cross validation with longitudinal data to be
affective. We produce ten random subsamples, where the same respondent firms are in both
samples but at different times to preserve the distributional relation between the testing set to
the training set. For each subsample, we train the algorithms with 80% train set and then use
the remaining 20% to test the accuracy of predictions. The goal is to compare the accuracy of
predictions of observations of the subjects, sampled at a random time-point from the same
distribution. For the comparison, we use both Root Mean Squared Error (RMSE) and more
reliable Mean Absolute Error (MAE). The results of the k-fold validation method are reported

in table 9. The trees achieved a relatively high accuracy when compared to alternative

40



methods. Based on both RMSE and MAE, random forests slightly outperformed trees but the

accuracy was much higher than with logistic regression or mixed model.

Table 9 Accuracy Tests

RMSE MAE
random forest 0.3 0.23
tree 0.44 0.4
logistic regression | 8.5 2.49
mixed model 10.04 3.57

We also find broadly consistent results from the impurity-based feature importance estimated

with random forest algorithm reported in Figure 7.

Figure 7 Random Forests - Importance Scores

ID 0.047771
Tax 0.038783
Size at birth 0.029837
Employment costs 0.026304
Labour productivity s 0.024114

Employment 0.023895
Turnover 0.020242
Purchases 0.015677

Sector m———————— (0.013128
Region e 0.01025
Age e (0.009257
Year == (.00846
HGF s (.008228
Acquisitions =e— 0,007492
Foreign ownership ~m— 0.006755

Disposals m=m 0.00227

0 0.01 0.02 0.03 0.04 0.05 0.06

To further assure the matching quality, the matched sample was manually examined. An
equal number of observations were found in all sectors, regions and within size thresholds
established according to the EU definition (Commission Recommendation 2003). We also

explore substantial reduction in £, statistic that includes imbalance with respect to joint
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distribution and all interactions between recipients and non-recipients lacus et al. (2009). The

continuous variables were also examined with t-tests and no statistically significant results

were found.
Table 10 Sensitivity Analysis with Logistic Regression
Dependent variable: Dependent variable:
Nonprofit status Charity status
Full ARDx Data Matched Sample Matched Sample
(NPO1) (NPO2) (NPO5) (NPOB) (CHAL) (CHA2)
Employment 0.010*** 0.026*** 0.030***  0.031***  -0.004 0.048***
Costs (0.0003) (0.0004) (0.001) (0.001) (0.006) (0.005)
Purchases -0.006*** -0.017*** -0.007***  -0.011***  -0.011 -0.039***
(0.0003) (0.0004) (0.001) (0.001) (0.008) (0.008)
Acquisitions 0.009*** 0.010*** 0.018***  0.021***  -0.004 -0.011
(0.0005) (0.0005) (0.002) (0.002) (0.008) (0.008)
Disposals -0.013*** -0.011*** -0.006* -0.010***  0.008 -0.003
(0.001) (0.001) (0.003) (0.003) (0.026) (0.026)
Tax -1.468*** -1.343*** -1.597***  -1.832%** -3 213***  -2,913***
(0.039) (0.031) (0.062) (0.062) (0.604) (0.563)
Age 0.075*** 0.027*** 0.040***
(0.002) (0.002) (0.010)
Labour 0.0001*** 0.0001*** -11.025***
Productivity (0.00001) (0.00002) (1.750)
-0.630*** -0.439*** 1.180***
HGF dummy (0.040) (0.028) (0.121)
FO dummy -0.092*** -0.017 0.812%**
(0.013) (0.020) (0.097)
Constant -3.213*** -2.830*** -0.334***  0.117***  -0.855 0.144***
(0.061) (0.005) (0.100) (0.008) (1.236) (0.039)
Observations 846,431 850,509 73,642 73,658 3,891 3,891
AIC 254,578.400 336,935.300 97,231.720 98,875.580 4,764.546 5,233.504

***n<0.01

This table reports sensitivity analysis that used more standard logistic regression to examine
changes in the probability to be classified as an NPO (NPO1-NPO6) and charity (CHAL and
CHAZ2). NPO1 and NPO2 consist of full unmatched data with 528,584 unique organisations.
NPO3 and NPO4 consist of the matched sample with 38,048 organisations. CHA1 and CHA2
consist of the matched sample with 972 organisations. NPO2, NPO4 and CHA2 include
variables that were used with the classification tree in Equation 3. NPO1, NPO3 and CHAL
also include variables in Equation 2 as controls. Given the high correlations reported in
appendix 2, turnover and employment were grouped according to the thresholds in the EU
definition (Commission Recommendation 2003). Other controls that are not reported but
were included are region dummies, sector dummies, as well as size at birth and current size
based on turnover and employment. To aid interpretability, employment costs, purchases,
acquisitions, disposals and tax were converted to millions. The figures are based on ARDXx
data and were estimated with the R programming language.
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We also report sensitivity analyses with more standard logistic regression in Table 10.
Logistic regression was chosen instead of mixed effects because it outperformed mixed
effects in the previous assessment. Logistic regressions with and without controls uniformly
showed a significantly positive relationship between the probability of being NPO and both
employment costs and acquisitions, and negative coefficients were estimated for purchases,
disposals and tax. The ratios were, as expected, nuanced with varying coefficients across
models, supporting the need for more nuanced modelling with decision trees, especially once
the dependent variable was replaced by the probability of being a charity.
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