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Abstract: Non-profit organizations (NPOs) play an important role in society. Nowadays, many
companies apply the phenomenon—corporate social responsibility (CSR) which supports sustainable
development and cooperation between the for-profit and non-profit sector. These companies are
careful to cooperate with organizations and make decisions based on many factors, such as financial
stability and independence of non-profit organizations. These attributes are assessed by predictive
models. The models are a common tool in the for-profit sector compared to the non-profit sector.
In our case, the main aim of the research is to propose a prediction model to estimate financial
status of Slovak non-profit organizations using discriminant analysis. The overall sample consists of
351 NPOs dividing into training and testing sub-samples. We find that model classifies correctly
almost 91% of NPOs in the training sample, respectively less than 80% in the testing sample. However,
the results show that all vulnerable NPOs are correctly classified based on the testing sample.

Keywords: financial status; financial vulnerability; non-profit financial management; non-profit
organization; prediction model

1. Introduction

Non-profit organizations play an important role in building and developing civil
society in developed countries. The main goal of the organizations is to support social and
health services, education, sports activities, human rights and democracy. In developed
countries, we now see a significant increase in the importance of non-profit organizations
to support sustainable development based on public initiative. Moreover, the boom of
non-profit organizations is related to the impact of the external environment in the form
of development agencies and state support, as non-profit organizations are dynamic and
flexible entities that contribute to the effective functioning of civil society. On the other
hand, the primary problems of non-profit organizations include legislation that does not
motivate businesses to support non-profit entities, but also the lack of employees and
volunteers. Beudean (2009) [1] highlights the serious problem of recruiting and retaining
employees in the non-profit sector compared to the for-profit sector. Managers can use
money in the form of better pay and benefits as a tool to motivate and retain employees
and the public sector can expect work protection and some other benefits. The non-profit
sector can only offer a mission as a tool to retain employees. These factors have a significant
impact on the financial vulnerability of non-profit organizations.

Nowadays, many non-profit organizations like to cooperate with companies, how-
ever, media and banking companies are careful in collaboration. In the past, there were
instances of unfair financing on the American continent, but especially the poor financial
management of the non-profit organizations according to Greenlee, Gordon and Keating
(2007) [2] and Seyam et al. (2018) [3]. Many non-profit organizations rely exclusively on
one donor, but the diversification of the revenue structure is extremely important from our
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perspective. The companies carefully select non-profit organizations to support corporate
philanthropy as part of corporate social responsibility. Corporate philanthropy is a volun-
tary engagement of a company in publicly beneficial projects for the development of civil
society.

The main objective of the paper is to propose a specific tool for estimating of financial
status of all non-profit organizations using discriminant analysis regardless of economic
activity as a new starting point for future research in Central Europe. The issue is very chal-
lenging because data on non-profit organizations are not available compared to companies
in the for-profit sector.

The research is based on a comprehensive methodology. We identify potentially
significant variables based on previous research and our professional experience. Then,
we test the correlation and multicollinearity among the input variables. The initial sample
is divided into the training and testing sample. Finally, we present a model estimating
the financial status of non-profit organizations. The importance of the model is also
emphasized by the growing importance of non-profit organizations in the Slovak Republic.
We believe that the model is simple for routine application by donors, contributors, banks
and other stakeholders. However, the advantage of this model is its applicability in Central
Europe, as the models from previous studies involve administrative costs.

The results demonstrate that the financial status of non-profit organizations depends
mainly on debt ratio and the share of subsidies in total revenues on the based publicly
available financial statements on Slovak non-profit organizations. The model shows that
non-profit organizations should not rely on contributions from the national or regional
level. In other words, non-profit organizations should diversify their revenue structure
mainly through self-financing. Moreover, the added value is the summary of theoretical
and empirical knowledge from previous research. We find that theoretical and empirical
evidence on risk management with a focus on non-profit organizations is limited compared
to advanced research on companies from various industries. These studies assess the
financial vulnerability of Americans as opposed to European nonprofit organizations. We
find the gap in research in risk management in Central Europe based on research literature
analysis. We cannot estimate financial vulnerability using these relevant models because
the financial statements do not include the administrative costs. The advantage of the
proposed model is applicability, as the presented models are not applicable due to the
limited data on administrative costs in the financial statements. These results can contribute
to the development of non-profit financial management in Central Europe.

2. Literature Review

The aim of non-profit organizations is to improve the living conditions of citizens,
increase education, and enhance the environment. The origin of non-profit organizations is
explained by many theories, such as theory of public goods, contract theory, welfare state
theory, and independence theory, etc. Theory of public goods is based on governmental
and market failures. According to contract failure theory, the consumer does not have
much information for assessment of the quality of goods and services. Welfare state theory
assumes that the importance of non-profit organizations will diminish for improving
market mechanism and strengthening state responsibility in the future. On the other
hand, interdependence theory demonstrates that the non-profit and for-profit sector are
interdependent. These non-profit organizations can cooperate with other entities in health
care, education, and social services. Sedivy and Medlikova (2009) [4] claim that non-profit
organizations are more closely monitored by the private sector, public institutions, and the
public in terms of achieving higher performance levels and transparency. The important
tool for assessing the effective functioning of a non-profit organization is the financial
analysis based on financial statements to monitor the structure and development of assets,
liabilities, income, and expenses. Financial analysis is one of the elementary methods
that apply in various scientific research, regardless of the economic sector. Accounting,
accounting conventions, and accounting legislation in the country play an important role
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in the selection of indicators. Matthiesen (2009) [5] uses financial information from the
IRC using the GuideStar database. According to Mattocks (2008) [6], Guidestar is a source
that is globally recognized as an important database of information about U.S. non-profit
organizations. The representative samples consisted of organizations with gross revenues
of more than $25,000 that disclose their financial information. Specifically, the sample
consisted of subgroups, the so-called food banks and food chambers based on the NTEE
classification system in a total of 816 organizations.

Berta & Burger (2015) [7] emphasize that Tuckman & Chang (1991) [8] are pioneers
in this research area as they provide the basic pillar for further studies. These authors
used a linear probability model to understand the impact of several possible factors in the
likelihood of negative changes to total returns as a prerequisite for financial vulnerability,
based on multiple studies, namely Tuckman & Chang (1991) [8], Greenlee & Trussel
(2000) [9], Trussel & Greenlee (2004) [10] and Trussel (2002) [11]. Table 1 shows various
definitions of financial vulnerability from many relevant authors.

Table 1. Definitions of financial vulnerability.

Authors Financial Vulnerability of Non-Profit Organization

Tuckman and Chang (1991) [8]
Financial vulnerability is explained by quintile of four variables, such as equity, administrative costs, revenue
concentrations, and operating margin. If a non-profit organization has some variable at the lowest quintile,
the non-profit organization has a financial problem.

Greenlee and Trussel (2000) [9] Financial vulnerability is explained by the decline in the proportion of expenditure to revenue by more than
20 % over three years.

Hager (2001) [12] Financial vulnerability is explained by the non-disclosure of financial statements over four years.

Trussel (2002) [11] Financial vulnerability is explained by decline in net assets by more 20 % over three years.

Trussel et al. (2002) [13] Financial vulnerability is explained by the decline in net assets over three years.

Trussel and Greenlee (2004) [10] Financial vulnerability is explained by the decline in net assets by more 20 % or 50 % over three years in
dependent on prediction models.

Cordery et al. (2013) [14]

Financial vulnerability is explained by the decline in the proportion of program expenditure to revenue over
three years.

Financial vulnerability is explained by the decline in net assets over three years.

Financial vulnerability is explained by the difference between revenue and expenditure over three years.

Andres-Alonso et al. (2015) [15]
Financial vulnerability is explained by the decline in net assets by more 20 % over three years.

Financial vulnerability is explained by the decline in program expenditure by more 20 % over three years.

Source: authors based on Tuckman & Chang (1991) [8], Greenlee & Trussel (2000) [9], Hager (2001) [12], Trussel (2002) [11], Trussel et al.
(2002) [13], Trussel & Greenlee (2004) [10], Cordery et al. (2013) [14], Andres-Alonso et al. (2015) [15].

Although theoretical knowledge offers many definitions of the financial vulnerability
of nonprofits, we use the financial status in the paper. Financial status is a comprehensive
term for vulnerable and invulnerable non-profit organizations. We define that a vulnerable
non-profit organization is an organization in liquidation. In the Slovak Republic, there
are many types of non-profit organizations such as foundations, non-investment funds,
civic associations, and non-profit organizations providing services of general interest. We
focus only on foundations and non-investment funds. We explain non-profit organizations
as private entities not focused on making a profit. The primary function of these organi-
zations is not to make a profit, but to help people in need in particular. If the non-profit
organization generates a profit, this profit is reinvested again. Kliestik et al. (2018) [16]
emphasize that bankruptcy prevention is an important prerequisite for alleviating legal
and social changes. Moreover, Rybicka & Rybicki (2018) [17] identify aspects of man-
agement and accounting. In the non-profit sector prediction is underdeveloped research
compared to the for-profit sector. In the Slovak Republic Kovacova & Kliestik (2017) [18],
Valaskova et al. (2018) [19], and Svabova et al. (2018) [20] focus on estimating the financial
distress of Slovak enterprises. Moreover, Valaskova et al. (2018) [21] created a predictive
model for modeling the sustainability of Slovak enterprises. In the prediction area, many
authors apply statistical methods, such as discrimination and regression analysis, but
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also neural networks. Blanton (2018) [22] used artificial intelligence approaches in health
care. In general, prediction models are a suitable tool in the decision-making process in
various sectors. Kantarelis (2018) [23] proposed a rational approach for improving the
decision-making process in screening stocks.

Tuckman & Chang (1991) [8] explain that the financial condition of charitable non-
profit organizations depends on many factors, such as generosity of supporters, rev-
enue diversification, management skills, ability to withstand revenue fluctuations, and
capital size. These factors also affect the choice of relevant indicators. The four indica-
tors include equity, revenue concentration, administrative costs, and operating margin.
Greenlee & Trussel (2000) [9] expended study by Tuckman & Chang (1991) [8].
According to Greenlee & Trussel (2000) [9], financial vulnerability is a decline in pro-
gram spending over three years. In addition, financial vulnerability as opposed to financial
sustainability, financial health and financial existence. Vance (2010) [24] prefers the non-
profit existence or failure. On the other hand, Tuckman & Chang (1991) [8] does not agree
with these names. The model consists of four indicators, namely equity (E), revenue con-
centration (C), administrative cost (A), and operating margin (M). The equity is calculated
atypically compared to the for-profit sector. In the non-profit sector, equity is calculated
as the ratio of equity to total revenues, while in the private sector it is calculated as the
ratio of equity to assets. The model is calculated based on Formula (1), which expresses the
likelihood of financial vulnerability:

FVI [coef .] =
1(

1 + e−z) (1)

Z [coef .] = −3.0610+0.1153 E + 1.2528 C − 2.2639 A − 3.4289 M (2)

Equity (E) [coef .] =
equity [€]

total revenues [€]
(3)

Concern (C) [coef .] =∑
(

revenue item [€]
total revenues [€]

)2
(4)

Admin (A) [coef .] =
administrative costs [€]

total revenues [€]
(5)

Margin (M) [coef .] =
revenues [€] − costs [€]

total revenues [€]
(6)

Later, Trussel & Greenlee (2004) [10] created another model. A financially vulnerable
non-profit organization is an organization in which net assets have decreased by more than
20% over three years, but according to the second model, an organization with a net asset
decline of more than 50% is a financially vulnerable non-profit organization over three
years. These authors used the same indicators, namely operating margin (M), revenue
concentration (C), but also size (S) and debt ratio (D). The size of the organization is related
to the total volume of assets, while an organization with a higher volume of assets can face
financial distress. According to Trussel & Greenlee (2004) [10], financial vulnerability is
calculated based on the following model (Cordery, Sim & Baskerville, 2013) [14]:

Z [coef .] = 1.4398 − 5.2450 (M)+0.07654(C)− 0.1594(S)+0.9754 (D) (7)

Trussel (2002) [11] argues that financial vulnerability refers to a reduction in net
assets, namely if net assets fall by more than 20% over three years. We assess the financial
vulnerability based on the following model (Cordery, Sim & Baskerville, 2013) [14]:

Financial vulnerability index (FVI) [coef .] =
1(

1 + e−z) (8)

Z [coef .] = 0.2475 − 1.3527 (M)+0.8402 (C)− 0.1396 (S)+1.1088 (D) (9)
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where: M (margin)—operating margin, C (concern)—revenue concentration, S (size)—
assets, D (debt)—debt.

Interpretation. If the FVI is greater than 20%, the financial vulnerability index indicates
strong vulnerability and vice versa, if the FVI is less than 10%, the financial vulnerability
index does not indicate financial vulnerability. In the range of 10 to 20% is the so-called
grey zone.

Trussel et al. (2002) [13] expanded previous work by Greenlee & Trussel (2000) [9] and
Tuckman & Chang (1991) [8] to predict the vulnerability of non-profit organizations. They
created a model consisting of five financial indicators and a data sample with more than
94,000 organizations during 1997–1999, with 17,112 organizations financially vulnerable,
representing 18%, and 76,890 organizations financially invulnerable, representing 82%. In
their article, the authors explain that more than half of the organizations were used to create
a logit model, and other organizations were used as a test sample. Trussel et al. (2002) [13]
define financial vulnerability as a 20% reduction in net assets over three years. This model
is calculated using the formula (10). Trussel et al. (2002) [15] demonstrate the financial
fact that the purpose of the model is to screen and monitor (Cordery, Sim & Baskerville,
2013) [14]. However, the primary aim is to predict the probability of financial vulnerability
of organizations. Duan (2010) [25] points out that this model’s predictive power is 65%.
The result reflects the likelihood of financial vulnerability.

FVI [coef .] =
1(

1 + e−z) (10)

Z [coef .] = 0.7754 + 0.9272 D + 0.1496 C − 2.8419 M + 0.1256 A − 0.1665 S (11)

Debt (D) [coef .] =
debt [€]

total assets [€]
(12)

Concern (C) [coef .] =∑
(

revenue item [€]
total revenues [€]

)2
(13)

Margin (M) [coef .] =
revenues [€] − costs [€]

total revenues [€]
(14)

Admin (A) [coef .] =
administrative costs [€]

total revenues [€]
(15)

Size (S) [€] = total assets [€] (16)

The results are: FVI > 20, a strong indicator of financial vulnerability; 10 < FVI < 20,
grey zone; FVI < 10, a strong indicator of financial invulnerability.

Furthermore, Andres-Alonso, Garcia-Rodriquez & Romero-Merino (2016) [15] ana-
lyzed the financial vulnerability of 228 U.K. non-profit organizations during 2008–2012
using FVI by Trussela et al. (2002) [13].

Searing (2018) [26], Hung & Hager (2019) [27], Lu, Lin & Wang (2019) [28], Fedele,
Miniaci & Tortia (2021) [29], and Garcia-Rodriguez & Santamaria-Mariscal (2021) [30] devel-
oped current research on financial vulnerability with new perspectives. Searing (2018) [26]
applies financial ratios to estimate financial vulnerability of non-profit organizations using
panel data. The results identify significant financial variables, such as equity ratio, surplus
ratio, HHI, size, and age for improving profitability. Many studies focus on the impact of
the revenue diversification/concentration strategy on the financial vulnerability of non-
profit organizations. Hung & Hager (2019) [27] investigated how to influence revenue
diversification on financial health using meta-analysis of previous studies. They found out
that financial health is the statistically significant dependent on revenue structure. Similarly,
Lu, Lin & Wang (2019) [28] examine the relationship between financial performance, such
as financial capacity and vulnerability and diversification/concentration strategy. They
found out diversification strategy has an effect on financial vulnerability. On the other
hand, diversification has negative impact on financial capacity using bibliometric analysis
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and meta-analysis. According to some research, financial vulnerability is affected by the
level of indebtedness of non-profit organizations. Similarly, this study emphasizes that a
vulnerable non-profit organization should be careful about indebtedness and a high degree
of concentration on contributions from state and other regional institutions. On the other
hand, we find out that revenue diversification/concentration does not have an impact
on financial status-based HHI. Fedele, Miniaci & Tortia (2021) [29] analyse leverage and
client orientation based on the ratio of voluntary workers to total workforce in the social
care sector. The results of the study demonstrate leverage has a negative effect on client
orientation. Garcia-Rodriguez & Santamaria-Mariscal (2021) [30] explain the relationship
between the financial vulnerability and board in non-profit organizations in Spain. The
research shows experience and education of board structures do not have a significant
impact on financial vulnerability.

3. Methodology

The research methodology is based on a wide range of relevant theoretical and em-
pirical findings from leading researchers from around the world. We focus mainly on the
sample, methods and financial indicators. Our research is based on Tuckman & Changa
(1991) [8], Greenlee & Trussel (2000) [9], Trussel & Greenlee (2004) [10], Trussela (2002) [11].
Subsequently, most authors create, verify and compare results from previous studies. We
believe that financial vulnerability depends on several financial indicators, such as equity,
revenue concentration, debt ratio, and profit margin. However, these surveys are based on
data from U.S. nonprofits. We are aware that the Slovak financial statements of non-profit
organizations differ significantly from American organizations. In addition, we use specific
financial indicators as opposed only to financial indicators from previous studies based on
our professional experiences.

The aim of the paper is to propose a prediction model using discrimination analysis.
Stankovicova & Vojtekova (2007) [31] argue that the discriminatory analysis examines the
dependence of one dependent (qualitative) variable on several independent variables. The
primary aim is to find that independent variables are good indicators in estimating the finan-
cial vulnerability of Slovak non-profit organizations. If the model will have good results in
the classification of non-profit organizations, the model is good at the prediction of financial
vulnerability. In our case, financial vulnerability is a situation in which an organization
is a liquidation according to Slovak legislation. The main parts of discriminatory analysis
include analytical and classification roles. The analytical (descriptive) task is to find the
most appropriate way of distinguishing between the groups. We identify a function that
determines the existence of statistically significant differences between the groups’ averages.
The classification task classifies individual non-profit organizations into relevant groups.

Stankovicova & Vojtekova (2007) [31] recommend the use of step-discriminatory analysis,
in which a larger number of independent variables enter. The steps determine the variables
by which the discriminatory function is created. IBM SPSS Statistics 25 offers two options,
including Independents Together and Stepwise Selection, which combines forward and
backward selection. It means that variables gradually enter the discriminating function.
This process is terminated when no other variable is entered and is not excluded from the
discriminator function. When entering the variable into the model, Wilks λ is used, which
expresses the ratio of intra-group variability to total variability. The variable that reaches the
minimum value in each step is selected. In our case, we apply backward selection. Figure A1
shows the main steps in creating the prediction model. Moreover, at the beginning of creating
the prediction model, we make descriptive statistics, remove outliers in the sample on based
Mahalanobis distance and calculate multicollinearity in the testing sample.

Finally, we verify the proposed model on the testing sample. Gupta (2017) [32] argues
that the validity of a model is assessed using ROC. If the metric is equal to 1, they indicate
perfect (ideal) predictive accuracy. High values mean that the model estimates the high
probability of a successful estimate. In our case, we use the ROC curve in SAS and IBM
SPSS Statistics 25 because provides relevant results with graphical representation.
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The sample consists of 351 Slovak non-profit organizations, namely foundations and
non-investment funds. We determine independent variables and identify outliers before
creating a model of the financial status of non-profit organizations. The initial sample is
divided into two sub-samples, namely training and testing sub-sample. The main aim of
the training sample is to create a model, then we verify the proposed model on the testing
sample. Table 2 shows that the training sample includes 236 organizations (80%), and the
testing sample consists of 59 organizations (20%).

Table 2. Total sample.

Total %

Training sample 236 80
Testing sample 59 20

Total 351 100
Source: authors.

We collect a lot of financial data on based statements from various financial databases,
such as Amadeus (2018) [33] and Finstat (2018) [34], but also from the Ministry of Finance
of the Slovak Republic (2018) [35] and the Ministry of Interior of the Slovak Republic
(2018) [36]. These data are necessary to calculate variables, such as liquidity indicators,
activity indicators, debt ratios, profitability ratios, etc. These variables are selected from
various relevant theoretical and empirical knowledge. Moreover, we choose other variables,
such as contribution from tax paid to total revenues (CPTREV), dotation to total revenues
(DOTREV), liquidity ratio (LIQRAT), non-current assets (NCUASS), net working capital
to total assets (NWCASS), legal form of the non-profit organization (PRAFO) and type
of non-profit organization (TYPKOD). Most of the independent variables are continuous
variables except for PRAFO and TYPKOD. These variables are dichotomous indicators.
We highlight that foundation is a reference group compared to a non-investment fund in
terms of PRAFO and the non-commercial (non-profit) organization is a reference group
compared to a commercial (non-profit) organization. According to Forum darcu (2016) [37],
the commercial (non-profit) organization is an organization established by at least one
legal entity, such as a public company, limited partnership, limited liability company, and
joint-stock company. The commercial (non-profit) organization means an organization
that presents its activities together with the logo of the founding company, especially in
the home region and the surrounding area. Many of these organizations are established
primarily as a tool for building the concept of social responsibility. However, the benefits for
major companies in the banking, insurance, and automotive industries are associated with
contributions from taxes paid. These companies donate contributions from the tax paid to
the “partner” non-profit organization, the contribution helps to build a good reputation in
civil society based on tax law. Table 3 shows all independent variables with the method
of calculation. We assume that the long-known non-profit organization has more trust in
citizens, so financial vulnerability is low. Moreover, we believe that the revenue structure
affects the financial status of the non-profit organization. The typical financial variables
take into account the revenue structure include CPTREV, DOTREV, and SALREV.

We also focus on the property structure because the organization is able to provide
better services to the public if the organization has tangible assets. The independent
variables also include the logarithm of the assets. We apply a logarithm of assets compared
to assets because the volume of assets is very different among the organizations in the initial
sample. The logarithm eliminates these differences. We expect a non-profit organization
with a larger volume of assets to be less vulnerable.

Furthermore, non-profit organizations monitor liquidity indicators mostly in contrast
to profitability. We assume that liquidity has a significant impact on the financial status of
the organization, because if the organization is not liquid, this situation threatens its daily
activities and projects.

Finally, we include non-financial input variables as the legal form and type of non-
profit organization. The financial situation of non-profit organizations varies greatly
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between foundations and non-investment funds. We believe that foundations are less
vulnerable because they rely on more donors. Furthermore, in our opinion, commercial
(non-profit) organizations are more vulnerable to others because they generally rely on
only one key donor.

Table 3. Independent variables.

Variables Acronym Formula/Factor References

age of organization AGEORG age of non-profit organization (in
years)

revenue concentration CONREV revenue concentration calculated by
Herfindahl–Hirschman Index (HHI)

Tuckman & Changa (1991) [8],
Greenlee & Trussel (2000) [9],
Trussel & Greenlee (2004) [10],

Trussela (2002) [11]

contribution from tax
paid to total revenues CPTREV contribution from tax paid/total

revenues

debt ratio DEBRAT debt/total assets

Tuckman & Changa (1991) [8],
Greenlee & Trussel (2000) [9],
Trussel & Greenlee (2004) [10],

Trussela (2002) [11]

dotation to total
revenues DOTREV dotation/total revenues

equity ratio EQUREV equity/total revenues

Tuckman & Changa (1991) [8],
Greenlee & Trussel (2000) [9],
Trussel & Greenlee (2004) [10],

Trussela (2002) [11]

liquidity ratio LIQRAT (current assess–current
liabilities)/current assess

logarithm of assets LOGASS logarithm (assets)

non-current assets NCUASS non-current assets/total assets

net working capital to
total assets NWCASS (current assets–short-term

liabilities)/total assets

operating margin OPEMAR (revenue–costs)/total revenues

Tuckman & Changa (1991) [8],
Greenlee & Trussel (2000) [9],
Trussel & Greenlee (2004) [10],

Trussela (2002) [11]

legal form of
non-profit

organization
PRAFO legal form of non-profit organization

commercial revenue to
total assets SALREV

(sales of products + revenues from
services + revenues from sold

goods)/total revenues

type of non-profit
organization TYPKOD non-commercial or commercial

non-profit organizations
Source: authors.

We find out on based descriptive statistics that the sample includes very different
non-profit organizations in terms of selected independent variables. Table 4 shows detailed
results of descriptive statistics of the initial sample, the primary purpose is to explain the
current state of the Slovak non-profit sector. The results show that the revenue concentration
(CONREV) is relatively high, as the non-profit organization reaches an average HHI of
more than 65%. In addition, 25% of non-profit organizations rely on one revenue item
mainly contribution from the tax paid on total revenues (CPTREV). The ratio shows that
contribution represents almost 37% of total revenues in the non-profit sector. Furthermore,
many non-profit organizations do not use debt to finance assets. The median debt is 0.025,
representing 2.5%. We demonstrate that less than 25% of non-profit organizations use
debt ranging from 2.5 to almost 16%. The non-profit sector does not use debt because
banks are not willing to provide loans to non-profit organizations. The average operating
margin is (−) 19,806 because many non-profit organizations have more costs than revenues.
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This result is due to extreme values, as only 25% of non-profit organizations achieve an
operating margin higher than (−) 0.219. These results are likely to affect the existence
of non-profit organizations, as the average non-profit organization is over 13 years old.
We find that the average and the median age of a non-profit organization are almost
identical. Kaba (unknown year) [38] claims that the data usually contain one or more
values that are too different from other data. These extreme values can significantly affect
the quality of the statistical analysis. We remove the extraordinary values in the sample.
Kaba (unknown year) [38] recommends the distance of Mahalanobis. We will exclude
10 non-profit organizations from the original sample using the Mahalanobis distance.
Moreover, 46 observations are also excluded as the discriminant analysis is sensitive to the
absence of some values in the independent variables.

Table 4. Descriptive statistics.

Conrev Opemar Debrat Equrev Nwcass Cptrev Salrev Logass Dotrev Ncuass Liqrat Ageorg

N Analysed NPO 351 309 344 311 344 351 351 343 351 344 346 351

Missing NPO 0 42 7 40 7 0 0 8 0 7 5 0

Mean 0.66 −19.81 2.24 1661.93 −1.28 0.37 0.04 4.39 0.05 0.16 −0.81 13.27

S. E. mean 0.02 10.25 1.87 1515.87 1.86 0.02 0.01 0.05 0.01 0.02 1.00 0.37

Std. deviation 0.44 180.17 34.63 26,732.72 34.54 0.41 0.18 0.88 0.17 0.33 18.55 6.91

Minimum 0.00 −2328.43 −0.89 −29.62 −639.86 −0.02 −1.16 1.04 0.00 0.00 −319.48 1.00

Maximum 6.06 1.60 641.69 471,134.40 1.89 1.00 1.00 7.22 1.00 2.61 1.14 27.00

Percentiles 25 0.42 −0.22 0.00 0.17 0.35 0.00 0.00 3.87 0.00 0.00 0.84 7.00

50 0.66 0.00 0.02 0.86 0.91 0.13 0.00 4.23 0.00 0.00 0.97 14.00

75 1.00 0.06 0.16 3.50 1.00 0.81 0.00 4.86 0.00 0.07 1.00 19.00

Source: authors.

Based on the scientific question: “Which quantitative and qualitative variables are
considered statistically significant in the estimation of the financial status of non-profit
organizations through discriminant analysis?” we formulate hypotheses:

H0AGEORG: AGEORG does not have statistically significant impact on the financial status of NPOs.
H0CONREV: CONREV does not have statistically significant impact on the financial status of NPOs.
H0CPTREV: CPTREV does not have statistically significant impact on the financial status of NPOs.
H0DEBRAT: DEBRAT does not have statistically significant impact on the financial status of NPOs.
H0DOTREV: DOTREV does not have statistically significant impact on the financial status of NPOs.
H0EQUREV: EQUREV does not have statistically significant impact on the financial status of NPOs.
H0LIQRAT: LIQRAT does not have statistically significant impact on the financial status of NPOs.
H0LOGASS: LOGASS does not have statistically significant impact on the financial status of NPOs.
H0NCUASS: NCUASS does not have statistically significant impact on the financial status of NPOs.
H0NWCASS: NWCASS does not have statistically significant impact on the financial status of NPOs.
H0OPEMAR: OPEMAR does not have statistically significant impact on the financial status of NPOs.
H0PRAFO: PRAFO does not have statistically significant impact on the financial status of NPOs.
H0SALREV: SALREV does not have statistically significant impact on the financial status of NPOs.
H0TYPKOD: TYPKOD does not have statistically significant impact on the financial status of NPOs.

4. Results

The complex process of creating a prediction model consists of several steps. First, we
test a correlation among financial indicators (see Table A1). The correlation matrix shows that
there is a very low to medium correlation among the input variables. Rimarcik (2007) [39]
recommends VIF (variance inflation factor). Table 5 shows that there is no multicollinearity
among independent variables. In other words, the variables are suitable for estimating the
financial status of non-profit organizations. Multicollinearity is calculated on the training
sample. Moreover, we test multicollinearity using condition index (see Table A2). The
confidence index demonstrates moderate multicollinearity. We decided to create a model
with all variables and with variables without NWCASS and NCUASS. However, we find that
both prediction models have the same coefficients because the discriminant analysis uses the
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“stepwise method” as a method for selecting the relevant variables. We present a model using
all potential input variables.

Table 5. Multicollinearity.

Model
Collinearity Statistics

Tolerance VIF

CONREV 0.822 1.216

OPEMAR 0.729 1.372

DEBRAT 0.243 4.122

EQUREV 0.704 1.420

NWCASS 0.159 6.280

CPTREV 0.709 1.411

SALREV 0.887 1.128

LOGASS 0.717 1.394

DOTREV 0.913 1.095

NCUASS 0.330 3.028

LIQRAT 0.778 1.286

AGEORG 0.933 1.072
Source: authors.

Second, we apply the Box test which tests the equality of group means of independent
variables. We expect the p-value (>0.05) to indicate that the covariance matrices do not differ
significantly in terms of normal multidimensional character. Table 6 clearly shows that
covariance matrices cannot be deemed identical. We use assumption of different covariance
matrices in the IBM SPSS Statistics 25. The log-determinants of the covariance-variance
matrices of individual groups are distant.

Table 6. Box test.

Test Results

Box’s M 174.250

F

Approx. 55.429

df1 3

df2 9124.112

Sig. 0.000

Tests null hypothesis of equal population covariance matrices.
Source: authors.

Third, we verify the match of mean values of independent variables between groups. If
the mean values are not statistically significantly different, so the variables will discriminate
incorrectly between the groups. The fact has an impact on the model’s low classification
capability.

We test whether an independent variable can be considered a suitable discriminator.
Based on the p-value of F-statistics, each independent variable is assessed for the difference
in mean values between the groups, in other words, we identify the variable that is
significant at the relevant significance level. For a large sample set of at least 50 units,
ANOVA is sufficiently robust to violate the assumption of normality, but even if the
variable does not satisfy the p-value < α, it is part of the stepwise method and the accuracy
of rejection from the resulting discriminatory function is confirmed.

Table 7 shows that this assumption was not met for all selected discriminatory vari-
ables, except for the four variables, the debt ratio (DEBRAT), the networking capital ratio
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on assets (NWCASS), the share of income subsidies (DOTREV), and the liquidity ratio
(LIQRAT). In the case of these variables, we reject the null hypothesis. On the other hand,
we do not reject the null hypothesis in the other variables. These variables are significant
discriminators. In other words, invulnerable non-profit organizations differ in the average
values of the statistical variables considered.

Table 7. Tests of equality of group means.

Wilks
Lambda F df1 df2 Sig.

CONREV 0.997 0.677 1 234 0.411

OPEMAR 1.000 0.103 1 234 0.748

DEBRAT 0.631 136.620 1 234 0.000

EQUREV 0.999 0.345 1 234 0.558

NWCASS 0.746 79.545 1 234 0.000

CPTREV 1.000 0.002 1 234 0.969

SALREV 0.987 3.005 1 234 0.084

LOGASS 0.998 0.578 1 234 0.448

DOTREV 0.975 6.041 1 234 0.015

NCUASS 0.991 2.084 1 234 0.150

LIQRAT 0.942 14.514 1 234 0.000

PRAFO 0.992 1.931 1 234 0.166

TYPKOD 0.994 1.344 1 234 0.248

AGEORG 0.996 0.984 1 234 0.322
Source: authors.

In this section, we explain the process of modeling using discriminatory analysis. This
model was created through a training sample consisting of 236 non-profit organizations.
In addition, this model was verified on a testing sample consisting of 59 organizations.
We stratified the sample to make the percentage of invulnerable and vulnerable non-
profit organizations comparable in both samples. The model is created using independent
variables.

Table 8 shows the results of the canonical correlation in the discriminatory analysis
and Table 9 demonstrates the results of the statistical significance of the correlation. We
evaluate the overall quality of the model based on these results. In other words, we find out
whether canonical discriminatory functions sufficiently distinguish groups of invulnerable
and vulnerable non-profit organizations. In our case, we have two groups of non-profit
organizations, so there is only one discriminatory function. The canonical correlation for
a given model is 0.632, indicating a relatively strong correlation between discriminatory
function and independent variables, this correlation is statistically significant (p < 0.001).
We demonstrate that the value of the canonical correlation coefficients in the discriminatory
analysis is at a low or medium level, in other words, this discriminatory function may be
considered appropriate.

Table 8. Eigenvalues.

Function Eigenvalue % of Variance Cumulative % Canonical Correlation

1 0.665 a 100.0 100.0 0.632
a First 1 canonical discriminant functions were used in the analysis. Source: authors.
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Table 9. Wilks Lambda.

Test of Function(s) Wilks Lambda Chi-Square df Sig.

1 0.601 118.751 2 0.000
Source: authors.

Table 10 shows that the model consists of two variables, namely the debt ratio (DE-
BRAT) and the share of revenue subsidies to total revenues (DOTREV).

Table 10. Variables in the analysis.

Step Tolerance F to Remove Wilks Lambda

1 DEBRAT 1.000 136.620

2
DEBRAT 0.975 145.120 0.975

DOTREV 0.975 11.899 0.631
Source: authors.

These variables form an equation of a discriminatory equation. Table 11 classifies non-
profit organizations to the group whose centroid is closest to the calculated discriminatory
score. We recommended that a non-profit organization be included in the same number of
individual group measurements based on the Z-score to the respective centroid. On the
other hand, it is recommended a weighted average of centroids with unequal observations
in groups. In general, weights are expressed by the number of observations. If the model
also contains a constant, the result is an average discriminatory score of 0. If the Z-score is
negative, so the non-profit organization is invulnerable. If the Z-score is a positive number,
then the non-profit organization belongs to a group of vulnerable non-profit organizations.
We established 14 scientific hypotheses about the impact of selected independent variables
on the financial status of non-profit organizations. This effect is tested using stepwise
methods as one of the two methods in discriminant analysis in SPSS25. Table 11 shows
significant variables in model using discrimination analysis. The results of the discrimina-
tion analysis based on the “stepwise method” achieve better results compared to “enter
independents together.”

Table 11. Canonical discriminant function coefficients.

Function

DEBRAT 3.075

DOTREV 1.973

(Constant) −0.633

Unstandardized coefficients
Source: authors.

Model is
Z = −0.633 + 3.075 DEBRAT + 1.973 DOTREV (17)

The discriminatory ability of the indicators is obtained based on the absolute values
of the standardized coefficients of the canonical discriminatory function. These results are
extended by correlation coefficients between discriminatory functions and independent
variables, they form the final prediction model for non-profit organizations in Slovakia. We
find that the debt ratio indicator (DEBRAT) is the biggest impact based on the values of
standardized coefficients of canonical discriminatory function. Tables 12 and 13 show that
the correlation is strong for the debt ratio variable (DEBRAT) and low for the total income
ratio (DOTREV).
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Table 12. Standardized Canonical Discriminant Function Coefficients.

Function

DEBRAT 0.993

DOTREV 0.353
Source: authors.

Table 13. Structure matrix.

Function

DEBRAT 0.937

DOTREV 0.197
Source: authors.

We estimate the future development of a non-profit organization by including organi-
zations in a group of invulnerable or vulnerable organizations based on a discriminatory
equation.

The accuracy of the prediction model. In general, prediction models are created for
practical purposes. Table 14 shows that the discriminatory analysis model correctly classi-
fies 201 non-profit organizations without financial invulnerability from 219 invulnerable
non-profit organizations, representing 91.78%. On the other hand, 13 out of 17 vulnerable
non-profit organizations classify discriminatory analysis, representing 76.47%. In other
words, the discriminatory analysis predicts correctly 214 out of 236 organizations, indi-
cating a total accuracy of 90.68%. These results are generated in the training sample. We
calculate the Type I error and Type II error based on Table 14. Type I error represents a ratio
of four to 205, which represents 1.95%, with error II. type is 18 to 31, which is 58.06%.

Table 14. Classification results.

Financial Status
Predicted Group Membership

Total
Invulnerable NPOs Vulnerable NPOs

Count
Invulnerable NPOs 201 18 219

Vulnerable NPOs 4 13 17

%
Invulnerable NPOs 91.8 8.2 100.0

Vulnerable NPOs 23.5 76.5 100.0

91.5% of original grouped cases correctly classified.
Source: authors.

Figure 1 shows ROC results, the area under the curve is large enough. The value is
0.891 with a confidence interval of 0.776 to 1. Table 15 indicates that the model has a good
classification capability.

Model validation. We verify the model of discriminatory analysis on the testing
sample. Table 16 shows that the model correctly classifies 43 out of 55 invulnerable
organizations, representing 78.18%, and all vulnerable organizations, representing 100.00%.
In addition, we find that Type I error is 0%, which is a ratio of 0 to 43 organizations and
Type II error is the ratio of 12 to 16 organizations, representing 75%. The results show that
the model correctly estimated 47 out of 59 non-profit organizations, representing 79.66%.
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Figure 2. ROC curve. Source: authors.

Table 15. Area under the curve.

Area Std. Error a Asymptotic Sig. b Asymptotic 95% Confidence Interval

Lower Bound Upper Bound

0.891 0.058 0.000 0.776 1.000
a Under the nonparametric assumption. b Null hypothesis: true area = 0.5. Source: authors.

Table 16. Classification results on based testing sample.

Observed
Predicted Group Membership Correct Percentage

(%)Invulnerable NPOs Vulnerable NPOs

Financial
status

Invulnerable NPOs 43 12 78.18%

Vulnerable NPOs 0 4 100.00%

Total 79.66%
Source: authors.

We argue that discriminatory analysis is suitable for predicting financial vulnerability
because all vulnerable organizations are correctly estimated, but overall success is less than
80%, which is mainly due to Type II error.

5. Discussion

In general, the economy consists of the state, public and non-profit sector. Non-profit
organizations and organizations of the social economy have a greater impact on long-term sus-
tainability. Chaves & Monzon (2012) [40] analyze the social economy as the third major sector

Figure 1. ROC curve. Source: authors.

Table 15. Area under the curve.

Area Std. Error a Asymptotic Sig. b Asymptotic 95% Confidence Interval

Lower Bound Upper Bound

0.891 0.058 0.000 0.776 1.000
a Under the nonparametric assumption. b Null hypothesis: true area = 0.5. Source: authors.

Table 16. Classification results on based testing sample.

Observed
Predicted Group Membership Correct Percentage

(%)Invulnerable NPOs Vulnerable NPOs

Financial
status

Invulnerable NPOs 43 12 78.18%

Vulnerable NPOs 0 4 100.00%

Total 79.66%
Source: authors.

We argue that discriminatory analysis is suitable for predicting financial vulnerability
because all vulnerable organizations are correctly estimated, but overall success is less than
80%, which is mainly due to Type II error.

5. Discussion

In general, the economy consists of the state, public and non-profit sector. Non-profit
organizations and organizations of the social economy have a greater impact on long-term sus-
tainability. Chaves & Monzon (2012) [40] analyze the social economy as the third major sector
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between the public and private sector. They argue that social enterprises offer new scientific,
social, and economic visions to ensure sustainable economic growth. The social economy
offers many economic, political, and social benefits, such as removing economic barriers, im-
proving social policy, generating social capital, and more. In addition, they emphasize that the
social economy is a new pillar of a new economically and environmentally sustainable model
and creates the potential for innovation. We emphasize that a few authors focus on sustainabil-
ity in the non-profit sector. It means that sustainability in the non-profit sector has significant
potential in future research. Jones & Mucha (2013) [41] claim that non-profit organizations
serve the public goods. Many NGOs, but also for-profit organizations voluntarily assess
the environmental, cultural, economic, and social outcomes of growing public awareness of
sustainability. On the other hand, sustainability assessment is particularly popular in the profit
sector compared to non-profit organizations. Sustainability has an environmental or financial
form. Ceptureanu, Ceptureanu & Orzan (2017) [42], Lee (2017) [43], Pirson (2015) [44], Jones
& Mucha (2013) [41] and Chi-kan & Ong (2012) [45] focus on sustainability in the non-profit
sector all over the world.

Fukas & Gustafik (2005) [46] argue that private companies are aware of their responsibility
to the society in which they play an important role. Many entities contribute to support publicly
beneficial projects, which in the past were mainly financed by the non-profit sector. Moreover,
Fukas & Gustafik (2005) [39] assume that the apparent dividing line between the profit and
non-profit sector will gradually disappear because these organizations will work together. Trust
in non-profit financial management is extremely important for future collaboration. We offer
the prediction model which assesses the financial status of Slovak non-profit organizations.
The prediction models are extremely important to indicate potential financial problems which
threaten long-term sustainability. The main aim of the model is to warn on problems in
advance because many organizations in the for-profit and non-profit sectors can prepare for
the financial crisis. The proposed prediction model is sustainable innovation in the Slovak
non-profit sector because Slovak scientists focus on only the for-profit sector. We find out that
significant discriminator variables are the ratio (DEBRAT) and the share of income subsidies
to total revenues (DOTREV). These results demonstrate that if the debt ratio increases, the
financial vulnerability increases, too. Similarly, if a non-profit organization is very dependent
on subsidies from state or regional agencies, the likelihood of financial vulnerability increases.

The financial sustainability of non-profit organizations can be assessed in relation to
diversification and concentration strategies. In general, many studies show that the revenue
concentration is dangerous due to the share of subsidies in total revenues. It is clear that if a
non-profit organization relies exclusively on contributions from state and regional institutions
together with external sources, the risk of financial vulnerability increases. The high level of
indebtedness threatens a non-profit organization in the same way as organizations in for-profit
sector. However, the goal of non-profit organizations is not to capitalize on external resources
through commercial activities. Banks are aware that a non-profit organization applies for a loan
to support a charity project. In most cases, non-profit organizations act as risk entities from the
perspective of these institutions. If banks approve a loan, the loan is very expensive.

Some research focuses on funding non-profit organizations to support multi-source
funding to ensure day-to-day operations. These steps reduce the revenue concentration and
encourage the diversification of total contributions from multiple donors and contributors.
However, our results show the rate of revenue concentration according to the HHI index
does not have a statistically significant impact on the financial status of Slovak non-profit
organizations. Table 17 summarizes the results of testing independent variables.
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Table 17. Hypothesis results.

Variables
Hypothesis

H0 H1

AGEORG x

CONREV x

CPTREV x

DEBRAT x

DOTREV x

EQUREV x

LIQRAT x

LOGASS x

NCUASS x

NWCASS x

OPEMAR x

SALREV x

TYPKOD x

PRAFO x
Source: authors.

Our objective was to create a specific model that can identify the financial vulnerability
of a non-profit organization based on training and testing sub-samples. This issue is much
less developed compared to businesses, many studies focusing on U. S. nonprofits. In
addition, the prediction model must be able to determine other organizations outside of the
sample. We identify 76.47% of non-profit organizations with financial vulnerability in the
training sample. Moreover, we find out that the model achieved 100% of prediction ability
of non-profit organizations with financial vulnerability based on the testing sample. On the
other hand, we demonstrate the discriminatory analysis model is suitable for estimating
financial status because the overall accuracy is almost 80% for the testing sample due to
Type II error. Table 18 summarizes the main research results.

Table 18. Result summary.

Model Training Sample Testing Sample

Correctly classified non-profit organizations with financial invulnerability 201 43

Correctly classified non-profit organizations with financial vulnerability 13 4

Incorrectly classified non-profit organizations with financial invulnerability 18 12

Incorrectly classified non-profit organizations with financial vulnerability 4 0

Overall success rate 90.68% 79.66%

The measure of success in estimating financial vulnerability 76.47% 100.00%

Source: authors.

The issue of risk management is demanding on dataset on accounting and financial
variables-based balance and income statements. The model is relevant for the non-profit
sector in the Slovak Republic. In future research, we can verify the model on a sample
of non-profit organizations from other countries in Central Europe. However, we do not
currently have access to a relevant sample of non-profit organizations using international
databases, most of the data on non-profit organizations is obtained from a regional database
from Finstat (2019) [34]. We believe that this model is relevant for the non-profit sector in
the Slovak Republic because performance metrics show good results.
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We hope that this paper will draw the attention of non-profit organizations to improving
non-profit management. The results clearly show that non-profit organizations should be
more active towards the individual and other private donors as opposed to state institutions.
Based on these results, we are convinced that the independence theory has a significant
position in today’s society. Although companies and non-profit organizations are independent
organizations, they must work together to achieve a synergy effect. Table 19 demonstrates a
proposed model with models from previous research. As can be seen, the proposed model
differs significantly from other models, as the model consists of only two significant variables,
namely, the debt ratio and the share of subsidies from state and regional institutions in total
revenues. Other variables such as equity, revenue concentration, operating margin, size do
not affect the financial status of Slovak non-profit organizations.

Table 19. The comparison of prediction models with the proposed model for non-profit organizations.

Greenlee &
Trussel (2000)

Trussel
(2000)

Trussel et al.
(2002)

Trussel &
Greenlee (2004)

Proposed
Model

Intercept (−) 3.0610 (+) 0.2475 (+) 0.7754 (+) 1.4398 (−) 0.633

EQUREV (+) 0.1153

CONREV (+) 1.2528 (+) 0.8402 (+) 0.1496 (+) 0.07654

ADMCOS (−) 2.2639 (+) 0.1256

OPEMAR (−) 3.4289 (−) 1.3527 (−) 2.8419 (−) 5.2450

SIZE (−) 0.1396 (−) 0.1665 (−) 0.1594

DEBRAT (+) 1.1088 (+) 0.9722 (+) 0.9754 (+) 3.075

AGEORG

CPTREV

DOTREV (+) 1.973

LIQRAT

LOGASS

NCUASS

NWCASS

SALREV

TYPKOD

PRAFO

TYPKOD
Source: authors.

Limitations. First, research is done on a relatively low number of non-profit organizations
compared to American studies. However, we believe that the total number of non-profit
organizations is high in terms of specific conditions of the Slovak Republic. The reason is that
Slovak law does not require publishing financial statements from most non-profit organizations
because the only foundation and non-investment funds are obliged to publish statements. The
research on nonprofits is very limited to unavailable data from financial statements around
the world. In short, research on the prediction of financial vulnerability is very specific in our
region. Second, a few authors deal with the prediction of financial vulnerability in the non-profit
sector abroad, while Slovak authors focus mainly on the role of non-profit organizations in
society, in other words, macroeconomic perspective. Third, we considered various kinds of
financial indicators for a long time because discrimination analysis is sensitive to the absence of
independent variables.

Future research. Future research offers several opportunities. First, we can compare the
predictive power of the proposed model with predictive models from foreign authors on based
the initial sample. Second, data on non-profit organizations is limited. However, we would
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verify the presented model on a sample from other countries in future research. Unfortunately,
we do not have data on financial indicators from other countries. We look currently for a
relevant database offering data on European non-profit organizations. Our data are obtained
from various sources, such as Finstat [34], Register of financial statements by Ministry of
Finance of the Slovak Republic [35], and Amadeus [33], but most of the data is drawn from the
financial statements from the Register of financial statements Ministry of finance of the Slovak
Republic [35]. These financial statements are in pdf files. Third, we can apply the statistical
method—survival analysis, namely Life tables, Kaplan-Meier estimate, or Cox regression, which
is used mainly in medicine, but this method is also popular in the prediction of the financial
health of enterprises. The method differs from discriminatory analysis or logistic regression.
The main difference is that this method estimates the time to occurrence of the event compared
to discrimination analysis or logistic regression.

6. Conclusions

Many non-profit organizations are hybrid organizations that move on the border between
the for-profit and non-profit sector. Nowadays, non-profit organizations cooperate more closely
with companies. We think that the interdependence theory has the potential for the future
because collaboration among non-profit and other organizations tends to be more effective.

Scientists have verified various scientific hypotheses about the for-profit sector but also
about non-profit organizations. In our case, we focused on predicting the financial vulnerability
of non-profit organizations. In general, prediction models use statistical methods that improve
decision-making and sustainable development.

This study represents one of the initial contributions in the field of predicting the financial
status of non-profit organizations for researchers in Central Europe. We propose a model
for a specific region based on a wide range of theoretical and empirical knowledge from
renowned authors from around the world. We summarize theoretical knowledge to describe
definitions of financial vulnerability, potentially significant financial indicators, and statistical
methods, and our professional experience in risk management. These findings are applied to
create a predictive model with excellent performance capabilities based on the classification
of organizations into invulnerable and vulnerable non-profit organizations and ROC results.
In other words, the complete methodology offers a comprehensive model. The advantages of
the model lie in the simple calculation and obviously the interpretability. The model helps in
making donation decisions from many donors and contributors.

We believe that the paper is the basic pillar as starting study for the non-profit sector in
Central Europe as opposed to the for-profit sector. The value added represents new theoretical
and empirical knowledge for future research in risk management. In addition, we demonstrate
a new specific tool for determining financial vulnerability in the non-profit sector based on
Slovak non-profit organizations. This tool is applicable to the difference of models from previous
research.

The main reason for creating a prediction model is mainly related to filling the gap in
the research of non-profit organizations in Central Europe. The results show that non-profit
organizations should focus on commercial activity, such as the sale of goods and services because
most organizations rely mainly on state and regional donations. We find that a vulnerable
non-profit organization is characterized by high indebtedness and a high share of subsidies
from state and regional institutions in total revenues. We point out that non-profit organizations
should rely more on each other than on other entities. Based on descriptive statistics, we find
that many non-profit organizations rely on contributions from taxes paid, but this indicator is
not a statistically significant variable in the model using discriminatory analysis. In addition,
many non-profit organizations achieve very low self-financing rates. Finally, the high debt
ratio has a negative impact on the financial vulnerability of non-profit organizations. Although
banks are reluctant to lend to organizations due to volatile revenues. In other words, non-
profit organizations are highly dependent on public and for-profit organizations providing
contributions to ensure day-to-day operations.



Sustainability 2021, 13, 9721 19 of 22

The research shows that non-profit organizations should not rely solely on contributions
from national and regional institutions. Non-profit organizations should focus on contributions
from their own resources, as these resources can be affected by management of the non-profit
organization. If organizations rely on grants along with high indebtedness, managers face a
high degree of financial vulnerability. Poor financial management of the organization leads to
significant problems in terms of sustainability of planned activities.
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Appendix A

Table A1. Correlation matrix.

Conrev Opemar Debrat Equrev Nwcass Cptrev Salrev Logass Dotrev Ncuass Liqrat Ageorg

CONREV 1.000 −0.047 −0.028 −0.033 −0.049 −0.176 0.055 0.343 −0.072 −0.099 0.130 0.206

OPEMAR 1.000 −0.271 0.435 0.106 −0.264 0.020 −0.167 −0.319 0.076 −0.348 −0.163

DEBRAT 1.000 −0.141 0.870 0.077 −0.175 0.282 0.303 0.706 −0.156 0.006

EQUREV 1.000 −0.053 0.023 0.054 0.123 0.254 −0.182 −0.071 −0.206

NWCASS 1.000 −0.135 −0.073 0.179 0.067 0.798 −0.409 −0.059

CPTREV 1.000 0.136 0.098 0.497 −0.118 0.014 −0.247

SALREV 1.000 0.008 0.091 −0.062 0.116 0.011

LOGASS 1.000 0.288 −0.178 0.182 −0.081

DOTREV 1.000 −0.146 0.155 −0.100

NCUASS 1.000 −0.340 −0.075

LIQRAT 1.000 0.144

AGEORG 1.000

Source: authors.

Appendix B

Table A2. Collinearity Diagnostics.

Model Dimension Eigenvalue Condition
Index

Variance Proportions

(Constant) Conrev Opemar Debrat Equrev Nwcass Cptrev Salrev Logass Dotrev Ncuass Liqrat Ageorg

1

1 5.849 1.000 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.01 0.00

2 1.573 1.928 0.00 0.00 0.08 0.02 0.07 0.00 0.01 0.04 0.00 0.01 0.02 0.04 0.00

3 1.483 1.986 0.00 0.00 0.16 0.01 0.14 0.00 0.00 0.05 0.00 0.02 0.02 0.01 0.00

4 1.017 2.398 0.00 0.00 0.00 0.05 0.01 0.00 0.03 0.01 0.00 0.47 0.02 0.00 0.00

5 0.850 2.623 0.00 0.00 0.00 0.03 0.00 0.00 0.01 0.56 0.00 0.10 0.00 0.06 0.00

6 0.749 2.795 0.00 0.00 0.01 0.04 0.01 0.00 0.00 0.12 0.00 0.23 0.15 0.04 0.00

7 0.483 3.478 0.00 0.00 0.69 0.01 0.59 0.00 0.01 0.01 0.00 0.00 0.00 0.07 0.00

8 0.427 3.702 0.00 0.00 0.06 0.03 0.10 0.01 0.04 0.12 0.00 0.01 0.05 0.70 0.00

9 0.269 4.666 0.00 0.00 0.00 0.00 0.03 0.01 0.81 0.08 0.00 0.15 0.03 0.05 0.04

10 0.175 5.788 0.00 0.08 0.00 0.00 0.02 0.01 0.02 0.00 0.00 0.00 0.02 0.00 0.82

11 0.075 8.822 0.01 0.73 0.00 0.09 0.02 0.07 0.05 0.01 0.05 0.00 0.02 0.00 0.12

12 0.043 11.724 0.01 0.00 0.00 0.39 0.00 0.58 0.01 0.00 0.23 0.00 0.59 0.02 0.00

13 0.008 26.855 0.98 0.18 0.00 0.32 0.00 0.32 0.01 0.00 0.72 0.00 0.08 0.00 0.00

Dependent variable: Financial status. Source: authors.
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