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Abstract: The non-profit sector plays an important role in the American and European continents, as
non-profit organizations support the development of civil society and help people in need. How-
ever, most non-profit organizations (NPO) are financially dependent on various donors from the
private sector. Nowadays, non-profit organizations focus on improving their non-profit financial
management. This research aims to assess the financial status of Slovak non-profit organizations,
using binary logistic regression. The initial sample includes 351 Slovak NPOs, which are divided
into a training and test sub-sample. The data were obtained from Amadeus, FinStat, the Ministry
of Finance of the Slovak Republic, and the Ministry of Interior of the Slovak Republic. The logit
model shows that the significant variables are equity ratio, debt ratio, operating margin, and type of
NPO using the statistical-analytical program IBM SPSS 25. The model also implies that non-profit
organizations should focus on the revenue structure and revenues from the sale of products. The
prediction model correctly classifies 97.03% of NPOs in the training sub-sample and 96.61% of NPOs
in the test sub-sample. Moreover, more than 70% of vulnerable NPOs are correctly classified.

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

MSC: 62]12; 62M20; 62P20; 91B30; 91B82

1. Introduction

In general, non-profit organizations are established for providing services that pri-
vate or public institutions are not willing or able to provide. Many statistical indicators
suggest that NPOs currently play an important role in the American, European, and
Australian continents.

In 2013, approximately 1.41 million U.S. NPOs were registered with the Internal Rev-
enue Code (IRC), an increase of 2.8% compared to 2003, although the total number of NPOs
is unknown because religious organizations and other NPOs with incomes below $50,000
are not obliged to sign up with IRC. In 2014, the American non-profit sector contributed
more than $900 billion to the U.S. economy, representing 5.4% of GDP [1]. In Germany, the
European Union’s most economically developed country, the number of foundations has
been growing steadily since 2001. There are currently more than 21,000 foundations, 95%
of which are based on a non-profit principle [2]. As in Germany or the United States, the
number of NPOs is growing in the Czech Republic and the Slovak Republic. At present,
there are 135,394 NPOs in the Czech Republic, the majority include associations (99,784) and
branch associations (25,330) [3]. Similarly, there were 57,635 NPOs in the Slovak Republic
in 2020, with 52,945 civic associations (91.86%), 3357 NPOs providing community service
(5.82%), 749 foundations (1.30%), and 584 non-investment funds (1.01%) [4].
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The research aims to design a reliable prediction model for estimating the financial
status of Slovak non-profit organizations using binary logistic regression. This research
presents a new perspective on the prediction of financial status in the Central European
region. This area is unknown because nonprofit financial management is typically shown in
U.S. nonprofits. Our model reflects some of the regional disparities compared to the foreign
models. The paper is divided into several sections, such as a literature review, methodology,
the results, discussion, and conclusions. First, we summarize the current knowledge of
failure prediction in the nonprofit sector as part of the nonprofit financial sector. Second,
we describe the sample, independent indicators, and methods as part of the methodology.
We use 14 independent indicators, broken down into quantitative and qualitative variables.
The qualitative variables include the legal form of the non-profit organization and the type
of nonprofit organization. Other indicators are financial indicators. These indicators were
selected based on a wide range of studies from previous research. The methodology consists
of several steps, such as outliers’ removal, multicollinearity analysis, and the design and
verification of the proposed model. We remove the outliers from the initial sample using the
Mahalanobis distance. The initial sample was divided into training and test sub-samples.
In addition, we identify multicollinearity using VIFE, to propose a reliable prediction model
for nonprofits. After these preparatory steps, we propose a prediction model using logistic
regression. This model was verified using a test sample. Third, the results show that
the logit model consists of four statistically significant indicators. The other indicators
are not statistically significant. These indicators include the debt ratio, operating margin,
equity ratio, and type of non-profit organization. The research demonstrates that high
debt levels increase the likelihood of a non-profit organization’s financial vulnerability. On
the other hand, other indicators reduce the likelihood of potential financial vulnerability
in the non-profit sector. The commercial non-profits are less vulnerable than the others.
In conclusion, we find that the model correctly classifies approximately 97% of all non-
profit organizations, based on a training sample and a test sample. Fourth, the discussion
compares our results with knowledge from previous research from regions other than
Central Europe. In addition, we explain the limitations of the research and potential
research in the future. Finally, we summarize the key findings. This research provides
relevant comprehensive knowledge of the financial status of non-profit organizations for
making prompt and responsible decisions in the decision-making sphere.

2. Literature Review

Non-profit organizations are the subject of scientific research from various perspectives,
the most important topics are the effectiveness assessment and the prediction of financial
vulnerability of the non-profit sector. For the increasing number of NPOs and the significant
cases of their bad financial management (management failure) in the non-profit sector, the
number of studies comparing the effectiveness of commercial and non-profit organizations
also increased [5]. Many NPOs need to implement their new programs efficiently, as the
public demand the efficient use of resources to meet their goals. In addition, Kliestik
et al. [6] argued that bankruptcy prevention is extremely important, because of the legal
and social changes in society. Another area of research focuses on the creation of models
assessing the financial vulnerability of NPOs. In the commercial sphere, the prediction of
financial health is commonplace [7], but the financial vulnerability of NPOs is still a new
area of research [8]. The financial health of NPOs is the least developed among public,
private, and non-profit organizations [9]. As the budget is the recommended tool for cash
management in the long-term horizon, Emerling and Wojcik-Jurkiewicz [10] focused on
performance budgeting in the public sector. In the Slovak Republic, many authors focus on
the prediction of financial health in the for-profit sector, such as Kovacova and Kliestik [11],
Valaskova, Kliestik, and Kovacova [12], and Svabova, Kramarova, and Durica [13], on other
hands Ren and Ren [14] proposed the original, combined moving average trading rule in
Max-Min strategy. Although most of the scientific literature deals with the evaluation of
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financial problems in the commercial sector, this issue is also attractive in the non-profit
sector for highly unstable and short-term cash flows [15].

The methodology for measuring the financial vulnerability in the non-profit sector is
analyzed by Tuckman and Chang [16]. Gilbert, Menon, and Schwartz [17], Zavgren [18],
and Jones and Mucha [19] also focus on estimating financial vulnerability. Their prediction
models are related to the commercial sector, but they were also adapted to the financial data
from a large database of social care providers [20]. Keating et al. [8] compare bankruptcy
models developed by Altman [21], Ohlson [22], and Tuckman and Chang [16]. These
authors have found that these models were not effective and reliable to predict financial
problems. They argue that the effective management of a NPO depends primarily on the
understanding of financial vulnerability. Most authors apply discrimination and regression
analysis to identify the financial problems of NPOs, but artificial neural networks are also
used. Blanton [23] applied neural networks in the health care area.

The financial vulnerability of NPOs is important for their management, current, and
potential contributors, and the communities in which the NPOs provide their services.
Sontag-Padilla, Staplefoote, and Morganti [24] summarized the literature review on finan-
cial sustainability in the non-profit sector in a broader sense of financial sustainability. On
the other hand, Tevel, Katz, and Brock [25] used the term financial vulnerability, which is
defined as the organization’s vulnerability to financial problems. Table 1 shows various
definitions of financial vulnerability used by other relevant authors.

Table 1. Definitions of financial vulnerability according to renowned authors.

Authors

Definition of Financial Vulnerability in the Non-Profit Sector

Tuckman and Chang [16]

Financial vulnerability represents the 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, then the non-profit
organization has a financial problem.

Greenlee and Trussel [26]

Financial vulnerability represents the decline in the proportion of expenditure to
revenue by more than 20% over three years.

Hager [20]

Financial vulnerability represents the non-disclosure of financial statements over
four years.

Trussel [27]

Financial vulnerability represents the decline in net assets by more than 20% over
three years.

Trussel, Greenlee, and Brady [28] Financial vulnerability represents the decline in net assets over three years.

Trussel and Greenlee [29]

Financial vulnerability represents the decline in net assets by more than 20% or
50% over three years, depending on prediction models.

Financial vulnerability represents the decline in the proportion of program
expenditure to revenue over three years.

Cordery, Sim, and Baskerville [30] Financial vulnerability represents the decline in net assets over three years.

Financial vulnerability represents the difference between revenue and expenditure
over three years.

Andres-Alonso, Garcia-Rodriguez, and

Romero-Merino [31]

Financial vulnerability represents the decline in net assets by more than 20% over
three years.

Financial vulnerability represents the decline in program expenditure by more
than 20% over three years.

Zhai et al. [32] summarized the key reasons for the financial vulnerability in the
nonprofit sector. They concluded that the main reasons are not only weak management
and inadequate accounting information systems, but also external constraints, personnel
issues, funding problems, and organization size.
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3. Research Methodology

In this section, we characterize the methodological procedure based on the analysis
of the current situation in Slovakia and abroad. We conclude that only a few authors deal
with the issue of NPOs in the Slovak Republic, focusing on the prediction of the financial
status of Slovak NPOs in non-profit financial management. Their research explains the
role of the non-profit sector in the national economy; in other words, they present a
macroeconomic perspective. For proposing the prediction model, we followed Cipra’s
general algorithm [33]. However, we use a modified algorithm that showed the distribution
of the initial sample to the training and test sample. Figure 1 shows the overall process of
designing the prediction model.

Theoretical and empirical
knowledge

}

Data collection

l

Identification of input variables

}

Identification of outliers

|

Random sample distribution

l

Training sample

|

Identification of multicolinearity

|

Selection of statistical method <

l

Model creation

l

Verifying model accuracy

l

Model validation

L

Is prediction
~model good?

YES l

Identifying significant
independent variables

l

Results interpretation

v

Testing sample L

NO

Figure 1. Algorithm for Prediction Model Design.
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The methodology consists of several steps, such as the identification of independent
variables, removal of outliers from the initial sample, division of the sample into training and
test samples, analysis of multicollinearity, design of the prediction model, and evaluation of
the model. We identify the outliers using the Mahalanobis distance. The final sample consisted
of 295 non-profit organizations divided into a training (80%) and a test sample (20%). The
training sample was used to model and identify statistically significant variables to estimate
the probability of financial vulnerability in the non-profit sector. On the other hand, the test
sample served to verify the proposed model. We analyze the multicollinearity between the
independent variables using VIF to reliably propose a prediction model in the nonprofit sector.
This analysis identifies the appropriate combination of the independent indicators. Finally,
we determine the overall accuracy of the classification of non-profit organizations.

We use financial and extra data on Slovak NPOs obtained from Amadeus [34], Fin-
Stat [35], the Ministry of Finance of the Slovak Republic [36], and the Ministry of Interior of
the Slovak Republic [4]. The financial data from the statements were written into MS Excel
to perform the financial analysis that included various variables, such as liquidity ratios,
activity ratios, debt ratios, profitability ratios, etc. These variables were used to create a
prediction model in IBM SPSS Statistics 28—Faculty Pack.

The initial sample consists of 310 foundations and 41 non-investment funds (a total
of 351). We exclude the 10 NPOs identified as outliers based on the Mahalanobis distance.
Subsequently, 46 NPOs were excluded because at least one of the independent variables
was not available. These organizations were most often excluded for a lack of operating
margin and equity. The sample of NPOs was divided into the training and test samples. The
training sample was used to create a prediction model and the test sample verified the ability
of the prediction model to estimate the financial status of Slovak NPOs. These organizations
were randomly divided into training and test samples. Moreover, a stratification of both
samples was performed, so that the vulnerable and invulnerable NPOs were proportionally
divided into both groups. The training sample consists of 236 organizations (80%), and the
test sample includes 59 organizations (20%).

We emphasize that Tuckman and Chang [16], Greenlee and Trussel [26], Trussel [27],
Trussel, Greenlee, and Brady [28], Trussel and Greenlee [29], Burde, Rosenfeld, and Sheaf-
fer [37], and Burde [38] identified relationships between the financial status and indepen-
dent variables, based on the theoretical background of non-profit financial management.
Current researchers focus not only on the identifying factors that affect financial vulnerabil-
ity but also on a comprehensive analysis of selected variables; revenue diversification is
most often applied.

Based on the specific Slovak conditions, extra quantitative variables were also selected
to predict the financial status of NPOs, namely the ratio of contributions from paid tax
to total revenues, the ratio of subsidies to total revenues, the liquidity ratio, the ratio of
non-current assets to total assets, and the ratio of commercial revenues to total revenues. In
addition, we use two pieces of non-financial information as categorical variables, namely,
the type of organization (divided into a commercial and non-commercial NPO), and the
legal form of the NPO (divided into a foundation and a non-investment fund). Table 2
shows the number of NPOs in terms of the relevant qualitative variables with coding in the
logit model.

Table 2. Dichotomous (independent) variable.

Total Coding
Commercial NPO 71 1.000
TYPKOD Non-commercial NPO 165 0.000
PRAFOKOD Foundation 206 1.000

Non-investment fund 30 0.000
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Table 3 shows all the independent variables that were tested in the logit model, as well
as the method of their calculation. Most of the indicators were chosen based on previous
research on the prediction of the financial vulnerability in the non-profit sector. These
indicators were used for potential comparison with other models. In addition, independent
indicators that were also included the contribution from tax paid to total revenues (CP-
TREV), the donation to total revenues (DOTREV), but also the qualitative variables, such as
the legal form of the non-profit organization and the type of non-profit organization. These
variables were used because the contribution from tax paid to total revenues and donation
to total revenues are the major funding sources for non-profit organizations in Slovakia. We
apply not only the financial indicators but also the dichotomous variables, such as the legal
form of the non-profit organization and the type of non-profit organization. We assume that
these variables are significant in estimating the likelihood of the non-profit organization’s
vulnerability. First, commercial non-profit organizations have a stable income from a key
donor, although revenue diversification is low. Second, foundations are better known than
non-investment funds for various potential contributors and donors; their budgets consist
of multiple sources.

Table 3. Independent variables.

Variables Acronym Formula/Factor
age of organization AGEORG age of non-profit organization (in years)
revenue concentration CONREV revenue concentration calculated by Herfindahl-Hirschman
Index (HHI)
contribution from tax paid to total revenues CPTREV contribution from tax paid/total revenues
debt ratio DEBRAT debt/total assets
dotation to total revenues DOTREV dotation/total revenues
equity ratio EQUREV equity/total revenues
liquidity ratio LIQRAT (current assets—current liabilities) /current assets
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
legal form of the non-profit organization PRAFO the legal form of the non-profit organization

commercial revenue to total assets SALREV

type of non-profit organization

(sales of products + revenues from services + revenues from
sold goods)/total revenues
TYPKOD non-commercial or commercial non-profit organizations

We formulate hypotheses based on the scientific question: “Which quantitative and
qualitative variables are statistically significant in the estimation of the financial status of
non-profit organizations using binary logistic regression?”

1. Hoageorg.- AGEORG does not have a statistically significant effect on the financial

status of NPOs.

2. Hoconrev- CONREYV does not have a statistically significant effect on the financial
status of NPOs.

3. Hocprrev. CPTREV does not have a statistically significant effect on the financial
status of NPOs.

4. Hoppprat- DEBRAT does not have a statistically significant effect on the financial
status of NPOs.

5. Hoporrev. DOTREV does not have a statistically significant effect on the financial
status of NPOs.

6. Hopgurev. EQUREV does not have a statistically significant effect on the financial
status of NPOs.

7. Horigrat- LIQRAT does not have a statistically significant effect on the financial status
of NPOs.

8. Hyrocass. LOGASS does not have a statistically significant effect on the financial
status of NPOs.
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9.  Honcuass- NCUASS does not have a statistically significant effect on the financial

status of NPOs.

10. Honwcass- NWCASS does not have a statistically significant effect on the financial
status of NPOs.

11.  Hooremar. OPENER does not have a statistically significant effect on the financial
status of NPOs.

12.  Hypraro- PRAFO does not have a statistically significant effect on the financial status
of NPOs.

13.  Hosarrev. SALREV does not have a statistically significant effect on the financial
status of NPOs.

14.  Hyryrkop. TYPKOD does not have a statistically significant effect on the financial
status of NPOs.

Logistic regression or discriminatory analysis are commonly used to create a predic-
tion model. These methods apply if the dependent variable is not a continuous variable
but a binary variable, in other words, a dichotomous or an alternative variable. In our
case, we model the financial status of the Slovak non-profit organizations. The financial
status represented a dependent variable broken down into an invulnerable and vulnerable
organization. This variable is a binary variable, the invulnerable organization is coded as 0
and the vulnerable organization is coded as 1. Logistic regression is a relevant screening
tool for determining the failure probability of nonprofit organizations because the model
provides prompt knowledge on the comprehensive nonprofit financial management for
current and potential business partners. The advantage of logistic regression is in iden-
tifying the coefficient size of the relevant predictor with its direction. This approach is
easier to implement and interpret. On the other hand, logistic regression can only be
used to predict discrete functions. Moreover, this tool requires that each data point be
independent of all the other data points. In our research, the logit model was based on
studies by Chan [39], Stankovicova and Vojtekova [40], Zhou and Elhag [41], Soo-Seon [42],
and Kasgari, Salehnezhad, and Ebadi [43].

X

= logisti =—— 1
p = logistic(x) Tre 1
or
b P
Prob(Y = g|X) = 2
( 8lX) 14 eXP2apexBs ... fexBx @
where:
Prob—default probability,
X1, X2, ... , Xk—independent variables,

B1, Bo, ..., Pr—rcoefficients estimated by the model [44].

The alternative methods include discriminant analysis, decision trees, or advanced
tools such as neural networks, machine learning, ensemble models, and more. These
advanced methods are used to achieve better performance metrics and the classification of
invulnerable and vulnerable organizations. Nevertheless, these approaches are difficult
to interpret for making prompt decisions. Some of the studies use survival analysis as
an alternative tool to determine the critical period before potential corporate distress,
especially in the private sphere as opposed to the non-profit sector.

4. Results

First, we identify the outliers based on the Mahalanobis distance. For each NPO, the
Mahalanobis distance was compared to the Chi-square distribution with the given degrees
of freedom, which are given by the number of independent variables. The significance
level was set to 0.001. If the calculated p-value was less than the significance level, the
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observation represented the outlier, and it was necessary to remove it from the initial
sample. The p-value for each observation was calculated as:

p-value =(1 — cdf.chiq (MD, p)) (©)]

where:

MD—Mahalanobis distance,
p—number of independent variables.

If
p-value = (1 — cdf.chiq (MD, p)) < 0.001 4)

then this observation is a multi-dimensional outlier. The results show that 10 observations
(NPOs) must be excluded from the initial sample. Tabaschnick and Fidell [45] claim that
the outliers are removed at this level of significance.

We emphasize that the total sample was divided into the training and test samples;
each sample contained the same percentage of invulnerable and vulnerable NPOs. The
training sample contained 219 invulnerable and 17 vulnerable NPOs, the test sample
included 55 invulnerable and 4 vulnerable NPOs.

Subsequently, we analyze multicollinearity for a suitable selection of independent
variables. Rimarcik [46] recommends that the multicollinearity verified using Variance
Inflation Factor (VIF) be less than 10. As can be seen from Table 4, there was no multi-
collinearity among the independent variables. These variables can be used to estimate the
financial status of NPOs. The multicollinearity is calculated based on the training sample.

Table 4. Multicollinearity.

Collinearity Statistics

Model Tolerance VIF
CONREV 0.822 1.216
OPEMAR 0.729 1.372
DEBRAT 0.243 4122
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

Model creation. Table 5 shows the difference between the so-called null model with
the constant and the model with the independent variables. Before assessing the statistical
significance of the independent variables, we assess the significance of the prediction model.
Table 5 shows the significance of the prediction model in the first and last steps. Although
all the steps are not statistically significant, removing an independent variable does not
significantly reduce the Chi-square statistics. The model for a comprehensive assessment of
the financial status of NPOs is statistically significant at the significance level of & = 0.05. The
resulting model consists of four independent variables based on the degree of freedom (df).
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Table 5. Omnibus Tests of Model Coefficients.

Chi-Square df Sig.

Step 89.134 14 0.000

1 Block 89.134 14 0.000
Model 89.134 14 0.000

Step —2.216 1 0.098

11 Block 83.032 4 0.000
Model 83.032 4 0.000

The model should explain the highest degree of pseudo-variability. Depending on
the method used, not only the above-mentioned backward stepwise method but also
the forward stepwise method, this pseudo-variability can be explained using statistical
metrics such as —2 Log-likelihood, Cox and Snell R Square, and Nagelkerke R Square.
Forward stepwise and backward stepwise methods are based on different principles of
assigning and excluding independent variables. The forward stepwise means the gradual
inclusion of independent variables on the back-exclusion principle, while the backward
stepwise means the gradual removal of independent variables based on the back-exclusion
principle. Since the coefficient of determination cannot be used for logit regression models,
the pseudo-R-Squared measures should be used. The Cox and Snell R Square reaches a
theoretical maximum value of less than 1, but the Nagelkerke R Square statistic covers
the full range from 0. This metric is the preferred statistic for assessing pseudo-variability.
If the Nagelkerke R Square statistics reach 1, then the model is perfect. In the case of —2
log-likelihood, the lower value is preferred [47].

The results show that 73.4% of the pseudo-variability is explained by the proposed logit
model. Various combinations of independent variables, methods for assigning independent
variables to the model, and different pattern distributions for training and test samples were
tested. Table 6 also reveals the model based on the forward stepwise principle. This model
explains only 53.4% of the pseudo-variability; we conclude that the backward stepwise
model better explains the pseudo-variability.

Table 6. Model Summary.

Backward Stepwise Forward Stepwise
Step —2Log Cox and Snell Nagelkerke R —2Log Cox and Snell Nagelkerke R
Likelihood R Square Square Likelihood R Square Square
1 33.051 0.315 0.778 73.735 0.186 0.459
2 33.098 0.314 0.778 64.860 0.216 0.534
3 33.172 0.314 0.777
4 33.232 0.314 0.777
5 33.332 0.314 0.776
6 33.475 0.313 0.775
7 33.852 0.312 0.773
8 34.180 0.311 0.770
9 35.272 0.308 0.762
10 36.938 0.303 0.750
11 39.154 0.297 0.734

Table 7 shows all the statistically significant independent variables at the significance
level of & = 0.05. The logit model consists of the operating margin (OPEMAR), the debt ratio
(DEBRAT), the equity ratio (EQUREV), as well as the type of NPO (TYPKOD). All the inde-
pendent variables, except DEBRAT, have a positive effect on reducing financial vulnerability.
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Table 7. Variables in the Equation.

95% C. 1. for Exp (B)

B S.E. Wald df Sig. Exp (B)
Lower Upper
OPEMAR —2.479 0.916 7.318 1 0.007 0.084 0.014 0.505
DEBRAT 3.543 1.119 10.025 1 0.002 34.564 3.857 309.772
EQUREV —3.371 1.237 7.423 1 0.006 0.034 0.003 0.388
TYPKOD —5.344 2.728 3.838 1 0.049 0.005
Constant —2.750 0.643 18.271 1 0.000 0.064

We find that the most significant independent variable was DEBRAT (p-value = 0.002),
while the least significant variable was TYPKOD (p-value = 0.049). This dichotomous
variable divides the NPOs into two groups, commercial and non-commercial organiza-
tions. Non-profit organizations are divided according to the Forum dércu [48], where a
NPO founded by one or more legal entities is a commercial NPO. All the variables are
statistically significant in the logit model. In addition to DEBRAT and TYPKOD, OPEMAR
(p-value = 0.007) and EQUREV (p-value = 0.006) are also included in the prediction model.
The constant is statistically significant with p-value less than 0.001, as well.

DEBRAT is the only variable that has a positive effect on increasing financial vul-
nerability, as the 3-coefficient is 3.543. The other three variables, OPEMAR, EQUREYV,
and TYPKOD, have a positive impact on the reduction of financial vulnerability, with
TYPKOD having the greatest weight in reducing financial vulnerability, as the 3-coefficient
is —5.344. This result can be interpreted as meaning that a corporate NPO is less likely to be
financially vulnerable compared to a reference group (a non-commercial NPO). EQUREV
and TYPKOD reduce financial vulnerability because the 3-coefficient is —3.371. On the
other hand, OPEMAR has the smallest impact on the reduction of financial vulnerability in
the prediction model because the B-coefficient is only —2.479.

In our case, all the Exp (B) values are less than 1, except DEBRAT, which means that
these variables reduced the probability of financial vulnerability. The most prominent vari-
able is TYPKOD. Moreover, we emphasize that the commercial NPO achieves a lower risk
of financial vulnerability than the non-commercial NPO (reference variables). The results
show that, if the NPO is corporate, then the probability of financial vulnerability decreases
by 99.5%, assuming ceteris paribus. In other words, if a NPO is not a commercial NPO,
the organization has a high precondition for achieving financial vulnerability. EQUREV
provides a similarly positive impact on decreasing the likelihood of an NPO's financial
vulnerability, by almost 97%. On the other hand, the lowest decrease in the probability of
financial vulnerability is caused by OPEMAR. We identify a decrease of more than 90%
because Exp(B) reached 0.084 with a confidence interval of 0.014 to 0.505. The proposed
logit model consists of four variables, including an intercept. Chan [39] recommends an
intercept in a logit model, in the same way as other authors, because the intercept represents
a “basket”. All the unexplained effects in the model are collected in this basket.

We conclude that for Slovak NPOs, the operating margin (OPEMAR), debt ratio
(DEBRAT), equity ratio (EQUREV), and type of NPO (TYPKOD) variables are relevant for
estimating their financial status. The prediction model for estimating the probability of
financial status of Slovak NPOs is:

logit (p) = h(%) — —2.750—2.479-OPEMAR + 3.543- DEBRAT

®)
—3.371-EQUREYV — 5.344-TYPKOD(1)

or
1

M-index = —2.750—2.479-OPEMAR + 3.543-DEBRAT %
—3.371-EQUREV — 5.344- TYPKOD(1)

M = (6)
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To assess the accuracy of the logit model, we apply the ROC curve, which is a relevant
diagnostic tool for measuring the accuracy of the prediction model. Table 8 shows the
number of observations (NPOs), divided into vulnerable and invulnerable NPOs.

Table 8. Case Processing Summary.

Financial Status Valid (N)
Vulnerable NPO 17
Invulnerable NPO 219

77

Table 9 consists of four sections showing “true positive”, “false negative”, “true
negative”, and “false positive”. The NPOs with financial vulnerability should be correctly
classified as positive, but some of them are classified as negative. On the other hand,
NPOs without financial vulnerability should be classified as negative, but some of them are
classified as positive. Table 9 shows the overall accuracy of the logit model, which predicts
the financial status at the threshold value of 0.5.

Table 9. Classification table 2.

Predicted Financial Status Percentage Correct

Observed S
Invulnerable NPO Vulnerable NPO (%)
Fi ial Invulnerable NPO 217 2 99.09
inancial status Vulnerable NPO 5 12 70.59
Overall Percentage 97.03

a The cut value is 0.500.

Table 9 shows that the model correctly classifies 12 vulnerable NPOs out of 17, repre-
senting a 70.59% success rate. In addition, the model correctly classifies 217 invulnerable
NPOs from 219 organizations, representing a 99.09% success rate. The overall success rate
of the prediction model is calculated as the portion of correctly classified organizations,
which is 229 out of 236 NPOs, representing 97.03%. In addition, we focus on the error rate
in the classification.

Table 9 also shows the calculation of Type I errors and Type II errors. According to
Umer [49], Type I error, also called an alpha error, occurs if a vulnerable organization is
predicted to be invulnerable. It is calculated as:

number of vulnerable organizations
that are predicted to be invulnerable

®)

Type I error = -
number of observations

that are classified as invulnerable

On the other hand, Umer [49] explains that a Type II error, also called a beta error,
occurs if an invulnerable organization is predicted to be vulnerable. It is calculated as:

number of invulnerable organizations
that are predicted to be vulnerable

©)

Type Il error = -
number of observations

that are classified as vulnerable

The total error is calculated as the quotient of the sum of Type I errors and Type II
errors and the total number of observations in the sample.

We find out that the level of Type I errors is 2.25%, which is the ratio of 5 to 222 organizations,
the level of Type II errors is 14.29%, which is the ratio of 2 to 14 organizations. We further
emphasize that a lower level of Type I error is positive for the public because it eliminates costs.
The costs represent the loss of truth and interest for the banks. The total error is 2.97%.
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Each point on the ROC curve represents a pair of sensitivity and specificity that
corresponds to a decision threshold.

Figure 2 shows the ROC curve (blue line) and the threshold line (red line) distinguish-
ing organizations into two diagnostic groups: the vulnerable and invulnerable NPOs. In
addition, Figure 2 shows that the area under the curve is statistically significantly different
at the threshold value of 0.5 at the p-value less than 0.000, which is less than the signifi-
cance level of o = 0.05. In other words, the logit model statistically significantly classifies
financially vulnerable and invulnerable NPOs.

ROC Curve

10 /

08

06

Sensitivity

04

00 02 04 06 08 1.0
1 - Specificity
Figure 2. ROC curve.
Table 10 shows that the ROC results achieve almost 97.5% of all the possible pairs of
NPOs with financial vulnerability or invulnerability with a confidence interval of 94.2 to

100%, which are correctly classified. The optimum sensitivity (specificity) and specificity
are obtained from a point located at the top left corner.

Table 10. Area Under the Curve.

Area

Asymptotic 95% Confidence Interval

Std. Error 2 Asymptotic Sig. P
ymp & Lower Bound Upper Bound

0.975

0.017 0.000 0.942 1.000

2 Under the nonparametric assumption; ® Null hypothesis: true area = 0.5.

Model validation. We believe that a prediction model should be created based on a
comprehensive approach. This idea also includes the validation of the prediction model on
a test (random) sample that consists of 59 NPOs. Table 11 shows that the model correctly
classifies 54 out of 55 invulnerable organizations (98.18%), and three out of four vulnerable
organizations (75%). The results show that the prediction model correctly estimated 57 out
of 59 NPOs, representing 96.61%. In addition, we find that the Type I error is 1.82%, which
is the ratio of 1 to 55 organizations, and that the Type II error is 25%, which is the ratio of 1
to 4 NPOs. The total error is 3.39%.
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Table 11. Classification table based on the test sample 2.

Predicted Financial Status

Observed Percentage Correct
Invulnerable NPO Vulnerable NPO (%)
Fi ial Invulnerable NPO 54 1 98.18
nancial status Vulnerable NPO 1 3 75.0
Overall Percentage 96.61

a The cut value is 0.500.

This result is achieved by a 13-fold higher number of invulnerable NPOs compared to
vulnerable NPOs. The model correctly estimates 75% of the vulnerable organizations as
the test sample contains only 4 organizations out of 21 NPOs.

5. Discussion

We extend the current knowledge about non-profit financial management based on
research results, then confront our results with results from foreign studies, mostly from
American authors. In addition, we point to the topicality and relevance of the research and
describe its limitations in the research. We also propose possibilities for further research,
especially in predicting the financial status of Slovak NPOs.

The topic of prediction of NPOs is an unexplored area in the Slovak Republic, but
also in Central Europe. In this paper, we draw from various studies by Tuckman and
Chang [16], Greenlee and Trussel [26], Trussel [27], Trussel, Greenlee, and Brady [28],
Trussel and Greenlee [29], Omar, Arshad, and Razali [50], and Tevel, Katz, and Brock [25]
looking for significant variables in determining the financial vulnerability from a statistical
perspective. From our point of view, we consider the most important study to be the study
by Tuckman and Chang [16], from which most of the subsequent authors proceed.

Table 12 shows the independent indicators which are statistically significant in esti-
mating the financial status of Slovak non-profit organizations, using the logit model. The
results show that DEBRAT, EQUREV, OPEMAR, and TYPKOD are statistically significant
indicators in contrast to others. The research identifies that high debt levels increase the
likelihood of a non-profit organization going bankrupt. Other statistically significant indi-
cators have a positive impact on the financial status. In addition, we find that commercial
non-profit organizations are less vulnerable non-profit organizations.

Table 12. Hypothesis summary.

&

Acronym H;

AGEORG
CONREV
CPTREV
DEBRAT
DOTREV
EQUREV
LIQRAT
LOGASS
NCUASS
NWCASS
OPEMAR
PRAFO
SALREV
TYPKOD

AN N N N N NN

v

We conclude that many authors have a different view of financial vulnerability. Fi-
nancial vulnerability is explained by net assets, the ratio of expenditure to income, and
other significant variables over a period. In our case, the financial status means invul-
nerable and vulnerable NPOs, and the vulnerable NPO is in liquidation. Moreover, we
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find that many variables from foreign authors also have a significant impact on the Slovak
non-profit sector, but not all the models are applicable to Slovak NPOs, namely Greenlee
and Trussel [26], and Trussel, Greenlee, and Brady [28], because of the inability to calculate
administrative costs. On other hand, the other two models can be quantified by Trussel [27]
and Trussel and Greenlee [29] if we adjust the calculation of revenue concentration for
Slovak NPOs. As mentioned above, this modification can be completed by calculating the
revenue concentration using the HHI of the individual aggregate revenue items from the
income statement.

Table 13 reveals that an increase in equity to total income has a positive impact
on reducing the likelihood of a non-profit’s vulnerability, in contrast to Greenlee and
Trussel [26]. This indicator is not statistically significant in other prediction models. On
the other hand, the logit model for the Slovak non-profit organizations does not include
income concentration, unlike all the other indicators. In other words, revenue concentration
has no impact on the potential problems in decision-making, such as the non-profit’s size.
The administrative costs are not included in our research for specific financial statements.
The debt ratio is like the other models, except for Greenlee and Trussel [26]; this variable
increases the likelihood of non-profit organizations’ vulnerability. Our research shows
that a significant variable is also a qualitative variable describing the type of non-profit
organization divided into commercial and non-commercial organizations. The results show
that commercial non-profit organizations are less vulnerable than other organizations. The
companies that establish non-profit organizations are “angels with protective wings” above
a non-profit organization. We find that several indicators from previous research also
have a significant impact on the Slovak non-profit sector. However, EQUREYV is the only
indicator that has a different impact on financial status than Greenlee and Trussel [26].

Table 13. Comparison of the proposed model with foreign models.

Greenlee and Trussel, Greenlee, Trussel and
Trussel [26] Trussel [27] and Brady [28] Greenlee [29] Our Model

Intercept —3.0610 0.2475 0.7754 1.4398 —2.750
EQUREV 0.1153 —-3.371
CONREV 1.2528 0.8402 0.1496 0.07654
ADMCOS —2.2639 0.1256
OPEMAR —3.4289 —1.3527 —2.8419 —5.2450 —2.479

SIZE —0.1396 —0.1665 —0.1594
DEBRAT 1.1088 0.9722 0.9754 3.543
TYPKOD —5.344

Greenlee and Trussel [20] argue that the relevant variables are equity, revenue concen-
tration, administrative costs, and operating margin. In our case, we do not use administra-
tive costs, on the other hand, the revenue concentration is calculated differently from the
original studies by foreign authors. This variable is calculated as the HHI of each aggregate
revenue item from the income statement. This difference is related to a different number of
revenue items in the Slovak income statements. If Slovak legislation would require detailed
donor information, then HHI could be calculated with high accuracy. The administrative
costs are excluded because this accounting item is not explicitly mentioned in the Slovak
financial statements compared to the US financial statements. Other variables, operating
margin, and equity are included in our research. In this model, equity has a positive
[-coefficient, which means that the variable increases the risk of financial vulnerability.
However, we find that this variable has a different effect on the financial vulnerability
of Slovak NPOs. We find that the (3-coefficient is —3.371; this variable also has a greater
impact on the reduction of financial vulnerability because this coefficient is several times
higher than in the Greenlee and Trussel model [26]. Thus, this result demonstrates that the
risk of financial vulnerability decreases with the increase in equity (inverse relationship). In
our logit model, the operating margin reaches the second smallest 3-coefficient among all



Mathematics 2022, 10, 2162

150f18

the models, with the Greenlee and Trussel model [26] reaching its highest value of —3.4289.
In both cases, we realize that the equity and operating margin have a positive impact on
reducing financial vulnerability, but with different intensities. The operating margin in the
Greenlee and Trussel model [26] has the greatest impact on reducing financial vulnerability,
while in our model the 3-coefficient is at its lowest level compared to the other variables in
the proposed logit model. The operating margin has a similar impact as in the Greenlee
and Trussel model [26]. In our model, these variables have a different impact on financial
status, demonstrating that Bgqurgy is —3.371, on other hand Greenlee and Trussel [26]
present a prediction model with a (3-coefficient at 0.1153.

We include the revenue concentration in our research, but this variable is not statis-
tically significant. On other hand, the debt ratio has a significant impact on increasing
the vulnerability of NPOs because the 3-coefficient is 3.543 in our model compared to the
[-coefficients from foreign authors. In the compared models, this variable has a much
lower impact, as the values are about 1 & 0.1. In our case, the increase in the debt ratio
harms the financial status, as in the other models presented. In other words, the increase in
the debt ratio has negative effects. This result is not surprising compared to our general
expectations. We remind that we do not include the variable, size (assets), but the logarithm
of assets for giant differences in total assets. In this case, we prefer the logarithm of assets
compared to the absolute variable (assets), based on the recommendations by Szymanski,
Puyvelde, and Jegers [51], but this variable is not statistically significant in the logit model.

Trussel [27] applies the same variables as in previous models, but the model is extended
by a qualitative variable, according to the classification of economic activities. We do not
include this variable in the initial group of independent variables. The reason is that
the original sample consists of 351 NPOs operating in similar areas, according to SK
NACE. In the case of the non-profit sector, there is no significant difference compared
to the commercial sector. In addition, a substantial proportion of the NPOs operate in
88.990—other social care without accommodation, according to SK NACE. In this model,
we consider a significant variable—operating margin—as in previous models based on the
[-coefficient. In another model by Trussel, Greenlee, and Brady [28] only the 3-coefficients
are changed, while the operating margin and asset size have a greater impact on the
reduction of financial vulnerability, on the contrary, the revenue concentration and debt
ratio have a lower impact on the increase of vulnerability, compared to the previous model.

In addition to these variables, we apply a specific variable for Slovak NPOs, namely
TYPKOD (the type of NPO divided into commercial and non-commercial NPO). If an
organization is a non-commercial NPO (reference variable) then the probability of financial
vulnerability is not reduced. On the other hand, we emphasize that the commercial
(corporate) NPOs are more resistant to financial vulnerability.

The logit model differs in the specific variable type of the NPO compared to other vari-
ables. This model contains variables with other 3-coefficients that reflect the current Slovak
non-profit sector. This approach is applied to modern science in complex applications, such
as robotics, industrial systems, and support systems for decision making.

6. Conclusions

The main aim of the paper was to propose a tool for assessing the financial status
of Slovak NPOs using a logit model based on data on Slovak NPOs published in their
financial statements. We design models based on a comprehensive analysis of the Slovak
non-profit sector. This analysis helps to estimate the probability of the financial status
of NPOs. Moreover, this research identifies key reasons for the financial vulnerability
of NPOs. We believe that this paper extends the current knowledge on predicting the
financial vulnerability of NPOs based on research results from Central Europe. In general,
forecasting is an important planning and decision-making tool in all areas, as the estimates
of financial variables and relationships are important to make the relevant model.

The model serves as a decision-making tool for potential contributors and donors.
These donors choose stable non-profit organizations with a wide range of projects focusing
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primarily on social and health care, human rights advocacy, and other areas that are less
interesting to the commercial sector. The results show that the commercial non-profit orga-
nizations are less financially at risk for stable incomes supporting regional and community
projects. In addition, this model provides a comprehensive overview of the financial status
of non-profit organizations for potential business partners, such as banks, suppliers, and
others. The importance of the model lies in screening and monitoring, as they often reveal
latent problems and provide feedback to managers and the public. Prediction models are
preferred by governmental and other grant decision agencies. Another group includes
creditors, who evaluate the creditworthiness of the NPO. The forecast complements the
ex-ante financial analysis of the NPO. We expect the proposed model to contribute to im-
proving the prediction of financial vulnerability in the non-profit sector because nonprofits
are typical of incompetent management. Top managers are not interested in nonprofits for
the low pay and benefits.

Limitations. We are fully aware of facing the objective and subjective constraints.
These constraints have naturally affected the research results. The research has several
limitations. First, the significant limitation was the lack of data on NPOs, in the form
of financial statements and other accounting information. Second, there was a relatively
low number of vulnerable NPOs, so there is some risk of impact on the results achieved.
Third, we considered the selection of relevant variables based on the current knowledge,
however, some of the financial variables could not be used for Slovak non-profit sector. The
reason is that the application of the relevant statistical methods does not allow the use of
organizations with incomplete variables. In other words, we have to consider selecting
variables to avoid reducing the number of NPOs in our sample. Fourth, the paper was
limited by the lack of scientific and professional publications by Slovak authors.

Future research. We believe that potential research on the prediction of NPOs can focus
on verifying proposed models for European NPOs based on the Amadeus data. If the
proposed model does not achieve good predictive power, then a new predictive model can
be created based on the quantitative and qualitative data of a wider range of European
NPOs. This tool will be positively perceived by the wider scientific and professional public.
Another possibility is to expand the number of independent variables to estimate the
financial vulnerability of NPOs. Furthermore, the impact of qualitative indicators can also
be considered, as most of the variables tested have a quantitative character in our research.

This paper provides stimulus to another option, which is to compare the results of a static
method (binary logistic regression) with the results based on a dynamic method (survival
analysis, namely, Cox regression) in designing a significant model for NPOs to predict financial
vulnerability in terms of probability estimation (binary logistic regression) and survival time
(survival analysis, according to Cox regression). Cox regression is a tool of nonparametric
survival analysis, but parametric survival analysis methods can also be applied. In addition
to these methods, parametric and other non-parametric methods are known, such as life
tables and Kaplan—-Meier estimates, which could be used in future research. Future research
can focus on the usage of existing predictive models in evaluating the Slovak or European
NPOs to compare their predictive power, but not all the prediction models are applicable, for
instance, models by Greenlee and Trussel [26] and Trussel, Greenlee, and Brady [28] cannot be
calculated for the inability to calculate administrative costs.
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