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Abstract: As historical data are typically unavailable for a start-up, risk assessment is always com-
plex and challenging. Traditional methods are incapable of capturing all facets of this complexity;
therefore, more sophisticated tools are necessary. Using an expert-elicited Bayesian networks (BNs)
methodology, this paper aims to provide a method for combining diverse sources of information,
such as historical data, expert knowledge, and the unique characteristics of each start-up, to esti-
mate the default rate at various stages of the life cycle. The proposed method not only reduces the
cognitive error of expert opinion for a new start-up but also considers the learning feature of BNs
and the effect of lifespan when updating default estimations. In addition, the model considers the
impact of investors’ risk appetite. Furthermore, the model can rank the most effective risk factors at
various stages. The receiver operating characteristic (ROC) curve was utilized to assess the model’s
explanatory power. Moreover, three distinct case studies were used to demonstrate the model’s
capabilities.

Keywords: start-up; Bayesian network; risk assessment; venture capital

1. Introduction

Start-ups do not generate significant cash flows in the early stages of the life cycle due
to their uncertainties (Trabelsi and Siyahhan 2020), and the survival rate of start-ups in the
first years is low (Pena 2002).

Due to the issue’s complexity, numerous studies have investigated it from various
angles. A study of defining and measuring failure in small- and medium-sized enterprises
(SMEs) was conducted by Altman (1968). However, the impact of investors’ risk appetite,
which plays a crucial role in risk taking, was not adequately considered. The problem’s
dynamic nature is also significant. Individualistic tendencies, for instance, are advantageous
in the beginning but detrimental in later stages (Tiessen 1997). Consequently, a success
factor in one stage may be a failure factor in subsequent stages (Marco van Gelderen et al.
2005). In addition, the effect of unknown risk factors and inherent industry-related risks
must be considered.

On the other hand, there are numerous general risk assessment methods, such as risk
failure mode and effect analysis (RFMEA) (Luppino et al. 2014) or intuitionistic fuzzy set
in FMEA (Chang and Cheng 2010), a multi-hierarchy grey method (Junchen et al. 2013),
probabilistic fuzzy system (Rudnik and Deptuła 2015), fuzzy analytic hierarchy process
(Yin et al. 2022), simulation-based risk interdependency network model (Guan et al. 2021),
and risk matrix (based on multi-criteria and multi-experts information) (Tian et al. 2018).
Nevertheless, these methods have drawbacks that emphasize the need to identify all failure
modes by identifying self-acting individuals, which can be problematic on a large scale.
The lack of sufficient data and the excessive sensitivity of the methods to data are other
drawbacks of existing methods for risk assessment in start-ups (Akhavan et al. 2021).

Considering the increase in venture capital investments (e.g., the value of investments
in the United States has increased more than tenfold between 2006 and 2021 (Statista 2022)),
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determining the failure rate of each type of investment is crucial for maximizing efficiency
and preventing the waste of funds. Consequently, probabilistic causal methods such as
BNs are suitable for assessing risk in start-ups. BNs are probabilistic graphical models
that provide a combination of variables and their probabilistic distribution function-based
relationships. Applying expert hypotheses accurately, modeling potential relationships
between causes and effects, establishing dependency relationships between causes of failure
(Fenton and Neil 2012), combining diverse types of data, and updating opinions about a
variable in response to new information are characteristics of BNs (Khodakarami and Abdi
2014).

This paper contributes to the literature by offering providing an operational and
practical framework based on BNs’ method for estimating the probability of start-up
default by considering the maturity and lifespan of start-ups, the effects of risk factors, and
unknown factors regarding the causes of start-up default. Because some investors, such as
venture capitalists, provide “know-how” and capital to early-stage firms (Klonowski 2010),
and they can accept a certain level of risk based on their experience, applying the effect of
investor risk appetite default is deemed the significant innovation of this article.

This paper is organized as outlined below. Section 2 discusses the SR (startup risk)
factors and how they can be measured. Section 3 explains the proposed BNs model’s
structure, including identifying the risks and their effects on start-ups, determining the
relationships between risk factors, assigning a table of marginal probabilities, and analyzing
the results. Sections 4 and 5 provide a validation framework and three examples of
risk assessments for start-ups in various industries and time periods. The final section
summarizes the conducted processes and suggestions for future research.

2. Literature Review

Most individuals associate the term risk with something negative. However, limiting
the concept of risk to negative outcomes is problematic, as it is frequently challenging to
differentiate between negative and positive results. For instance, failure may be costly and
undesirable in the short term, but it may lead to long-term improvements in performance
(Aven 2011). Therefore, this section presents a variety of risk definitions in the field of
innovation and start-ups. Subsequently, the applications of BN models for start-up and
innovation projects are investigated.

Hansson (2009) provides various definitions of risk as follows:

• An unintended event that may or may not occur;
• A reason for an unintended event that may or may not occur;
• The probability of an unintended event that may or may not occur;
• The expected value of an unintended event that may or may not occur;
• A decision is made under conditions where the probability of events is certain.

According to the definition of the Committee of Sponsoring Organizations of the
Tredway Commission (COSO), a risk is an event that may have a negative impact, while
an opportunity is an event that may have a positive effect. Nonetheless, risk analysts
may fail to recognize which threats and opportunities are inextricably linked. Whether an
occurrence is a risk or an opportunity is determined by its (possibly positive or negative)
consequences (Fenton and Neil 2012). For example, Li and Hasan (2020) presented two
concepts for risk: bankruptcy and termination of investor funds. In corporations, the
concept of bankruptcy is significant, and studies such as that by Altman (1968) and Altman
(2013) have proposed models for predicting corporate bankruptcy based on financial rates.
Altman et al. (2022) published one of the most recent articles on estimating the probability of
SME default. Using financial indicators, management, employee, and payment behavioral
variables, they proposed a new indicator (called the omega score) and enhanced the default
predictions model. In addition, their model categorized SMEs into three categories: healthy,
moderate risk, and high risk. The model was proposed using data from 2040 Croatian SMEs
examining 164 variables. Recently, researchers have started to examine the performance of
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SMEs from different perspectives including stakeholder relationship management (SRM)
(Dimitropoulos et al. 2019) and the influence of ethics and motivation (Koronios et al. 2019).

In many instances, however, the start-up may not require additional funding and will
continue to operate independently without failing. Consequently, the probability of default
is considered in this paper. The default of a start-up occurs when its founders recognize that
they have failed to achieve their objectives and will no longer attempt to do so. Notably, a
start-up’s lack of default status is not a positive display of its success, as a start-up may not
be successful even if it has not defaulted and will continue by bootstrapping.

Start-up risk was determined using the SHELL (Software, Hardware, Environment,
Live-ware, and People) method by Cantamessa et al. (2018). In this approach, the rela-
tionship between the model’s quadruple components and the start-up’s organizational
dimension is crucial. The evaluation was based on information from “Autopsy.io” and “the
CB Insights platform” containing data of 214 start-ups for which failure reports were avail-
able. It should be noted that the reasons for the failure of new businesses are based on the
founders’ perspectives (Cantamessa et al. 2018). Marco van Gelderen et al. (2005) tracked
517 individuals who started a new business during a three-year period to examine the
causes of start-up success and failure. Using logistic regression, the samples are analyzed.
According to this study, the success criteria of one phase of product development may not
apply to another phase, and the success criterion of a project in one phase may be the reason
for its failure in the next phase. Polishchuk et al. (2019) presented a fuzzy model to evaluate
the risk of environmental start-up projects in air transportation using twenty-one criteria
divided into five sections. However, there was no relationship between the lifespan of the
start-ups and the cause–effect relationships. Spoiala et al. (2020) presented a proper risk
management procedure for a manufacturing start-up’s activities. The risk was calculated
using the simple equation probability of failure multiplied by the severity of the impact of
the risk factor. Furthermore, the advanced methods such as fuzzy systems could be used
for risk assessment (Khanzadi et al. 2017); however, these methods are difficult for users
to implement. Other models, such as artificial neural networks, necessitate extensive data
experience and transparency.

In contrast, BNs are a method for graphically representing complex modeling of cause–
effect relationships and analyzing data and expert knowledge regarding uncertainty. In
addition, the graphical representation of this model can contribute to the evaluation of the
relationship between variables and can be especially useful when combining objective and
subjective data (Khanzadi et al. 2017).

BNs have been constructed using data- and knowledge-based methods. Data-based
methods are developed based on existing data (Heckerman 1997), whereas knowledge-
based approaches emphasize the significance of experts’ knowledge in building BNs. The
knowledge-based approach is more effective when the knowledge domain is extremely
complex, and data access is difficult (Nadkarni and Shenoy 2001). Ghasemi et al. (2018)
introduced a method for modeling portfolio risk analysis utilizing BNs. Their model
considers the connection and interdependence between risk factors. The risks associated
with independent projects were analyzed, the portfolio-level risks were examined, and the
probability of portfolio risk was estimated by using conditional probability distributions
and BNs. Using BNs methodology, Yet et al. (2016) proposed an overall risk assessment
structure to evaluate the project’s costs and benefits under various risk scenarios. This
model also combines numerous causal factors such as the impact of budget constraints,
uncertainty in cost estimation, time value of money, and risk. It was assumed that only one
risk factor would be considered initially. If the risk estimates were higher or lower than the
actual amount, the actual costs would be higher or lower than the estimates. Consequently,
the estimated costs were modeled using the difference between actual and estimated risks.

As part of the cash flow analysis, a BNs model was then developed to determine
the possible distribution of the key parameters. BNs were utilized by Kemmerer et al.
(2002) for improved decision making in VCs to predict investment programs’ success. In
addition, a causal map and a BNs technique were utilized to construct a causal Bayesian
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map. Hu et al. (2013) used BNs with causality constraints (BNCC) to analyze software
development project risk. A Bayesian network model proposed by Akhavan et al. (2021)
was evaluated for an early-stage innovative investment program. After identifying the risks
affecting start-ups and forming their relationships based on experts’ opinions, the results
were analyzed using conditional probabilities. Based on data from 247 questionnaires,
the most significant risks were identified, and the risk assessment result was evaluated
based on the degree of impact on net present value (NPV). However, this cannot fully
capture the reality of most start-ups due to the asymmetrical nature of start-up returns and
the insensitivity of traffic lights to respond to changes in the influencing variables. More
importantly, they do not consider the effect of a start-up’s lifespan in their assessment.

The most important criteria for a practical and general SR assessment model can be
summarized as follows:

• Developing a method for combining subjective and objective data (if available);
• The ability to model different types of risks such as industry-specific risks that are

known and unknown risks;
• Considering the dynamic behavior of a start-up during its lifespan;
• Being adaptable enough to be implemented in any start-up in any industry.

3. Materials and Methods

Bayesian networks provide a mechanism to model complex relationship between un-
certain variables. Combining subjective opinions with objective probabilities, probabilistic
reasoning, reasoning with incomplete data, and capturing cause–consequence relationships
are strong capabilities of BNs that make them suitable for start-up risk assessment.

This paper’s proposed framework for BNs is based on two-stage BNs adjustment.
A prototype model was created in the first stage to capture essential risk factors, their
various categories, and actual start-up conditions. The prototype model parameterizes the
variables and their states to reflect the typical behavior of start-ups. In the second stage, an
expert modified the prototype model to incorporate the specific information/conditions
of the new start-up with the BNs model. Combining the start-ups’ general data with the
new start-up’s specific condition enabled the model to estimate the probability of start-up
default. The structure of the prototype model is explained next, and the model is then
extended to other stages of a start-up’s lifespan.

3.1. Prototype Model of BNs

The prototype model described in the previous section aims to establish the general
start-up environment. Because probability elicitation is typically challenging (Andersen
et al. 2014), the prototype model assists experts in probability elicitation and reduces the
mental biases of experts towards risk factors. It also provides a mechanism for experts
to update their opinions based on the start-ups’ current state and helps them mitigate
essential risk factors. It offers a general prediction analysis for a typical start-up. The
process of general steps in designing the structure of the BNs and the initial adjustment of
the required parameters are based on Fenton and Neil’s (2012) paper.

3.1.1. Identifying Risk Factors

Identification of risk factors is the first step in any risk assessment process. Various
methods including brainstorming, document review, the Delphi method, and historical
data are suggested for risk identification (Asdi and Basuki 2021). In recent years, numerous
studies have attempted to identify SR in various environments and industries. Table 1
provides a summary of previous studies regarding risk factor identification.
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Table 1. Causes of start-up failure.

Reference Risk Factors

(Cantamessa et al. 2018) Product- Business model- Organization- Customer/user- Environment

(Bednár and Tarišková 2017)

Lack of money for further development- No need for a product/service in the market- No
investors- Cost Issues- Not the right team- Under development business- Lack of

enthusiasm- Ignoring customer’s opinions- Great power of competition- Unattractive
product- Pivot in the wrong- Burnout syndrome

(Akhavan et al. 2021)
Technology skills- Business skills- Manager commitment- Changes in customer needs-
Dependence on suppliers- Budget management- Development time until exploitation-

Industry life cycle- Quality- Exchange rate- Fixed capital- Network capital

(Bamford and Douthett 2013) Risks to profit margin- Risks to sales generation- Risks to operational financing- Risk
reduction and venture capitalists

(Proksch et al. 2016) Agency risk- Liquidity or financial risks- Technology risk- Market risk- Human resources
risks- Failure risk- Internationalization risk- Macro risk

(Keizer and Vos 2003)

Commercial viability risks- Competitor risks- Consumer acceptance and marketing risks-
Public acceptance risks- Intellectual property risks- Manufacturing technology risks- Project
management risks- Product family and brand positioning risks -Product technology risks-

Screening and appraisal risks -Supply chain and sourcing risks -Trade customer risks

(Cbinsights 2016)

Failure to pivot- Burnout- Did not use the network- Legal challenges- No
financing/investor interest- Failed geographical expansion- Lack of passion- Pivot gone

bad- Disharmony among team/investors- Lose focus- Product mistimed- Ignore customers-
Poor marketing- User un-friendly product- Product without a business mode- Pricing/cost

issues- Get outcompeted- Not the right team- Ran out of cash- No market need

(Gonçalves et al. 2014)
Financial (liquidity, profitability, debt coverage/payback and activity)- Human capital
(schooling, industry experience, management experience, success on previous projects,

business plan)- Industry Level (industry growth, entry rate, industry concentration)

This study adopts the identified risk factors by Cantamessa et al. (2018) because they
employed comprehensive and actual datasets from failed start-ups. Table 2 summarizes
the key factors and their sub-factors used in this paper.

Table 2. Failure factors of start-ups used in the proposed framework (Cantamessa et al. 2018).

Key Risk Factors Risk Subfactors

Software No/wrong business mode (S1) -Wrong positioning in the market (S2) -No product/market fit
(S3)- Loss of the original vision (S4)- Wrong customer development (S5)- Bad marketing (S6)

Hardware Lost focus on the product (H1)- Not feasible/sustainable (H2)- Bad quality (H3)- Product did
not evolve with the market (H4)

Environment Competitors were more able (E1)- Too many competitors (E2)- Investors not found (E3)- Lack of
funding (E4)- Political/economic/legal problems (E5)

Customer/user Few customers (C1)- Problems in customer acquisition (C2)- Unfaithful customers (C3)

Organization
Ran out of cash (O1)- Inexperienced management (O2)- No/wrong scaling (O3)- Bad

organization (O4)- Problems with team (O5)- Cofounder misalignment (O6)- Lack of business
development (O7)

3.1.2. The Network Architecture and Relationships between Risk Factors

It is recommended that, depending on the level of access to information, one of the
following approaches be used to define relationships between risk factors and build the
structure of the BNs:

• If the historical dataset of start-up default factors is complete, and access to the neces-
sary information is possible, identifying clusters of failure factors whose simultaneous
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occurrence leads to failure and identifying each of these clusters as a key factor in the
failure of start-ups using clustering methods is recommended (Paolo et al. 2014);

• In most cases, there is no suitable dataset for the clustering process; instead, an expert’s
opinion is utilized to determine the relationships between risk factors.

Because it is assumed that there are no historical data regarding a new start-up, the
second approach is utilized in this paper. In system reliability (Marvin Rausand et al. 2020),
the “m out of n” structure is used to model the effect of simultaneous factors on total
risk. Since a single factor rarely causes a start-up to default (Cantamessa et al. 2018), the
occurrence of multiple factors can result in a start-up failing. In other words, the start-up is
assumed to fail if at least “m” sub-factors occur simultaneously. The probability of failure
for each key-factor subnetwork is calculated using Equation (1).

Riski,m =
ni

∑
r=m

Risk(i, r) (1)

In Equation (1), “Risk(i,m)” represents the probability of failure for key factor(i),
and “Risk(i,r)” denotes the probability of failure for key factor(i) if precisely “m from ni”
subfactors occurred.

For example, Figure 1 shows one of the key factors of start-up failure (software factor).
There are seven subfactors for the software factor and two failure state occurrence scenarios
for each subfactor. Except for the “No product/market fit” and “No/wrong business
model” subfactors, all other subfactors in both scenarios are identical. In the first scenario,
the probability of “No product/market fit” is 12%, and the probability of “No/wrong
business model” is 8%, but in the second scenario, the likelihood of both subfactors is 100%.
Based on the structure “two of seven”, the probability of a software factor occurring in the
first scenario is 4.8%, and the probability in the second scenario is 100%. (This means that
at least two of the seven subfactors cause a total default.)
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Because there are additional risk factors (the effect of unknown/unidentified factors),
the “noisy-OR function” is used to calculate the effect of an unknown factor after calculating
the probability of occurrence of each known key factor. The true value of noise is unknown
in reality. Nonetheless, the optimal noise level can be adjusted based on the start-up
environment, industry, and degree of ambiguity. Thus, Equation (2) is used to calculate the
overall risk.

P(Risk Total) = 1−
n

∏
i=1

[1− P(Risk Total= true|Riski,m = true)(1− P(leak)) ] (2)
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In Equation (2), it is assumed that the start-up will default “P(Risk Total=true|
Risk(i,m)=true)=1” if any of the key factors for the default of “i” (when the P(leak) parame-
ter is zero) occur. However, the measures of “P(Risk Total=true|Risk(i,m)=true)” can be
altered for each key factor based on the initialization conditions. Figure 2 depicts the final
prototype BNs for SR.
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3.1.3. Assigning Node Probability Table to the Prototype Model

As shown in Appendix A, an expert modified the data from ref. (Cantamessa et al.
2018) using the prototype model presented in this paper. It summarizes the probability
of the occurrence of each subfactor for each of the four start-up lifespan periods. For
example, in the first row of the table, it is assumed that the probability of occurrence of the
“No/wrong business model” subfactor in the software key factor is 12% in the first period
(less than a year), 42% in the second period (between the second and third year), 23% in the
third period (between the fourth and fifth year), and 11% in the fourth period (more than
the fifth year). (These data are the input of the prototype BNs model for each subfactor.)

3.1.4. Lifespan Consideration

This consideration emphasizes that anthropomorphic analogy processes are distinct
from firm aging processes. For instance, 50% of new ventures fail within three to four years
of their founding (Coad 2016). As in Coad’s (2016) research, it is considered the start-ups
experience different phases during their lifespan (Bocken and Snihur 2020); therefore, the
survival rate of start-ups changes in stages. Each risk factor may influence the start-up
default differently over time. In other words, the probability of a risk factor’s occurrence
and its impact on a start-up may change as its phase progresses. For example, in the case
of the “Product did not evolve with the market” risk subfactor, the product was initially
designed based on the original market, but over time, the market requirement could change
or even no longer correspond to the needs of current customers. As a result, the probability
of this subfactor is lowest in the first period and rises in subsequent periods.
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As depicted in Figure 3, a start-up has four distinct phases as described by Cantamessa
et al. (2018) and Passaro et al. (2016). After estimating the probability of start-up default
for each period (Risk1, Risk2, Risk3, Risk4), the overall default rate of start-ups from the
current period forward is calculated (probability of non-survival). These are estimated
using Equation (3).

FR = 1−
[

4
∏
j=i

(1− Riskj)

]
i : The period in which the startup is located

(3)
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For example, in Equation (3), the overall default rate is estimated for a start-up in
its third year by applying the equation FR = 1 − [(1 − Risk3)(1 − Risk4)] after predicting
the probability of default for the third and fourth periods (Risk3 and Risk4). Lastly, as
illustrated in Figure 3, the prior probability of default for each period for the prototype
models Risk1, Risk2, Risk3, and Risk4 is set to 13%, 40%, 25%, and 12%, respectively.

3.2. Customizing the Prototype Model

The next step in estimating the risk of a new start-up is to tailor our assessment using a
combination of expert opinions (observations in the BNs) and general provided knowledge
about the probability of start-up default (i.e., prior probabilities in the prototype model).

4. Validation Framework and Discussion

In practice, achieving such a complete model validation may be challenging, especially
if the model does not yet exist (Hillston 2017). A common reason for employing the
BN model is the lack of data accessibility (Pitchforth and Mengersen 2013). The BNs
model is believed to be suitable for risk assessment because most start-ups are new, and
there is no confidence in historical data. There are three approaches to model validation:
expert intuition, real system measurements (RSM), and theoretical results/analysis (TR/TA)
(Hillston 2017). In this paper, the expert intuition validation method is utilized. RSM is
not used, as it requires too much time for accurate system measurements. On the other
hand, since there is no comparable risk assessment model with investor interaction, only
the mathematical formulas of TR/TA models are presented. In addition, the three aspects
including expert intuition should be considered during model validation: assumptions,
input parameter values and distributions, output values, and conclusions (Hillston 2017).

4.1. Assumptions

There are two main assumptions:

• If any of the following key factors occur, the start-up will fail:
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In this study, it is assumed that a set of minimum criteria, known as key factors, must
exist for the survival of any start-up. Consequently, the start-up will default if any of them
do not exist.

• The key factors occur if at least “m” of “n” subfactors eventuate:

The founders of start-ups typically attempt to find the solutions to solving the problems
(risk factors) if the number of problems is insignificant. In other words, start-ups will be
resilient to multiple risks. Moreover, start-up investors, such as venture capitalists, provide
“know-how” support in addition to financial issues (Klonowski 2010) and can accept start-
up risks based on their abilities in various areas. The “m” (sub-factor) parameter indicates
the investor’s risk appetite.

4.2. Input Parameter Values

One of the experts’ challenges in risk assessment is estimating each risk factor. This
article proposes creating a prototype model based on real historical data or using an average
of all start-ups. Then, based on the expert opinion, the ratios of each risk factor between
average and new start-ups are determined. This process produces input data with fewer
outliers.

4.3. Output Values

The mathematical structure of the BNs model is first proposed to validate the model
outputs. Case studies and sensitivity analysis will then be used to analyze the model
outputs. Figure 4 depicts the mathematical structure of the BNs model. All formulas used
in the BNs model are presented in this model.
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4.4. Receiver Operating Characteristic (ROC) Curve

For illustrating the estimation performance of the BN model, AUC-ROC was deployed.
The greater area under the curve (AUC) indicates that the model has a greater explanatory
power (Paraschiv et al. 2021). According to Paraschiv et al. (2021) and Altman et al. (2022),
AUC ∈ [0.7, 0.8) is deemed acceptable, AUC ∈ [0.8, 0.9) is regarded as excellent, and
AUC ≥ 0.9 is viewed as outstanding.
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In order to build the ROC graph, the information of 30 startups was analyzed, and 17 of
them with more than 4 years of age were selected. The result of the model in estimating their
default was evaluated with (P(leak) = 0, m = 2). (The summary is specified in Appendix E.)
The AUC of the model is equal to 0.76 and acceptable, as shown in (Figure 5).
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5. Case Studies and Results

The prototype model is meant to apply to any start-up (default rate). Upon evaluating
a particular start, the model interacts with the user to customize the necessary inputs and
parameters for estimating the specific default rate.

The model’s generalizability is demonstrated by presenting three case studies from
distinct industry stages and risk appetite levels. Subsequently, the model’s results are
evaluated to examine its behavior, as Pitchforth and Mengersen (2013) suggested. At
the conclusion of each case study, the sensitivity analysis of the model output (i.e., the
probability of failure in each period) relative to the selected critical parameters (i.e., m and
P(leak) in Tables 1 and 2) is assessed. The sensitivity analysis can be used to determine the
most crucial risk factor to avoid default.

In addition, the diagnostic features of the model (backward reasoning) were used to
revise the probability of “cause” nodes (risk factors in Figure 2) whenever an observation
was entered into “consequence” nodes (risk node in Figure 2). In addition, it is demon-
strated how an investor’s risk appetite can be modeled by setting the appropriate number
of affecting risk factors for each key risk factor (parameter “m” in Figure 4).

5.1. Start-Up X (IT Field)

This is a start-up in information technology (IT) tasked with developing a new applica-
tion. The start-up was founded three years ago. This system consists of three components:
materials and equipment, human resources, and the housing market. The start-up has
generated revenue but in an unstable manner. The start-up application for funding is
currently being reviewed. The investor expert provided their opinion on the probability of
failure after reviewing the feasibility studies report in Appendix B.

To adjust the unknown risk in the model, it uses experts’ opinions and considers the
state of the IT industry, so the value of P(leak) is set at 15%, and the parameter “m” is set to
two for all factors (known subfactors).

For sensitivity analysis of the impact of various factors in estimating the probabilities
of BNs failure, the “m” factor of the structure “m from n” and the amount of the noise
parameter (P(leak)) on the model outputs are used (Table 3). As shown in Table 3, the
parameter “m” significantly impacts the probability of start-up default. In other words, the
parameter “m” represents the risk appetite of the investment decision maker. The lower
the value of “m” (m = 2), the more risk-averse the investor and vice versa.



J. Risk Financial Manag. 2023, 16, 88 11 of 19

Table 3. The sensitivity analysis of the noise parameter and the structure “m from n” of start-up X.

m from n P (leak) Risk3 (%) Risk4 (%) FR (%)

m = 2 0% 46.12 37.98 66.58
m = 2 5% 48.81 41.08 69.84
m = 2 10% 51.51 44.18 72.93
m = 2 15% 54.20 47.28 75.85
m = 2 20% 56.89 50.38 78.61
m = 3 0% 7.12 4.82 11.60
m = 3 5% 11.77 9.58 20.22
m = 3 10% 16.41 14.34 28.40
m = 3 15% 20.05 19.1 35.32
m = 3 20% 25.7 23.86 43.43

After completing the BNs, the default probability for each period is estimated. Because
the start-up is at the end of the second period (Risk1 = 0, Risk2 = 0), the model predicts the
probability of default in the third and fourth periods to be Risk3 = 54% and Risk4 = 47%,
respectively, and the overall default probability of this start-up to be FR = 75.85% based on
Equation (3) (Table 3).

In many cases, investors and start-up founders seek to identify the factors that have
the greatest impact on a start-up’s defaulting. To this end, sensitivity analysis is conducted.
This enables them to prevent or reduce the incidence/impact of main risk factors via control
or preventative measures.

Figure 6 displays the result of a sensitivity analysis of influencing factors on Risk3 in
the form of a tornado graph.
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The top five significant subfactors identified were “competitors were more able”,
“political/economic/legal problems”, “lack of funding”, “investors not found”, and “too
many competitors”. The results demonstrate that environmental factors’ effects are greater
than other factors, as the risk surrounding stakeholders and competitors is greater than in
earlier stage. Therefore, the investee and investor should place more emphasis on the five
factors.

From another point of view, the investors tend to reduce the risk of the third period (as-
sumed to be about 46.6%). However, they cannot decrease the environment, user/customer,
and software risk factors (red box). As a result, other key factors (blue box) and sub-factors
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(white box) should be changed. Using the back propagation feature of BNs (Fenton and
Neil 2012), each sub-factor is determined as shown in Figure 7.
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5.2. Start-Up Y (Fintech Field)

This payment and money-transfer services start-up was founded more than a year
ago. It links the entire system by removing human intervention and intermediary factors
between buyers, sellers, and the banking system. This start-up was founded by three
young entrepreneurs and currently has two major competitors. The start-up generates
no significant revenue. The funding request for a start-up is under review. The expert’s
assessment of the probability of default, as summarized in Appendix C, was based on a
review of the feasibility study report.

To adjust the unknown risk in the model, according to the opinions of experts and
considering the current state of the fintech industry, it is unnecessary to use unknown
risk, and the value of P(leak) is 0%. “m = 2” is set as the parameter for combining known
subfactors.

The sensitivity analysis of the changes of the “m” factor of the structure “m from n”
and the amount of the noise parameter (P(leak)) on the model outputs are used to evaluate
the effect of various factors on the estimation of the default probabilities of BNs (Table 4).
As shown in Table 4, the parameter “m” substantially affects the probability of a start-up
default.

Table 4. The sensitivity analysis of noise parameter and “m from n” structure of start-up Y.

m from n P (leak) Risk2 (%) Risk3 (%) Risk4 (%) FR (%)

m = 2 0% 30 19 20 54.4
m = 2 5% 33 23 24 61.8
m = 2 10% 37 27 28 66.89
m = 2 15% 40 31 32 71.85
m = 2 20% 44 35 36 76.7
m = 3 0% 4 2 2 7.8
m = 3 5% 9 7 7 22.99
m = 3 10% 14 12 12 33.4
m = 3 15% 18 17 17 43.51
m = 3 20% 23 22 22 52.85
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After completing the BNs, the default probability for each period is estimated. Since
the start-up is currently at the end of the first period (Risk1 = 0), the model predicts
that the probability of default in the second, third, and fourth periods is 30%, 19%, and
20%, respectively. Based on Equation (3), the overall default probability of the start-up is
predicted to be FR = 54.4% (Table 4).

Figure 8 depicts the result of the sensitivity analysis of influencing factors on Risk2 in
the form of a tornado graph. The top five significant subfactors are “No/wrong scaling”,
“poor organization”, “inexperienced management”, and “lack of business development”,
respectively. In this start-up, the five most important subfactors are subfactors of the
organizational key factor (human factors). These results indicate that because the founder
of a start-up was young, the investor should be able to improve the human factors relevant
to the start-up founders. Consequently, start-up founders or investors should pay more
attention to the organizational key factor, especially in the second period.
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5.3. Start-Up Z (Telecom Field)

This start-up is active in the telecommunications industry. The E-learning service
was introduced four years ago. It provides the E-learning environment of classrooms
or meetings for companies, universities, or educational institutes. One of the start-up’s
strengths is a platform that provides a customized E-learning environment. The start-
up was self-funded and currently has a positive cash flow, but it needed to develop its
infrastructure, including servers. The expert’s assessment of the probability of default, as
summarized in Appendix D, was formulated after reviewing the feasibility report. Because
there are few unidentified risk factors, the P(leak) is set at 10%.

The investor in start-up Z has a distinct risk appetite for each key factor. It can be more
tolerant of environmental risk factors than software ones. Therefore, the environmental
factor’s “m” factor is greater than the software factor’s “m” factor. In light of the investor’s
risk appetite, “m” for the environmental factor equals four, “m” for the software factor
equals two, “m” for the hardware factor equals three, “m” for the customer/user factor
equals two, and “m” for the organization factor equals three. Since the start-up is in its
fourth period (Risk1,2,3 = 0), the model predicts that the probability of default is 16% for
Risk4. The overall default probability of this start-up is predicted as FR = 16% based on
Equation (3). In the alternative scenario, the Risk4 and FR are 24% if “m” parameters for all
factors equal 2.
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Figure 9 depicts the result of the sensitivity analysis of influencing factors on Risk4 in
the form of a tornado graph. The top five significant subfactors were “no traction”, “poor
marketing”, “wrong customer development” and “wrong market positioning”, respectively.
These risks pertain to the non-physical aspects of start-ups and encompass, from a business
standpoint, all aspects aimed at ensuring the market success of the start-up’s services
(Cantamessa et al. 2018). It appears that the risk associated with this start-up is low because
it is in the middle of its life cycle.
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5.4. Managerial Implications

Clearly, launching a new start-up involves a high degree of risk. The assessment of
start-up risk is intricate, dynamic, and multidimensional. Various stakeholders are involved
in the investment procedure, including venture capital managers, crowd-funding platform
managers, angel investors, internal evaluators, and the start-up owner. The proposed
framework integrates various information to aid decision makers. Internal evaluation and
portfolio management are considered in the selection of start-ups. Consequently, it can
assist investors in making more informed decisions, increase productivity, and reduce
cognitive errors. In addition, by incorporating new evidence or data (observation), the
framework refines or updates the default rate at various stages of a start-up’s development.
This will provide a practical method for monitoring the investment process.

6. Conclusions

This study established a new framework based on Bayesian networks for estimating
the probability of default for a new start-up. It captures important issues that must be
considered, such as the combination of various factors and sources of uncertainty, the
stage/age of a start-up, unknown risks, and the impact of investor risk appetite. The
model’s applicability was discussed using three case studies. In each stage of a start-up’s
life cycle, the model illustrates how the relative importance of risks and their effects can
fluctuate. In addition, the model determines if investors wish to reduce a start-up’s default
rate to a particular level and which factors should be altered. This will enable decision-
makers in the VC industry to have a better and more accurate understanding of the
start-up’s evolution, enabling them to make better decisions. To improve the explanatory
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power of the model in future research, additional empirical research is required to expand
the model to specific industries and locations.

Moreover, combining the result of our estimation with portfolio credit risk models
is recommended (Kemmerer 2006). Another aspect that can be added to the model is the
impact of general support policies such as subsidies, anti-crisis funds, and grants on the
survival of start-ups (Srhoj et al. 2019). Future research is encouraged to evaluate the effect
of these circumstances on the model’s results.
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Appendix A

Table A1. Summary of data for elicitation of NPT for the prototype model.

Key Risk Factors Risk Subfactors

Node Probability Table for the Prototype Model (%)

Period 1
(year < 1)

Period 2 (1
≤ year < 3)

Period 3 (3
≤ year < 5)

Period 4
(year ≥ 5)

Software

No/wrong business model (S1) 12 42 23 11
Wrong positioning in the market (S2) 2 11 7 9
No product/market fit (S3) 8 23 9 9
Loss of the original vision (S4) 4 4 0 0
Wrong customer development (S5) 2 10 6 4
Bad marketing (S6) 0 5 5 2
No traction (S7) 10 5 5 2

Hardware

Lost focus on the product (H1) 2 3 2 2
Not feasible/sustainable (H2) 2 1 2 6
Bad quality (H3) 4 13 3 0
Product did not evolve with the market (H4) 0 0 2 4

Environment

Competitors were more able (E1) 2 11 12 9
Too many competitors (E2) 0 5 2 2
Investors not found (E3) 4 6 6 0
Lack of funding (E4) 0 8 9 9
Political/economic/legal problems (E5) 8 5 2 2

Customer/user
Few customers (C1) 2 8 7 4
Problems in customer acquisition (C2) 4 5 2 0
Unfaithful customers (C3) 0 1 2 0

Organization

Ran out of cash (O1) 12 19 16 6
Inexperienced management (O2) 6 3 0 4
No/wrong scaling (O3) 2 10 6 11
Bad organization (O4) 6 8 10 4
Problems with team (O5) 4 8 6 2
Co-founder misalignment (O6) 6 4 12 0
Lack of business development (O7) 14 22 22 17
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Appendix B

Table A2. The expert’s opinion about start-up X.

Risk Factors
Expert Opinion (%)

Period 1 Period 2 Period 3 Period 4

No/wrong business model 0 0 17 6
Wrong positioning in the market 0 0 5 1

No product/market fit 0 0 6 6
Loss of the original vision 0 0 5 5

Wrong customer development 0 0 5 5
Bad marketing 0 0 3 1

No traction 0 0 4 2
Lost focus on the product 0 0 1 1
Not feasible/sustainable 0 0 10 15

Bad quality 0 0 10 5
Product did not evolve with the market 0 0 1 3

Competitors were more able 0 0 30 32
Too many competitors 0 0 60 65

Investors not found 0 0 4 0
Lack of funding 0 0 6 5

Political/economic/legal problems 0 0 15 15
Few customers 0 0 30 27

Problems in customer acquisition 0 0 5 5
Unfaithful customers 0 0 2 0

Ran out of cash 0 0 16 6
Inexperienced management 0 0 2 2

No/wrong scaling 0 0 3 5
Bad organization 0 0 10 4

Problems with team 0 0 4 1
Co-founder misalignment 0 0 0 0

Lack of business development 0 0 35 20

Appendix C

Table A3. The expert’s opinion about start-up Y.

Risk Factors
Expert Opinion (%)

Period 1 Period 2 Period 3 Period 4

No/wrong business model 0 20 16 7
Wrong positioning in the market 0 11 7.4 8.8

No product/market fit 0 7 2 3
Loss of the original vision 0 2 0 0

Wrong customer development 0 2 1 0
Bad marketing 0 10 9 5

No traction 0 5 4.6 2.2
Lost focus on the product 0 20 1.8 2.2
Not feasible/sustainable 0 0 0 0

Bad quality 0 10 2 0
Product did not evolve with the market 0 0 0 0

Competitors were more able 0 11 11.6 8.8
Too many competitors 0 10 3 5

Investors not found 0 2 1 0
Lack of funding 0 0 0 0

Political/economic/legal problems 0 15 5 2
Few customers 0 7 7.4 4.4
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Table A3. Cont.

Risk Factors
Expert Opinion (%)

Period 1 Period 2 Period 3 Period 4

Problems in customer acquisition 0 5 1.8 0
Unfaithful customers 0 1 1.8 0

Ran out of cash 0 30 20 9
Inexperienced management 0 15 5 20

No/wrong scaling 0 9 5.5 10.45
Bad organization 0 10 15 6

Problems with team 0 0 0 0
Co-founder misalignment 0 0 0 0

Lack of business development 0 15 21.8 20

Appendix D

Table A4. The expert’s opinion about start-up Z.

Risk Factors
Expert Opinion (%)

Period 1 Period 2 Period 3 Period 4

No/wrong business model 0 0 0 9
Wrong positioning in the market 0 0 0 7

No product/market fit 0 0 0 9
Loss of the original vision 0 0 0 8

Wrong customer development 0 0 0 2
Bad marketing 0 0 0 2

No traction 0 0 0 1
Lost focus on the product 0 0 0 0
Not feasible/sustainable 0 0 0 10

Bad quality 0 0 0 10
Product did not evolve with the market 0 0 0 15

Competitors were more able 0 0 0 10
Too many competitors 0 0 0 0

Investors not found 0 0 0 2
Lack of funding 0 0 0 1

Political/economic/legal problems 0 0 0 1
Few customers 0 0 0 15

Problems in customer acquisition 0 0 0 0
Unfaithful customers 0 0 0 6

Ran out of cash 0 0 0 4
Inexperienced management 0 0 0 11

No/wrong scaling 0 0 0 4
Bad organization 0 0 0 0

Problems with team 0 0 0 1
Co-founder misalignment 0 0 0 0

Lack of business development 0 0 0 25

Appendix E

Table A5. ROC data.

Start-Ups 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

Variable 0.39 0.31 0.2 0.15 0.29 0.32 0.21 0.43 0.19 0.32 0.2 0.23 0.45 0.48 0.43 0.38 0.34

Classification variable 0 0 0 0 1 0 0 1 0 0 0 0 1 0 0 1 0
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