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Abstract

The importance of startups for a dynamic, innovative and competitive economy has already
been acknowledged in the scientific and business literature. The highly uncertain and volatile
nature of the startup ecosystem makes the evaluation of startup success through analysis and
interpretation of information very time consuming and computationally intensive. This pre-
diction problem brings forward the need for a quantitative model, which should enable an

objective and fact-based approach to startup success prediction.

This paper presents a series of reproducible models for startup success prediction, using
machine learning methods. The data used for this purpose was received from the online
investor platform, crunchbase.com. The data has been pre-processed for sampling bias and
imbalance by using the oversampling approach, ADASYN. A total of six different models are
implemented to predict startup success. Using goodness-of-fit measures, applicable to each
model case, the best models selected are the ensemble methods, random forest and extreme
gradient boosting with a test set prediction accuracy of 94.1% and 94.5% and AUC of 92.22%
and 92.91% respectively. Top variables in these models are last funding to date, first funding
lag and company age. The models presented in this study can be used to predict success rate

for future new firms/ventures in a repeatable way.



1 Introduction

Startups have become an important topic in the economic policies of all developed and emerg-
ing economies around the world, not just by being a driver of economic prosperity and wealth,
but also because of their major impact on innovation and technological development (Luger
and Koo, 2005). Their fast growth rates, agility in deploying innovative business models and
state of the art technologies, together with their fail fast and lean management approach turn
them into disruptive actors in the global economy, especially since their business playground
is frequently a global one. Their dynamic, and sometimes irreverent approach to business,
challenges the status quo of traditional corporate business and even that of classical SMEs.
Hence, the success of these new ventures is closely connected to the strategic development
interests of the society (Shane, 2012). However, 90% of startups fail within the first year of
their founding and less than 40% of the remaining 10% pass the 5-year milestone (Regmi
et al., 2015).

In the case of startups, the stakeholders are first of all the entrepreneurs, who benefit from
prediction models regarding the success or failure of their business ideas as they can make
educated decisions addressing potential critical points within their business models, have the
ability to pivot in a timely manner and save resources (financial, human, etc.), which are
usually scarce within a startup. Other important stakeholders are startup investors (which,
depending on the investment stage, can be angel investors, seed money funds, venture cap-
ital investors, etc.), who ideally benefit from such prediction models by increasing on their
traditional 10% success rate with startups (Shanel 2012)). Last but not least, the rest of the
players have a stake in being better informed with regards to whether a startup will succeed
or fail, also bearing risks related: on the one hand, the suppliers, who need to create or
manage new supply chain systems and, on the other hand, the clients/customers, who might

rely on the new product or service.

The environment in which startups grow and develop is very complex and risk prone, so
that there are numerous intrinsic and extrinsic variables to be taken into consideration in
building a prediction model. The issue becomes even more difficult for young startups, as
they cannot provide any historical financial or operational data. Most of the available data
is at best sparse and qualitative, and from multiple sources. In this context, it is difficult for

entrepreneurs or investors to make educated and objective decisions, since humans tend to be



selective in the information they use and suffer from bias when making decisions. Some claim
that intuition and gut feeling, based on decision-makers’ previous experience and expertise
are the best instruments in decision making when it comes to startups. Einhorn| (1974),
for example, states that humans are more than capable of using their intuition and making
decisions based on subjective judgment of the information and are proven to recognize and
use rare information pieces in various decision-making environments, where it would have
been difficult to predict the outcome with an algorithm. However, there is research within

the social sciences literature which challenges this argument.

Behavioural economics focuses on the bounded rationality of decision-makers and, therefore,
their proneness to make errors. Bounded rationality has been linked to the limitations of
humans to process vast amounts of information in a rational way (Venkatraman et al., [2009;
Simon) (1955). This argument is valid, especially in today’s business environment, where
managers and entrepreneurs are flooded by information and data, some of which is useful
and some of which is not, when considering dynamic and unstable business contexts, such as
those of startups. In practice, attention and time required to collect and process information
are scarce resources. Thus, decision-makers are not always paying enough attention to all the
information available and, hence, cannot and will not process the underlying connections be-
tween the various pieces of information and their sources. As a consequence, decision-makers
have a tendency to consider the information they value more than the information they de-
fine as unimportant. Dual-Process Theory proposed by [Fischhoff et al| (2002), suggests two
systems of thinking: (i) System 1 quickly supplies intuitive answers to judgment problems as
they surface and can be described as automatic, effortless and associative, while (ii) System
2 concerns the analytical approach. When there is no experience or reference for intuitive
decision-making under the so-called System 1 thinking (Fischhoff et al., |2002), poor subjec-
tive evaluations of information on hand can lead to inefficient and poor choices. Similarly,
Read and Van Leeuwen (1998) claim that overestimation of the ones’ own skills, lead to the
use of heuristics in order to solve complex problems. Affection by transient emotions and
fluctuations in attention to the different pieces of information also influence decisions and
make the decisions time-variant (Lucel [1959). Therefore, bounded rationality of the decision-

makers induces motivation towards a quantitative approach.

Given these limitations of decision-makers with respect to information evaluation, this paper



aims at constructing an appropriate quantitative model to predict whether a startup will suc-
ceed or fail. In the past decades, there has been extensive research on survival prediction for
corporate companies, in which success drivers are strongly associated with historical financial
data and KPIs. However, historical financial, sales and production data do not always exist
for startups, which are an important component of success prediction of corporate companies.
Startups’ success is based on different dynamics, such as rapid digitization, use of innovative
business models, etc. Therefore, this paper approaches the startup success prediction differ-

ently than common research for conventional company success prediction does.

This paper has 6 sections. Section 2 offers a review of the related work in the scientific lit-
erature. Section 3 presents and discusses the data, the methodology and modeling methods.
Results are presented in Section 4. Sections 5 and 6 articulate the conclusion and future

research possibilities, respectively.

The codes of the models and the results can be reached via respective quantlet (www.quantlet.de)

links.



2 Literature Review

The startup definition is a controversial topic in literature. Luger and Koo| (2005)) emphasizes
three characteristics when describing startups: New, active and independent. New implies
the establishment of a company which did not exist before. Active excludes the companies
which are established recently, but only exist on paper for administrative purposes such as
tax avoidance. Lastly, independent implies that the startup is not part of an established
parent company/holding. The problem of defining the ”startup” concept in the dedicated
research has been linked to the data measurement and collection. Hence, many researchers
define startups based on the available information in their data set (Luger and Koo, 2005]).
In this paper, the definition of startups is also based on the available data and considers
companies, which are active for less than 10 years in the industries defined by the S&P500.
Due to lack of information, it is not possible to identify and exclude spin-offs and startups

that are founded by larger corporations.

2.1 Startup Performance vs. Business Success

A lot of the research on the topic of business success focuses on corporate and SME success.
In this context, the health of a firm in a competitive business environment is highly associ-
ated with its profitability and the level of financial solvency. Butler and Fitzgerald| (1999)
associates business success with competitive performance of the firm against its competitors.
Lussier and Pfeifer| (2001]) considers firms as successful if they made at least industry average
profits for the last 3 years. Gatev et al.| (1996), on the other hand, define success as continu-

ance of operations without owing to creditors and shareholders.

In the context of startups the definition of business success for corporate companies or SMEs
does not apply. First and foremost, the majority of the early-stage startups does not generate
profits and / or does not have stable, historical financial data. Therefore, the definitions of
Lussier and Pfeifer| (2001) or |Gatev et al.| (1996)) do not apply. The competitive performance,
on the other hand, is not always an objective metric to assess business success when it is
constructed without comparative financial performance of the other players in the market,

as financial KPIs can be analyzed only under an industry/peer comparison framework.

Studies focusing on what impacts startup performance frequently take an approach which

examines the type of progress experienced by the new and dynamic ventures. |Tavoletti| (2013])



evaluates startup success by the potential of early international growth and the ability of the
entrepreneur to generate valuable opportunities for its new venture. Another approach to
startup success looks at the number and size of investments a startup receives (Dempwolf
et al., 2014)). The ability of the startup to gain traction and connect in an efficient and valu-
able manner to the local and global ecosystem, by proving scaling effects in a short period of
time is also considered to be a measure of its performance (Ceausu et al., [2017)). In a more
holistic approach, Ozdemir et al. (2016) looks at startup success through a qualitative lens.
They consider the global impact and contribution to the development of the entrepreneurial
ecosystem as well as quantitative aspects such as revenues, users / clients and number of jobs

created.

2.2 Corporate Bankruptcy vs. Startup Failure

There is a wide body of scientific literature dedicated to corporate and SME disruption
of success or even bankruptcy. With respect to corporate / SME bankruptcy, (Ooghe and
De Prijcker| (2008) argue that business failure is not a unique moment in time, but rather a
process, with different triggers and turning points, along the life cycle of a business, i.e the
disruption to success can happen in different ways. (Ooghe and De Prijcker| (2008)) suggest
three main trajectories for business failure. Firstly, there is the lack of success due to faulty
management. Secondly, there is the failure of startups after a very rapid launch right at
the beginning of establishing a business. The initial success is attributed to the personal-
ity traits of the management, but the company still faces failure due the neglected financial
and operational duties during and after the growth phase. The third trajectory is the lack

of financial sustainability due to general, immediate environments and / or corporate policies.

When it comes to startup failure, because of the more dynamic pace these ventures need to
grow and develop at, the failure process window is much shorter than it is in the case of
corporate companies or SMEs. Even though failure is a concept that is used frequently in the
startup world (sometimes even with pride, as it is considered a source of valuable knowledge,
experience and expertise mostly in North America), there are little to no scientific studies

focusing on these startup specific dynamics / factors.

Ooghe and Waeyaert| (2004) summarizes the factors influencing business success in five cat-



egories: (i) general environment (economics, technical advancements/aspects, foreign coun-
tries/currencies, politics etc.); (ii) immediate environment (suppliers, customers, creditors,
competitors); (iii) management team characteristics (motivation, experience, skills, personal-
ity traits); (iv) corporate policy (strategy, investments, corporate governance) and (v) com-
pany characteristics (size, maturity, industry). Some other sources classify these factors
under only two categories, i.e. industry specific characteristics and firm specific characteris-

tics (Kauffman and Wang), [2001)).

The research in corporate insolvency prediction has shown that data from capital markets
and financial ratios (e.g cash flow/total sales, EBIT, EBITDA margins, net income etc.)
based on firm’s balance sheet, income and cash flow statements are proven to be useful not
only in performance prediction of the established companies, but also the overall financial
situation. Success prediction models in literature are designed to use financial ratios ex-
tensively, due to their standardized nature and availability for established firms. However,
success prediction models for startups face some challenges. As previously stated, the major-
ity of the early-stage startups do not generate any profits or do not have any stable financial
data. This implies that the business success prediction of startups cannot be primarily based
on quantitative data as for established companies. This makes the models constructed by
using financial data irrelevant for startup success prediction, where this data does not exist.
Even in rare cases, in which financial ratios exist for startups, these ratios by themselves
may not be strong enough to build good models and other data sources are needed. |Liu
and Wu (2019)) discusses how qualitative data can provide predictions as good as financial
ratios. Also, solely using financial ratios has been heavily criticized by [Doumpos and Zo-
pounidis| (2002). Dimitras et al. (1996 and [Laitinen (1992) state that the financial ratios

are only the symptoms but not the cause of the managerial, operating and financial problems.

2.3 Brief Review of Business Success Prediction Models

”All models are wrong but some are useful.”, George Box

Business success prediction models aim to predict the status of the companies before any
disruption of success happens. |Ooghe and De Prijcker| (2008) and |du Jardin (2016) state
that all firms fail in their own unique way. Directly attacking this classification problem with

clustering algorithms will therefore have little use. It is important to study and analyze as



many failed firms as possible to learn and identify key factors that led to failure in the first

place.

Bankruptcy prediction has been the subject of research for decades. Early studies in litera-
ture mostly rely on statistical modelling, which formalizes the relationship between variables.
Statistical modelling makes predictions as accurate and consistent as possible in the context
of financial decisions under extreme uncertainty (Jones and Olsonl 2013|). Most research
has been focused on corporate bankruptcy and survival models of established companies
and SMEs. The application of prediction models in this field goes back to the 1950-1960s.
These models used information from financial statements such as financial ratios (Boritz and
Kennedy|, 1995)). The early studies did not pay much attention to the ability and experience
of the management team. Success prediction models traditionally used the data created by
successful and unsuccessful companies from different industries. The validity of the models

are assessed based on confusion matrix, i.e. Type I and Type II errors.

The research in the success prediction of early stage companies became predominant in
the 1990’s. |Lussier| (1995) implements one of the first non-financial models, which mainly
used qualitative variables, in a regression model to predict new venture failure, called the
Lusster Model. The original full model is based on 15 variables, i.e. record keeping and fi-
nancial controls, capital, industry experience, management experience, planning, professional
advisory, education, staffing, product/service timing, economic timing, age, partners, parent,
minority business owner and marketing. There have also been many studies that show the
relation between the success of a new venture and the skills and motivation of the manage-

ment (Ooghe and De Prijcker] [2008)).

Ooghe and De Prijcker| (2008) recognizes the time dimension of success and the underlying
non-financial factors. The authors emphasize the fragmented structure of the non-financial
factors, which not only includes the management team, but also the relationship with dif-
ferent stakeholders. They come up with a framework to classify various bankruptcy cases
according to the underlying reasons, as previously explained. The researchers have identified
different sets of variables to be used as a proxy to predict bankruptcy of a business. [du Jardin
(2016), Wu (2010) and Lussier and Pfeifer| (2001) state that following the multivariate dis-

criminant analysis to differentiate between successful and failed companies, methods like logit



and probit analysis as well as linear programming have been developed and these have been
frequently used. Independent of the predictive or statistical model used, the researchers have

used Type I and Type II error as a basis for evaluation.

However, in the last decades, applying machine learning algorithms has become more popular,
especially because many of them have proven to outperform statistical models. Although both
approaches aim to learn from data, the main difference is that machine learning algorithms
do not rely on rule-based programming. (Cao et al. (1997) states that the continuous concern
of the statistical models is the adequacy and correctness of the underlying assumptions and
specifications. Haavelmo, (1944) questions the validity of regression coefficients if the whole
assumption of, for example, linear regression is wrong. In this framework, implementation of

non-parametric models permits relaxed assumptions of the model structures.

3 Methodology

3.1 Measure of the Variables

The majority of the papers in the scientific literature present studies for which the authors
have designed their own surveys and conducted interviews with the startup stakeholders in
order to collect data directly from successful and failed companies. However, this approach
has its limitations, such as required time, energy and the size of the used sample. Since in
this paper the approach is to apply machine learning algorithms using a large amount of data
to predict startup success, the data set is formed using data from the research application

programming interface (API) of crunchbase.com.

3.2 Data Pre-Processing

The initial data set obtained from crunchbase.com had 215 729 observations with 23 vari-
ables. Data cleaning steps to obtain a complete data set are summarized in Table [I} After
data cleaning, the list of variables to be used throughout this paper are summarized in Table

These variables provide a snapshot of the company at a given point in time.



Action initiated Dropped  Sample size %

Initial observations extracted from crunchbase 215729  100%
Dropped if total funding raised (USD) and # of funding rounds is missing 95 787 119 942  55.6%
Only consider startups established after 2009 58 512 61 430 28.5%
Drop if the year founded and company name is missing 8 143 53287 24.7%
Drop if the domain information is missing 1681 51 606 23.9%
Drop if industry is missing 628 50 978  23.6%
Drop if duplicate exists 16 50 962  23.6%
Drop if region information is missing 1436 49 526 22.9%
Cleaning outliers of first funding lag, last funding lag and funding rounds 1224 48 302  22.3%
Drop if near zero of zero variance explanatory variables 3 780 44 522 20.6%

Table 1: Summary of data cleaning steps

Q NextUnicorn_DataCleaning

Removing predictors has been thoroughly discussed in literature. However, |Kuhn and John-
son! (2013) discusses that removing variables helps reduce computing time and complexity of
the models. Consider a predictor with uniform or almost uniform value, which are referred
to as zero and near-zero variance predictors respectively. Such variables are not only uninfor-
mative about the characteristics of the data but also can harm the prediction accuracy. Zero
and near-zero variance are calculated by dividing the unique values by the sample size and
compared to a predefined threshold value. Such variables are not considered, for example,
in tree-based classification models, since they do not provide varying information between
classes. One approach to avoid information loss is to collect more data to abstain from zero
or near-zero variance. Since collecting more information about the companies in the data set
is not within the scope of this paper, the variables with zero or near zero variance are elimi-
nated. Hence, the sectors energy, industrial, real estate and utilities as well as the continents

Africa and Oceania are excluded from further analysis.

The original data defines startup status under four categories: (i) operating, (ii) acquired,
(iii) IPO and (iv) closed. |Chang (2004) discusses individual characteristics of each acquisition
and [PO and the ambiguity in their definition. Depending on the dynamics of the deal, an
acquisition can also represent failure (for example when the entrepreneur does not make any
gains from the deal). There are also many unsuccessful/incomplete IPOs. However, these

details of the transactions are usually not public for startups and are very resource intensive


https://github.com/QuantLet/NextUnicorn/tree/master/NextUnicorn_DataCleaning

Variable name

Transformation

Used variables

Variable Type

Country Code

Status

Category Group List

Funding rounds
Total Funding (USD)

Founded on

First funding on

Last funding on

Last funding to date

twitter_url

Facebook_url

Based on country code, the respective company
has been identified to avoid granularity

Failure: Closed

Success: Operating, acquired, IPO

Values with multiple industries have been split
and major industry has been identified and

mapped to the 11 industry classification in S&P500

Company age has been calculated by subtracting
foundation date from this year:

2019 - Founded on

First funding lag is the years passed between
foundation of a company and first funding received:
First funding on - founded on

Last funding lag is the years passed between
first funding and last funding received:

Last funding on - first funding received

Last funding to date is the years passed since
the company received the last funding to date:
2019 - last funding on

A function is been created to identify the social
media appearance of the firm:

Both: Twitter and Facebook active

Twitter: Only twitter

Facebook: Only Facebook

None: No social media appearance

Continent

Status

Sector

Funding rounds
Total Funding (USD)
Company Age

First funding lag

Last funding lag

Last funding to date

Social

Categorical

Categorical

Categorical

Numeric
Numeric

Numeric

Numeric

Numeric

Numeric

Categorical

Table 2: Summary of data transformations

Q NextUnicorn_DataCleaning
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to obtain. Therefore, for the sake of simplicity and keeping all relevant information, startups,
which are operating, acquired or issued an IPO are labelled as successful and startups, which
are closed, are labelled as failure. Hence, company status (success vs. failure) is defined as

the dependent variable within the framework of this paper.

There are 43 main industry categories in the raw data set. These industries are grouped un-
der 11 industry sectors according to S&P500. These industries are: communication services;
consumer discretionary; consumer staples; energy; finance; health; industrials; utilities; real
estate; I'T and materials. There is no company in the data set, which is doing business in
the materials industry. The industry sectors energy, industrials, utilities and real estate have
been removed due to near zero variance. Therefore, the total number of industries reduces

to 6.

The next step is to investigate if there is an obvious difference between successful and failed
companies. Figure[T]illustrates that successful and failed companies do not necessarily display
different characteristics. Both types of companies have similar median values for company
age, total funding (USD), number of funding rounds, first funding lag, last funding lag and
last funding to date. This also supports the implementation and usage of machine learning
algorithms as there is no distinct difference between the two groups, which makes the classi-
fication problem more difficult to deal with. However, characteristics of continuous variables

do not differ strongly between successful and failed companies.

Table |3| gives an overview of the descriptive characteristics of the categorical variables. After
feature transformation, the data reveals that 54% of the overall companies are based in the
Americas. The Americas and Europe, are hosting almost 80% of the firms. The successful
startups are in business mainly in consumer related industries (32%) and IT (31%) in the last
10 years. 68% of the companies have social media existence on multiple platforms. The gen-
eral characteristics of the startups in the data set are in accordance with the current startup
trends. Similar to continuous variables, categorical variables also do not differ strongly be-

tween two classes.

For the sake of the performance of the models built in the following sections, between-

predictor correlations are needed and must be taken into consideration. No strong correlation

11



between variables is found. Hence, (multi-)collinearity is not being checked further.

After completing the above-mentioned data pre-processing steps, the final data set consists
of 44 522 firms (20% of the initial sample size) and 19 variables. At this point, the class

imbalance in the dependent variable is checked.

Success Failure
Variable Name Frequency %  Frequency %
Social
Both 28 832 68% 1083 50%
Facebook 2 577 6% 69 3%
Twitter 4 645 11% 533 25%
None 6 313 15% 470 22%
Continent
Americas 24 734 58% 1 558 2%
Asia 6173 15% 191 9%
Europe 11 460 27% 406 19%
Sector
Commercial Services 6 855 16% 507 24%
Consumer Discretionary 7629 18% 481 22%
Consumer Staples 5 936 14% 272 13%
Finance 3217 8% 123 6%
Health 5 504 13% 144 7%
IT 13 226 31% 628 29%

Table 3: Descriptive statistics of categorical variables

Q NextUnicorn_DescriptiveStats

3.3 Overcoming Class Imbalance

The website crunchbase.com employs a crowd-sourcing model, in which the information is
gathered through large, open and rapidly growing internet users. The interviews conducted
with crunchbase team within the scope of this research revealed that the operating firms
provide and update information about their enterprises. Hence, the data set obtained from
crunchbase.com is subject to selection (success) bias. Success bias refers to the sampling

limitation that the sample set is not representative of the true population.

12
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The cleaned data set reveals that 95.18% of the companies are classified as successful and the
remaining 4.82% are as failed/closed, indicating class imbalance. Class imbalance hinders
the machine learning performance. For example, when the number of instances in one class
is larger than the other, machine learning algorithms tend to label minority classes to the
majority class. Although this would not have drastic effects on the accuracy, Type II error
will be very high. If we determine the model performance not through accuracy but via
number of false positives (FP) , the class imbalance will have a negative impact. The costs

of misclassification between different classes often vary as well (Refer to Section [4)).

In the scientific literature, designing smarter sampling strategies has been acknowledged as a
valid approach to handling imbalanced data. However, when a new and improved sampling
approach is not possible, such as in this paper, the adopted approach is to undersample the
majority class or oversample the minority class (Krawczyk, 2016). In this paper, class imbal-
ance is handled by oversampling the minority classes through synthetically creating artificial

data points as described in Section [3.3.1]

3.3.1 Adaptive Synthetic Sampling Approach (ADASYN)

The goal of oversampling is to increase the size of minority class via synthetic observations
based on the existing minority class observations to balance the size of majority and minority
classes. ADASYN advances on Synthetic Minority Oversampling Technique (SMOTE) and
adaptively generates minority data according to the distribution they have by adding a ran-
dom value to the synthetically generated data points, in order to make them more scattered.
Hence, ADASYN helps reducing the learning bias and adaptively shifts the decision bound-
ary for the classification problem to focus more on the samples that are difficult to learn.

Algorithm [I] summarizes the ADASYN process.

After completing the data pre-processing, the remaining 44 522 data points are split into
training and test sets, 70% and 30% respectively. The ADASYN is adopted for training and

test samples separately to prevent any dependence between two data sets.

3.4 Selected Models

Logistic Regression: The logistic regression is a specific case of linear regression where

14



Algorithm 1: Pseudocode of ADASYN based on [He et al.| (2008)

[H] Input : Training (or test) data set (Dy, p), ms and my, where mg <my. dyj, is a
preset threshold for the maximum tolerated degree of class imbalance ratio.
Procedure:

(1)Calculate the degree of class imbalance:

d=ms/m; where d € (0,1] (1)

if d <d;p, then

(a) Calculate the number of data points, which need to be synthetically generated

G = (ms—my) x (2)

where 5 € [0,1] is the parameter to satisfy dyp,.

(b) for z; €ms do
Find KNN based on Euclidean distance in p-dimensional space and calculate

where A; is the number of examples in the K nearest neighbours of x; that belong
to majority class, r; € [0,1]

(i) Normalize r; according to

7“} = Ti/zm (4)

so that 7; is a density function
(ii) Calculate the number of data points which need to be synthetically generated

for each minority example x;

gi:ﬂXG (5)

for each x; from 1 to g; do
(c) Randomly pick minority data example z; from KNN of z;

Generate the synthetic data example

Si:IEi—f-(.Tzi—l‘i) X A (6)

_where (z,; - x;) is the difference vector and A is a random number: X € [0, 1]
Output: Synthetic data examples s; for i=1,...G

15



the response, Y, is a dichotomous variable. Logistic regression models the probability that
Y belongs to one of the two categories (Hardle and Simarl 2015). By design, the logistic
regression function gives output between 0 and 1, which is the probability of belonging to

one of dichotomous classes, p(z;).

Recursive Partitioning Trees (Rpart): Rpart schemes construct regression or classi-
fication models of a top level/general structure through a two-stage procedure, where the
resulting models are represented as binary trees in the literature. First, the algorithm finds
the best variable to best split the data into two groups. This step is then repeated for the
resulting two subgroups until the subgroup size reaches a predetermined minimum size or

there is no further improvement to the model to be made (Héardle, |1990)).

Conditional Reference Tree: Algorithm for this model first tests for the hypothesis of
independence between the response variable and covariates. If the hypothesis can be rejected,
then the recursive steps of 1 and 2 of the general model are iterated until a stop criterion is
met. The implementation uses a unified framework for conditional inference (Strasser and
Weber}, 1999). A split is established if the sum of the weights of two neighbouring nodes

exceeds a predetermined minimum value.

Random Forest: Bagging is the essence of random forests. However, in the presence of
one or few highly dominant predictors, each single tree would use the strongest predictor on
the top level, hence trees would end up looking quite similar to each other. Random forest
models are forced not to consider the whole set of available predictors. The restriction on
the available predictors for each tree, therefore, prevents the model to be dominated by one
(or few) very strong predictors (Breiman), |2001). Algorithm [2| summarizes the random forest

formation.
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Algorithm 2: Pseudocode of Random Forest based on |Gepp et al.| (2010)
Input : A bootstrap sample of S , with F features in total and number of trees in

forest is B
function: Random Forest(S, F)
H« 0

foriel,..B do
S« A bootstrap sample from S

hi < RandomTLearn(S", F)

H < HUN
return H

end function

function: RandomTLearn(S,F)
At each node:

f < very small subsetof F

Split on best feature in &

end function

Output: The learned tree

Extreme Gradient Boosting: Gradient boosting combines weak learners in an additive
manner and forms a new learner, which has maximal correlation with the negative gradient
of the loss function (Friedman, [2002). In gradient boosting, the newly generated models pre-

dict the residuals (errors) of the previous models and use these predictions to form the output.

First, a subset from full training data is drawn at random and without replacement at each
iteration. Then, the deviation of residuals in each iteration (partition) is derived and the
best data partitioning is determined in each stage. Afterwards, the succeeding model fits the
residuals from the preceding stage and builds a new model to reduce the variance of residuals.

The aim here is to correct the mistakes of the first model.

Extreme gradient boosting (XGB) implements some improvements to gradient boosting
(Chen and Guestrin, [2016). It penalizes trees for misclassifications, shrinks the leaf nodes and
improves computing efficiency and has some other extra randomization parameters to ensure
low variance. XGB reduces the space of possible feature splits based on the distribution of

features across all data points in a leaf on a branch.
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Model Performance: There are a couple of points one needs to consider while assessing
model performance and concluding on the best model to implement. First of all, the perfor-
mance of a learner mainly depends on the training data and the formulation of the initial
hypothesis. If the training data does not provide sufficient information, it will be difficult to
conclude on one single best learner. Hence, this will be another motivation for using ensem-
ble models to benefit from multiple weak learners rather than having only one strong learner

(Wang et al. 2014).

As|Wang et al.| (2014) and |du Jardin| (2016|) state as well, the approach of ensemble models
are reasonable. However, in practice the necessary conditions of accuracy and diversity need
to be satisfied. Accuracy stands for the ability of the base learner to perform better than ran-
dom guessing (generally 50%) and each base learner should have its own information about

the problem, i.e. inclusion of variables/regressors.

Prior to estimating models and comparing them, it is not possible to say which modeling
method will perform better in the framework of this paper, as in general, there is not a single
modeling method that performs better in all research problems. In the next section, model

estimations and results are being discussed.

4 Results and Discussion

4.1 Logistic Regression Implementation

Full simple logistic regression (M0) considers the remaining variables after eliminating the
ones with near zero variance as explained in the earlier sections. MO confirms the existence
of the dummy trap and reveals the insignificant variables. As the second step, one level of
the dummy variables and the statistically insignificant variables are excluded in the reduced
logistic regression model (M1). Hence, only the coefficient estimates from M1, which are
significant, are summarized in Table Lasso and Ridge regularization methods are not
implemented as the number of features remaining after data cleaning and feature selection
steps. The training error of both M0 and M1 do not indicate over-fit as well. Determination
of the best value of the regularization parameter, lambda, is outside of the scope of this paper.

The most striking result is the near zero estimate of total funding (USD). This is a combined
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effect of many factors, some of them are positively and some of them are negatively correlated
with success rate. Positive sign is expected, since successful companies with future potential,
after careful review/research from investors will get funding in favorable competitive terms.
Hence, the higher the funding amount, the higher will their expectations be, that the startup
has future potential. The negligible effect of total funding (USD) on success can be explained
by the cash-burning of a startup. As discussed by |Ooghe and De Prijcker| (2008), the startups
which received high investments in their rapid-growth phase often end up in bankruptcy due
to poor management decisions, which includes misallocation of received funds. This result

indicates high burn-rates in the failed companies.

One can argue that the number of funding rounds is a proxy of the persuasion skills of the
entrepreneur towards investors when they start raising capital. Early-stage funding rounds
indicate that the entrepreneur is successful in selling their idea to the investors. However, if
these funding rounds are not followed by appropriate and effective managerial actions (refer

to Section , the increasing number of funding rounds may have a negative impact on success.

Coefficient  Std. Error

(Intercept) 3.08 0.01
Funding rounds -0.10 0.01
Company age 0.19 0.01
Last funding to date -0.75 0.01
Total funding (USD) -0.00 0.00
Social both 0.84 0.07
Social Facebook 0.85 0.07
Social Twitter 0.24 0.04
Continent Americas -0.65 0.03
Sector Comm Serv. -0.08 0.04
Sector Cons. Disc. -0.18 0.04
Sector Cons. Stap. -0.20 0.04
Sector Health 0.62 0.05

Table 4: Summary of reduced logistic regression (M1)

Q NextUnicorn_LogisticRegression

The regression coefficients of M1 change in a range of [-0.65, 0.85] for dummy variables. The
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existence on both digital platforms or only on Facebook have the highest impact on busi-
ness success. The negative coefficient for geographic location, continent Americas, can be
explained by the intense competition and harsh business environment. As discussed before,
the failure culture differs in the Americas. Hence, it is plausible to conclude that the negative
coefficient confirms the fail fast mentality. The positive coefficient for the health sector sup-
ports the popularity of startups in the health sector in recent years. The negative coefficient
of last funding to date indicates that a company is less likely to fail if their last funding was

not long before 2019.

In the literature, one of the commonly used metrics, to explain the variance in the dependent
variable that is explained by the independent variables for logistic regression, is McFadden’s
pseudo R%. McFadden’s R? is defined as in Equation (7)), where In(Lys) is the fitted model
and [n(Lg) represents the null model with only the intercept as the predictor. McFadden’s
pseudo R? ranges between 0 and 1. If the value is closer to zero, the predictive power of the
model decreases. The reduced model, M1 has a McFadden’s pseudo R? of 0.26, indicating a

quite weak predictive power (Hu et al., [2006).

in(Lo) @)

Both trained models (MO and M1) are then used to predict the failure probabilities of the

McFadden's R =1 —

startups. The status label of success is assigned if the predicted success probability is above
a predetermined threshold of 50%, and failure otherwise. The confusion matrix of the test
set predictions of MO can be seen in Table [5| The prediction accuracy of MO in the test set
is 77.45%, despite the existence of the dummy trap and insignificant coefficient estimates.
Although the insignificant regressors were eliminated, M1 also performed with a predictive
accuracy of 77.41%, i.e. only 22.59% of the data in the test set are erroneously classified at
the selected threshold level. The confusion matrix of the test set predictions of M1 can be
found in Table[6] The predictive accuracy of both MO and M1 performed better than random
guessing (50%). The original empirical study on business success prediction |[Lussier (1995))
has the predictive ability, i.e. accuracy of 70%. On the other hand, the recent extensions
of Lussier’s model are able reach accuracy levels of up to 85%. Despite the low McFadden’s
pseudo R?, the reduced logistic regression model did not under-perform compared to the

preceding studies.
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Actual Failure  Actual Success
Predicted Failure 4 603 (24.2%) 2 545 (13.3%)
Predicted Success 1754 (9.2%) 10 168 (53.3%)

Table 5: Confusion matrix of the full logistic regression (MO)

Q NextUnicorn_LogisticRegression

Actual Failure  Actual Success
Predicted Failure 4 354 (22.8%) 2 521 (13.3%)
Predicted Success 1995 (10.5%) 10 177 (53.4%)

Table 6: Confusion matrix of the reduced logistic regression (M1)

Q NextUnicorn_LogisticRegression

The relationship between predicted probabilities of belonging to success class and continuous
covariates used in M1 are illustrated in Figure [2| It can be clearly concluded that there are
only few number of firms who achieve more than 6 funding rounds. Those who can achieve
higher number of funding rounds attract continuous investor attention. Consistency in in-
vestor relations and financial support can be linked to higher probability of being successful.
Also, although many companies receive early-stage funding, this does not necessarily promise
success as explained above. The predicted probabilities are rather random for the lower end
of the number of funding rounds. Also, as Section ?? and [2] elaborate, the first 1-5 years are
decisive on the survival of a new venture. When the company age is considered, the predicted
probability of success decreases starting from the 37% year. As the company age increases,
it becomes difficult to make a distinct differentiation between the probability of success and
failure. The lag of last funding to date reflects negative linear dependence with the predicted
probabilities of success. This means ventures that received recent funding have higher odds

of being successful.
On the other hand, there is no clear pattern between predicted probability of success and

categorical variables. Only social both slightly exhibits positive relationship to the predicted

success probability.
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Figure 2: Scatter plot of success probability against regressors based on M1

Q NextUnicorn_Scatter

4.2 Recursive Partitioning & Conditional Inference Tree Implementation

There are some control parameters which affect the complexity and performance of decision
trees. Two of the most important of these parameters are minimum split and minimum
bucket size. Minimum split is the number of observations, which needs to exist in a node for
a split to be attempted. Minimum bucket size is the minimum number of observations in a
terminal node. As explained before, the startup profiles are quite unique and it is difficult
to find a general fitting pattern for failed companies. Hence, the size of minimum split and
minimum bucket are set to two in order to embrace the granular nature of the startup failure
patterns. Furthermore, recursive partitioning tree functions in R uses a parameter called
”complexity” to track and control the complexity of a tree. This measure is a combination
of the ability of the tree to successfully separate the labels of the dependent variable, status,

and the size of the tree. In order to determine the complexity measure, the record with

22


https://github.com/QuantLet/NextUnicorn/tree/master/NextUnicorn_Scatter

the minimum cross-validation error is identified and the complexity measure of this record is
used. Hence, complexity measure is set to 0.001. The pruning attempt resulted in the same
complexity measure. Therefore, pruning did not change or improve the initial construction

of the recursive partitioning tree.

Actual Failure  Actual Success
Predicted Failure 5 477 (28.7%) 335 (1.8%)
Predicted Success 880 (4.6%) 12 378 (64.9%)

Table 7: Confusion matrix of the recursive partitioning tree

Q NextUnicorn_RecursivePartitioning

The recursive partitioning tree performed surprisingly well with an error rate of 6.3%. Given
the above explained drawbacks of stand-alone decision trees, the performance of the recursive
partitioning tree can indicate overfitting. Also, fitting a single model is prone to instability

after small changes in the training set (Hothorn et al., [2006)).

The conditional inference tree, as explained previously, checks for the independence of the re-
sponse variables and the covariates as opposed to recursive partitioning trees. The confusion
matrix of the predictions from conditional inference tree is represented in Table Condi-
tional inference tree has performed with an error rate of 14.4%. With a test accuracy rate of
85.6%, conditional inference tree performs better than the literature benchmarks, mentioned

earlier.

Actual Failure  Actual Success

Predicted Failure 4 554 (23.9%) 942 (4.9%)
Predicted Success 1803 (9.5%) 11 771 (61.7%)

Table 8: Confusion matrix of the conditional inference tree

Q NextUnicorn_ConditionalTree
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4.3 Random Forest Implementation

The criticism towards stand-alone decision trees addressed the high dependence of results on
the training data and alterations of the decision tree structure related to the small changes in
the training data. In order to overcome these hurdles, a forest of decision trees was generated

and the number of independent variables to be considered at each split is restricted.

As mentioned in the model description, the optimal number of variables for splitting at each
node is the square root of the number of all available independent variables. Hence, this
parameter is set to 5. The number of trees to grow is limited to 500 as the data set is quite

large (Cutler et al., 2007 [Strobl et al., |2007, [2008).

Actual Failure  Actual Success
Predicted Failure 5 489 (28.7%) 242 (1.3%)
Predicted Success 868 (4.6%) 12 471 (65.4%)

Table 9: Confusion matrix of the random forest

Q NextUnicorn_RandomForest

Table [9] summarizes the confusion matrix for the predictions from the random forest model.
As expected, random forest model performed well with an error rate of 5.9% and is more
reliable than the recursive partitioning and conditional inference trees. Under Section [2]it has
been explained that the random forest is an ensemble model and improves many shortcomings
of the single decision trees. Predicting on the test set based on 500 decision trees has decreased
the error rate by almost 1.5 percentage points compared to the partitioning and 3 percentage

points compared to the conditional inference trees.

4.4 Extreme Gradient Boosting Implementation

Similar to the other models, the parameters affecting the model performance are adjusted
in XGB as well. The booster parameter is set equal to ghtree as the model will be trained
for a classification problem. As no regularization method in the logistic regression models or
misclassification penalties in other decision tree based methods are implemented, Gamma,

the loss reduction parameter to control the overfitting problem, is set to 0.
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Before training the model, a 5-fold cross-validation (CV) model is implemented to identify the
optimal number of iteration rounds. The maximum number of iterations for cross-validation
is set to 200. The optimal number of iterations is determined by the minimum test error
reached via cross-validation. For 200 rounds, a sub-sample of 5-fold is retained as the test
set for validation and the remaining 4 sub-samples are used for training. If the test error of a
round does not improve, i.e decrease, in 20 consecutive rounds the process is terminated and
the optimal number of iteration rounds is identified. The model returned lowest test error
at the 129" iteration. The minimum test error is 0.048, indicating a CV accuracy of 95.2%.

XGB performed with a predictive accuracy rate of 94.45%.

Actual Failure  Actual Success
Predicted Failure 5 612 (29.4%) 314 (1.7%)
Predicted Success 745 (3.9%) 12 399 (65.0%)

Table 10: Confusion matrix of the extreme gradient boosting

Q NextUnicorn_XGBoost

4.5 Comparison of Models

There are plenty of options when it comes to evaluating the model performance and conclude
on a metric to compare the six models, which were implemented. Below is the description of

these metrics.

Accuracy : (TP + TN) / (TP + TN + FP + FN)
Error Rate 1 - Accuracy
Sensitivity / TPR : (TP)/(TP+FN)
Specificity : (TN)/(TN+FP)
(

FPR, FP)/(FP 4+ TN)

A Receiver Operating Curve (ROC) illustrates the performance of a classification model by
plotting True Positive Rate (TPR) vs. False Positive Rate (FPR) at all classification thresh-
olds. Area under the ROC curve (AUC) takes the integral of the ROC curve between 0 and
1 and provides an aggregate measure of performance at different threshold levels (Ling et al.|

2003)). Table|11| provides an overview of the various comparison metrics. Since each measure
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has its benefits and drawbacks, a combined evaluation approach is adopted.

Accuracy and error rates of the models have been mentioned under the respective sections.
These metrics rank the ensemble method XGB as the best performing method. This means
XGB is able to label both classes, success and failure, better in comparison to the other
methods. Random forest is a close second after XGB, with an accuracy rate of 94.18%. This
indicates that the general classification performance of the ensemble methods dominate that

of models with a more traditional approach under the accuracy metric.

Model Name Accuracy Sensitivity  Specificity Type I Error Type II Error
Full logistic regression 77.45% 79.98% 72.40% 9.2% 13.3%
Reduced logistic regression 77.41% 79.99% 72.25% 10.5% 13.3%
Rpart tree 93.63% 97.36% 86.16% 4.6% 1.8%
Conditional inference tree 85.61% 92.59% 71.64% 9.5% 4.9%
Random forest 94.18% 98.10% 86.35% 4.6% 1.3%
Extreme gradient boosting 94.45% 97.53% 88.28% 3.9% 1.7%

Table 11: Comparison of performance metrics across models

Q NextUnicorn_Results

One can argue that the costs of misclassifying a failed company as successful (false positive),
i.e. Type II error, is costlier than misclassifying a successful company as failed (false nega-
tive), i.e. Type I error. Wang et al.| (2014) and Gepp et al.| (2010]) state that Type II error,
within startup success prediction frameworks, is more critical because Type II error bears
financial losses due to investing in a startup doomed to fail, whereas Type I error creates
lost opportunity costs from not investing in/dealing with a successful new business, which is
also referred to as missed potential investment gains. Hence, the misclassification costs are
not equal in the real world setting. With this background, one can argue that Type II error
(i.e. specificity) can be used as a proxy of the real life costs of the classification errors. The
model with the lowest Type II error, i.e. highest specificity, can be argued to be the best
performing model. XGB labelled 88.28% of the failed companies correctly, with Type II error
rate of 1.7%. Similar to the elaboration with accuracy and error rate, the second ensemble
model, random forest reaches a specificity of 86.35% with the lowest Type II error rate of 1.3%.

The worst performing models under this evaluation criteria are the logistic regression models.
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Lastly, AUC is a scale-invariant metric. This means, AUC measures the ranking of the pre-
dictions rather than their absolute values. AUC does not require a threshold to measure the
performance of the model. Although the threshold invariance of AUC metric can be advan-
tageous in some cases, the disparity in the cost of misclassification of different classes can
raise the need for a threshold to suppress this problem. Figure [3| provides a comparison of
the AUC metric among models. Under AUC criteria, XGB dominates the rest of the models.
Similar to the evaluation under previous metrics, the second ensemble method, random forest

is the second best performing model under AUC as well.

All in all, different performance metrics point to different best-performing-models. However,
it is plausible to conclude that the ensemble methods, random forest and XGB dominate the

other models over all the performance metrics considered.
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Figure 3: Comparison of AUC among models

Q NextUnicorn AUC
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4.6 Discussion of Variable Importance

When the statistical models are difficult to interpret, i.e. referred in general as black-box
models, variable importance constructed by the model can be useful to articulate and achieve
a better understanding. The ranking of the variables according to their importance in the
model construction is implemented for the top 3 best performing models: extreme gradient

boosting, random forest and recursive partitioning tree.

The importance of variables in the recursive partitioning tree is calculated by adding up the
improvement measures that each variable contributes as a primary or surrogate splitter. The
relative importance is calculated by the sum of the goodness-of-split measure for each split
plus the goodness-of-fit for all splits in which the node was a surrogate. Table [12] summarizes
the normalized relative importance of the variables. The main contribution to the splits has

been done by last funding to date followed by company age and social both.

Variable Importance Level
Last funding to date 1.00
Company age 0.36
First funding lag 0.18
Funding Rounds 0.13
Social Twitter 0.04
Social Both 0.03
Continent Americas 0.00
Social Facebook 0.00
Continent Asia 0.00
Sector Health 0.00
Sector Consumer Discretionary 0.00
Sector Consumer Staples 0.00

Table 12: Ranked variable importance (normalized) in recursive partitioning tree

Q NextUnicorn_RecursivePartitioning

In the case of random forest, for each tree the prediction accuracy is measured for the out-
of-bag (OOB) variables. Then, the values of the OOB variables are shuffled, while keeping
all else the same. The mean decrease in accuracy represents how much the accuracy of the

model decreases after shuffling the OOB variables, i.e. the respective variable is omitted. On
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the other hand, mean decrease in the Gini index represents the impurity when a variable is
chosen to split a node. It is calculated by the node impurity weighted by the probability of
reaching that node. The higher the Gini index, the more important the feature. According
to Gini index, last funding to date, company age and first funding lag are the top performing

variables.

In Table the importance measures are broken down by outcome class, Success (S) and
Failure (F). For example, total funding (USD) is much more important for predicting failure
class than predicting success. On the other hand, last funding to date is more important

while predicting success than predicting failure.

Mean Decrease = Mean Decrease

F S Accuracy Gini
Last funding to date 421 76.6 89.5 5 840.5
First funding lag 361.9 704 80.9 2 815.0
Company age 40.5 628 73.3 2777.2
Funding Rounds 54.6  38.3 47.7 1 580.0
Last funding lag 266 455 51.9 1571.7
Total funding (USD) 132.4 -9.9 116.9 1 268.8
Social Both 38.8 9.9 41.1 225.8
Continent Americas 49.7 -1.32 46.9 161.4
Social Twitter 29.5 -3.9 30.2 156.6
Sector Commercial Services 64.9 0.04 58.9 124.4
Social None 37.5 5.6 37.1 122.9
Sector Consumer Discretionary 69.1 -8.5 61.8 113.2
Sector IT 63.1 -3.4 57.1 109.0
Sector Health 434 135 46.9 97.3
Sector Consumer Staples 65.4 -4.7 52.0 97.1
Continent Europe 33.9 -1.1 34.9 86.1
Continent Asia 36.5 -2.2 34.8 66.4
Sector Finance 49.2 -9.6 37.7 56.8
Social Facebook 31.7 8.5 29.6 52.6

Table 13: Ranked variable importance in random forest

Q NextUnicorn_RandomForest

The variable importance in XGB is measured through the Gain, Cover and Frequency met-
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rics. Gain represents the relative contribution of the respective variables, calculated through
the contribution of each feature to each tree in the model. A higher value indicates higher
importance. Cover represents the relative number of observations related to each variable.
Frequency is the percentage representing the relative number of times a particular indepen-
dent variable occurs in the trees of the model. The literature suggests the most relevant

variable importance metric to be Gain (Chen and Guestrin) 2016)).

Gain  Cover Frequency

Last funding to date 0.64 0.22 0.12
First funding lag 0.11 0.06 0.06
Company age 0.08 0.10 0.10
Total funding (USD) 0.06 0.42 0.39
Funding rounds 0.04 0.06 0.06
Last funding lag 0.02 0.05 0.04
Social Both 0.01 0.01 0.03
Continent Americas 0.01 0.01 0.02
Social None 0.00 0.01 0.02
Sector Health 0.00 0.02 0.01
Sector Consumer Staples 0.00 0.00 0.02
Social Facebook 0.00 0.01 0.01
Sector IT 0.00 0.00 0.02
Sector Commercial Services 0.00 0.01 0.02
Sector Consumer Discretionary  0.00 0.00 0.02
Continent Europe 0.00 0.00 0.01
Social Twitter 0.00 0.00 0.01
Sector Finance 0.00 0.01 0.01
Continent Asia 0.00 0.01 0.01

Table 14: Ranked variable importance in extreme gradient boosting

Q NextUnicorn_XGBoost

Gain(Y, X) = Entropy(T, X) — Entropy(X) (8)

Importance Gain is calculated by the decrease in entropy. Using Gain measure the top per-

forming variables are last funding to date, first funding lag and company age.
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The top 3 performing models have a consensus on the most important variables, which are
last funding to date, first funding lag and company age. The general ranking of the vari-
able importance revealed that the top 3 performing models prioritized continuous variables
more than categorical ones. All in all, the variable importance did not differ significantly
between different models implemented as the universal function approximators choose the

same variables.

5 Conclusion

This paper thoroughly addresses how to predict success for startups. The amount of litera-
ture work on startup success revealed the need for research in this area. Existing literature
focuses on established firm success rate prediction. However, there are differences between
corporate and startup success prediction, making the models in existing literature inapplica-

ble to predicting success for startup firms.

Predicting startup success is a challenging task and the associated monetary and opportunity
costs are high for making a wrong decision on which startup will be successful. Due to energy
and time intensive nature of processing vast amount of information, the players of the startup
ecosystem can highly benefit from a quantitative method, when it comes to making decisions
in such high risk environment. Hence, this paper empirically illustrates the implementation

of various machine learning algorithms to predict startup success.

The data used in the estimation is based on the information from a crowd-sourced database
crunchbase.com, without allocating budget or time to interview/collect survey answers from
startups. One advantage of using this data set in the paper is the sample size, which is larger
compared to other research and papers in the literature. Since the majority of the firms, who
provided/updated their crunchbase profiles are mostly successful firms, the used data entails
a selection (success) bias. This leads to the class imbalance problem between successful (95%)
and failed companies (5%). This problem is tackled by oversampling the minority class data

(failed companies) by implementing ADASYN.

In total, six separate models are implemented: (i) full logistic regression; (ii) reduced lo-
gistic regression; (iii) recursive partitioning tree; (iv) conditional inference tree; (v) random

forest and (vi) extreme gradient boosting. The most common method in literature, logistic

31



regression is implemented for comparability reasons and to construct a benchmark for the
succeeding models. Logistic regression, both full and reduced models have performed better
than random guessing. With McFadden’s pseudo R? of 0.26 and an error rate around 22.5%,
both logistic regressions performed within the predictive accuracy interval set by preceding
logistic regression models in the literature. However, compared to other four implemented

models, neither of the logistic regression models exhibited satisfactory predictive ability.

In order to fully use the information contained by features, two different types of decision
trees have been built. Recursive partitioning trees reached AUC of 91.76% and outperformed

the conditional inference trees (AUC of 82.11%) .

In order to tackle the overfitting problem of the above-mentioned decision trees, models have
been extended to random forests. Random forest showed above average performance over the
range of different metrics among other models implemented and provided the lowest Type
IT error rate (1.3%), indicating that the predictions from random forest model result in the

lowest costs for misclassification of the failed companies.

Although random forest is an ensemble method itself, the research has been extended to ex-
treme gradient boosting for its proven efficiency and performance in the recent competitions
and research. Compliant with the applications in literature, XGB performed the best among
other models implemented under a majority of the metrics. With an accuracy of 94.45%,
a specificity of 88.28% and AUC of 92.91%, XGB slightly dominates the random forest ap-
proach. The top 3 performing models, XGB, random forest and recursive partitioning tree,
ranked the same three variables as their main features, which are last funding to date, first

funding lag and company age.
Predicting startup success is a challenging task and the associated monetary and opportunity

costs are high. This study provides, repeatable and quantified modeling process, to predict

startup success, using machine learning methods and large scale publicly available data.
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6 Further Research

The first improvement point to address is the availability/collection of data from startups.
Individual interviews and surveys with startups are not only time and resource intensive but
also not reproducible. It also leads to response bias. This paper has shown that reproducible
models that train on off-the shelf data with none/minimum information about the personality
of the entrepreneur or the characteristics of the management team, can still reach near 95%
accuracy level. However, the data used in this study lacks background information about the
entrepreneur and the management team. Including these widely acknowledged variables can
further improve the model performance. A future research on a common framework to con-
ceptualize the collection of information rich data would be essential to build solid prediction

models.

Also, the data used in this paper provides a snapshot at a single point in time, i.e. the time
aspect of failure is being neglected. The need for panel data to better understand the triggers
of failure is indisputable. Percentage/growth metrics such as the change in the number of
employees or growth rate of the funding amount received and many other similar metrics

generated on a longitudinal manner would help improve the prediction results.

Another improvement point is the definition of success for startups. There are some examples
of startups, which filed for an TPO within the first year of their establishment. This is very
uncommon in business and is not necessarily a proxy for success. Similarly, every acquisition
has its own characteristics. An acquisition can represent success if the entrepreneurs benefit
from the transaction or can also point to failure if the startup cannot reach financial stability.
Failure on the other hand can also be more specifically defined. One can argue that a startup
can be considered as failed, only after it existed long enough to officially file bankruptcy to
the authorities. Such improvements to the label determination has the potential to reduce

the class imbalance.

The asymmetry in terms of cost for correctly predicting startup success or failure correctly
is mentioned in Section [4f Model selection for the startup success prediction also provides a
research area. The minuscule difference between two ensemble methods in this paper, random
forest and extreme gradient boosting, can be further investigated through the implementation

of a cost function/matrix. This approach on the other hand would require intensive research
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into the financial and opportunity costs of misclassification and is not trivial.

Another improvement point is to set the focus of the research on a specific industry and
sub-category of these industries. The benchmark of success for firms operating in disruptive
fields, such as digital and tech firms specializing on cryptocurrencies, are indeed different to
the ventures, which operate in utilities or heavy machinery. Although implementing such in-
dustry specifications would have an impact on the variables defined in the data set and might
result in smaller sample sizes, tailoring quantified models to the needs of different sectors can

help to determine the drivers of success and predict business success with higher accuracy.

Startup success prediction is indeed in the interest of all parties involved in the startup
ecosystem. In the light of the above-mentioned improvements, it might be possible that the
quantitative models, such as the ones introduced in this paper, will have the predictive ability

to spot the next unicorn.
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