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Abstract: Early-stage investors and universities are crucial stakeholders in entrepreneurial ecosystems, yet their combined 
impact remains underexplored. This paper examines how the proximity between early-stage investors and universities 
affects the founding rate and success of affiliated startups. The analysis utilizes data from the Crunchbase 500 list for 
Germany. Findings indicate a positive correlation between the proximity of early-stage investors and universities with higher 
success rates and founding rates of affiliated startups. However, the results show varying dynamics and partial statistical 
significance, suggesting different implications for small versus large universities. Should these tendencies be confirmed with 
a more extensive dataset, the findings could have practical implications for early-stage investors and universities, tailored to 
their size. 
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1. Introduction  
Start-ups backed by venture capitalists (VCs) significantly contribute more to economic growth than those 
without VC support (Gompers et al. 2020; Samila & Sørensen 2011; Sørensen 2007). VCs invest in start-ups 
primarily due to high return expectations. Because start-ups typically exhibit asymmetric returns, VCs aim to 
identify outliers within their portfolios that can provide substantial returns (Cochrane 2005). Although VCs 
evaluate factors like team, product, market environment, and strategy, they often face significant information 
asymmetry compared to the founders (Gompers et al. 2020; Kaplan & Strömberg 2004). To mitigate this, VCs 
syndicate and exchange information within their networks (Alexy et al., 2012; Ljungqvist et al., 2005). 
Universities are crucial to the entrepreneurial ecosystem, providing research for new technologies and attracting 
and educating the human capital necessary for launching businesses (Padilla-Meléndez et al. 2021; Rodríguez-
Gulías et al., 2016). However, there is a scarcity of studies examining the interrelation between universities and 
VCs. Existing literature, such as works by Atkinson, Croce et al., and Kremer et al. (1994; 2014; 2022), focus on 
university-affiliated or university-managed VC funds, while Cai et al. (2016) concentrate on VC-backed founders 
and executives from the US with MBAs from top-ranked business schools. There is a notable gap in the literature 
concerning the impact of proximity between universities and early-stage investors on start-up founding rates 
and success. This study aims to fill this gap by. The proposed hypotheses are: 

H1: Investors that have closer relationships with universities are investing in more successful start-ups. 

H2: Universities with closer relationships with early-stage investors are associated with more successful 
start-ups founded by their former students.  

H3: Universities with closer relationships with early-stage investors have a relatively higher founding 
rate of start-ups among their former students. 

These hypotheses were chosen to explore the multi-dimensional impacts of proximity, including its role in 
facilitating knowledge transfer, fostering trust, and enhancing coordination between investors and academic 
institutions. By testing these hypotheses, we aim to provide insights into how localized interactions within 
entrepreneurial ecosystems can foster innovation and growth. 

2. Background and Context  
2.1 Impact of Early-Stage Investors  

Funding is critical for start-up success (Cantamessa et al. 2018). Different types of investors, including family and 
friends (F&Fs), business angels, crowd investors, and VCs, contribute varied resources such as financial capital 
and social capital. F&Fs often provide initial seed funding and emotional support, which is crucial for nascent 
entrepreneurs (Berger et al. 2020). Their involvement can reduce the perceived risk of entrepreneurship and 
provide a safety net. However, their lack of experience in start-up investments can lead to complex ownership 
structures and administrative challenges (Bessière et al. 2020). Business angels offer both financial capital and 
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valuable networks, often investing locally and actively participating in the start-up's growth (Kelly 2007; Mason 
et al. 2016). They typically have entrepreneurial experience and provide mentorship, strategic advice, and access 
to their networks. Studies have shown mixed results on the impact of business angels, with some indicating 
significant positive effects on start-up success (Fili & Grünberg 2016; Kerr et al. 2014), while others find no 
substantial contribution (Cavallo et al. 2019). Crowd investments have gained importance, allowing start-ups to 
raise funds from a large number of small investors. This method is particularly effective for consumer products, 
as it combines capital raising with market validation and feedback (Brown et al. 2018). However, crowd-funded 
start-ups may struggle to attract traditional VC funding due to perceived lower quality and regulatory 
complexities (Mochkabadi & Volkmann 2020). Despite these challenges, crowd investors can provide a quick 
infusion of capital and initial customer engagement, critical for early-stage validation and growth (Mollick 2014). 
VCs are crucial in providing substantial financial resources and expertise. They perform rigorous due diligence 
and contribute to the start-up's strategic direction, leveraging extensive networks to facilitate growth (Gompers 
et al. 2020). VCs prioritize factors such as the founding team, business model, market potential, and product 
innovation when making investment decisions (Kaplan & Strömberg 2004). Their involvement often signals 
quality to other investors and stakeholders, thereby enhancing the start-up's credibility and access to additional 
resources (Barry et al. 1990). 

2.2 Impact of Universities  

Universities play a pivotal role in entrepreneurial ecosystems by generating knowledge, fostering innovation, 
and nurturing human capital (Audretsch 2014). The economic impact of universities has evolved from primarily 
political and social contributions to significant economic drivers, particularly through technology transfer and 
start-up support (Romer 1986). Universities contribute to start-up ecosystems by providing research, attracting 
and educating talent, and fostering an entrepreneurial mindset (Padilla-Meléndez et al. 2021). Knowledge 
spillovers from university research can lead to the development of new technologies and business models 
(Audretsch et al. 2012). This spillover effect is facilitated through collaborations, publications, and the mobility 
of skilled graduates who transfer knowledge to the industry (Acs et al. 2009). High-ranking universities with 
strong entrepreneurship programs tend to produce more successful founders (Cai et al. 2016). Entrepreneurship 
education provides students with the skills and knowledge needed to start and manage new ventures. These 
programs often include practical components such as business plan competitions, mentorship from experienced 
entrepreneurs, and access to incubation facilities (Franklin et al. 2001). Universities also facilitate start-up 
formation through technology transfer offices, incubators, and proof-of-concept centers, providing essential 
resources and support to nascent entrepreneurs (Audretsch 2014). These support structures help bridge the gap 
between academic research and commercial application, increasing the likelihood of successful start-up 
formation (Gaspar 2009). The concept of "entrepreneurial universities" highlights the shift towards a more 
proactive role in commercializing research and fostering start-up ecosystems (Harrison & Leitch 2010). 

2.3 Proximity of Investors and Universites 

The intersection of early-stage investors and universities is critical in the formation of university spin-offs. 
Existing literature evaluates the performance of university-led VCs (Atkinson, 1994; Croce et al., 2014; Kremer 
et al. 2022) and universities' roles in spin-offs (Alexy et al., 2012; Hayter, 2013; Lerner, 2004; Padilla-Meléndez 
et al. 2021; Wright et al., 2006). Additionally, factors such as coordination (Hayter, 2016b) and faculty 
entrepreneurial behavior (Hossinger et al., 2020) are significant, with venture capital being crucial to spin-off 
creation and success (Munari & Toschi 2011; Smith & Bagchi-Sen 2012). Notably, university-led VCs exhibit lower 
investment exit rates (Kremer et al., 2022). Knowledge spillover theory, where universities act as knowledge 
intermediaries and VCs as capital intermediaries, further elucidates the dynamics (Acs et al. 2013; Hayter 2016). 
For instance, VC-backed university spin-offs have a 20-26% higher commercialization rate (Hayter 2013), 
consistent with other studies (Harrison & Leitch 2010; Samila & Sørensen 2010). Universities can enhance start-
up support through strict admission criteria and initiatives like incubator programs and pitch events, which 
positively signal to investors and improve founding rates (Berger et al. 2020; Cai et al. 2016). Early-stage investors 
provide not only financial but also social capital, vital for start-up success. However, university spin-offs often 
face an equity gap as traditional investor types like friends and family are less available (Widding et al. 2009). 
The benefits of investor proximity to universities are debated. Some studies show that specialized networks or 
extensive diverse networks enhance investment performance (Alexy et al. 2012; Ljungqvist et al. 2005), while a 
mix of these networks does not (Alexy et al. 2012). Gompers et al. (2009) find that specialization and experience, 
rather than extensive networks, improve VC performance. Furthermore, VC-backed start-ups where the founder 
and VC executive share a business school background tend to be more successful (Cai et al. 2016). 
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3. Data and Methodology 
3.1 Data Collection 

The underlying data for this study was sourced from Welpe et al. (2021), who enhanced the Crunchbase 500  
(cb) list by adding German universities of the founders. The cb list from December 2020 ranks 500 German start-
ups based on criteria like the number of connections a profile has, the level of community engagement, funding 
events, news articles and acquisitions. An entity’s rank is fluid and subject to rise and fall over time. Time-
sensitive events such as product launches, funding events, leadership changes and news affect a company’s 
Crunchbase rank (Crunchbase 2021). The ranking position is assumed to correlate with start-up success. The 
given data set is not without its limitations. First, the data has a strong success bias since the data set only 
considers the best-ranked start-ups, according to Crunchbase. At the same time, the measurement of success is 
not 100% transparent since it is based on the intransparent Crunchbase algorithm. It cannot be guaranteed that 
Crunchbase’s ranking does not consider the educational background or the list of investors for their ranking. 
Alternative success measurements like IPO rate or failure rate are not suitable for the given list of start-ups due 
to the young age and recency of the analyzed start-ups (Gompers et al., 2009) and creation of job opportunities 
due to the different business models of the compared start-ups. From this list, 426 start-ups were identified with 
at least one founder who graduated from a German university. If founders studied at different universities, all 
were considered. University size was measured by the number of enrolled students as collected by Welpe et al. 
(2021). Ownership data were analyzed using the Amadeus database. Of the 426 start-ups, early-stage investor 
data were available for 401 start-ups. Early-stage is defined as an average of three years, encompassing periods 
from incubation/pre-seed to seed phase and seed phase to series A, typically lasting 12 to 24 months each 
(Cavallo et al. 2019). Dates of incorporation were verified through various online sources, including Germany's 
commercial register. The investor list included all shareholders, including founders who invested in other start-
ups. For instance, a founder from one of the 401 start-ups investing in another start-up counted as two start-up 
investments.  

3.2 Data Analysis 

This paper uses data from the Crunchbase 500 list for German start-ups from December 2020, supplemented by 
the educational background of founders and the respective start-ups' early investors. Two proprietary proximity 
scores were calculated to quantify the relationships between universities and investors.  

The proximity score PS(Investor) for an investor to universities has been calculated according to the following 
formula: 

𝑃𝑃𝑃𝑃(𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼) = 1 −�
𝑈𝑈(𝑖𝑖)
𝑖𝑖 𝑈𝑈𝑖𝑖

 

Here, i denotes the number of investments the investor has with one university. U(i) denotes the number of 
universities which are affiliated with the investor i times. The proximity score is high for investors who invested 
in start-ups affiliated with fewer universities, but more often with the same universities. A score of 0 would 
mean that all of the invested start-ups are associated with different universities. A score of 1 would mean that 
the investor invested in an infinite number of start-ups at the same university. In short, the PS(Investor) 
proximity score measures how concentrated an investor's investments are within a few universities 

Accordingly, the proximity score PS(University) for a university to investors is defined as follows:  

𝑃𝑃𝑃𝑃(𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈) = 1 −�
𝐼𝐼(𝑖𝑖)
𝑖𝑖 𝐼𝐼𝑖𝑖

 

Here, i denotes the number of investments at one university from the same investor. I(i) denotes the number of 
investors which are affiliated with the university i times. The proximity score is high for universities who received 
many start-up investment from a low number of investors. A score of 0 would mean that each start-up from the 
university was funded by different investors. A score of 1 would mean that an infinite number of start-ups at the 
university were funded by only one investor. The proximity score is higher for universities with fewer affiliated 
investors but more affiliated investors that invested in more start-ups from this university. The score ranges 
between zero – no investor invested in two or more start-ups from this university – and one – all investors 
invested in two or more start-ups from this university. In short, the PS(University) proximity score measures how 
concentrated a university's investments are from a few investors.  
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3.3 Descriptive Statistics – Investors  

The investor list was manually consolidated to identify related entities and individuals. The dataset comprised 
two tables. The first identified 237 investors with at least three investments in the 401 start-ups within three 
years post-incorporation, with 16 investors making ten or more investments. The second table included 86 
universities affiliated with at least three start-ups, with 26 universities affiliated with ten or more start-ups. The 
investors have been filtered for those with at least three investments in the given data set to have more reliable 
proximity scores that would be otherwise highly influenced by the small number of investments and, therefore, 
associated universities. The considered investors have between three and 37 different investments in the data 
set. The distribution of the number of investments can be seen in Table 1 and is highly concentrated at the lower 
end, with 44% of the investors with only three investments in the given data set and 19% with four investments. 
More than 93% have less than ten investments.  

Table 1: Frequencies of Variables in the Data Set Regarding the Investors 

 Mean Percentile 25 Median Percentile 75 Std. Deviation 

Number of investments 5 3 4 6 4 

Average cb rank of investments 213.72 156.14 204.33 263.67 77.76 

Proximity of investors to universities .19 .00 .17 .30 .17 

Proximity of investors to universities 
without zero scores 

.28 .17 .25 .35 .13 

Number of universities associated 
with investments - counted once 

10 6 9 12 7 

The scores are not normally distributed, with a high number of zero scores (Figure 1 (c)). The distribution of 
proximity scores larger than zero is almost perfectly normal (Figure 1 (d)). However, the large number of 78 
investors with a proximity score of zero results in an uneven distribution (Figure 1 (c)), which demands the use 
of non-parametric statistics for the analysis. The last relevant variable in this data set is the number of 
universities an investor is associated with. This variable is lognormal distributed, which is why all subsequent 
calculations use this variable's natural logarithm (ln). 

 
Figure 1: Histograms of Investor Related Variables 

3.4 Descriptive Statistics – Universities  

After filtering the data for universities with at least three start-ups in the data set, 86 universities are left to be 
analyzed. Those universities have a median of 17.952 students. The number of students is distributed close to a 
lognormal distribution; hence all subsequent calculations use the ln that shows a slight negative skew (see Figure 
2 (a)). The same applies to the number of start-ups affiliated with a university. However, compared to the ln of 

(a) (b) 

(d) (c) 
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the number of students, the ln of the number of start-ups has a strong positive skew due to the high number of 
universities with three and four start-ups in the data set (see Figure 2 (b)). 

Table 1: Frequencies of Variables in the Data Set Regarding the Universities 

 Mean Percentile 25 Median Percentile 75 Std. Deviation 

Number of students 20.662 8.350 17.952 30.153 15.110 

ln of number of students 9.54 9.03 9.80 10.31 1.06 

cb Startups per 100 students .1685 .0231 .0390 .0694 .5267 

ln of cb Start-ups per 100 students 1.58 .83 1.36 1.93 1.20 

Number of startups 10 4 6 11 11 

ln of number of startups 1.92 1.39 1.79 2.40 .78 

Average cb rank of startups 266.14 225.23 267.28 303.53 58.73 

Proximity to investors .0309 .0000 .0000 .0410 .0552 

Number of investors associated with 
this university 

115 39 68 122 141 

The number of students and the number of start-ups affiliated with a university in the given data set is deviating 
a lot which is why also the cb start-ups per 100 students deviate heavily across the universities. Again, the natural 
logarithm is used, which shows weak positive skew (see Figure 2 (c)).  

 
Figure 2: Histograms of University Related Variables 

4. Results  
The first hypothesis (H1) posits that investors with higher proximity scores are more likely to invest in successful 
start-ups. This analysis was conducted using the Kruskal-Wallis test, to account for the non-normal distribution 
of data. As Table 1 indicates most investors tend to invest in start-ups from a limited number of universities. This 
pattern suggests that certain investors may have a preference or specialization. In addition, Table 3 categorizes 
investors based on their proximity scores and the number of investments they have made. It can be deducted 
that investors with higher proximity scores frequently invest in start-ups from the same universities, suggesting 
a focused investment strategy. 

 

  
 

  
(c) 

(a) (b) 

(d) 
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Table 2: Distribution of Classed Investors According to their Proximity Scores 

 

 Proximity of investors to universities 

 

Count 
Count 
(%) Mean Median 

Std. 
Deviatio
n 

Proximity of 
investors to 
universities 

(classed) 

No proximity  78 32.9% .00 .00 .00 

Low proximity  19 8% .11 .12 .02 

Medium 
proximity 

 45 19% .18 .17 .03 

High proximity  47 19.8% .27 .28 .03 

Very high 
proximity 

 48 20.3% .45 .43 .10 

However, the K-test results show that there is no statistically significant correlation between higher proximity 
scores and the success rates of start-ups (p = 0.515). While there is a non-significant tendency for investors with 
higher proximity scores to invest in more successful start-ups, the correlation is not strong enough to be 
statistically significant (Table 4). Even though the mean ranks have the right direction for the stated hypothesis, 
the null hypothesis must be retained due to the high scattering of the cb rank average. The findings suggest that 
proximity is one of many factors influencing start-up success, and further research is needed to explore 
additional variables that might play a more decisive role. The pairwise comparison of the proximity scores of 
successful and less successful start-ups additionally aids the tendency for higher proximity scores to be 
associated with more successful start-ups. However, the statistical analysis confirms that this tendency is not 
significant, reinforcing the conclusion that proximity alone is not a decisive factor in start-up success. 

Table 3: K-test Results for H1 

 
The second hypothesis (H2) posits that universities with higher proximity scores are associated with more 
successful start-ups. Table 5 categorizes universities based on their proximity scores and the number of start-
ups they have produced. Higher proximity scores indicate that universities frequently produce start-ups that 
receive investments from the same investors. The categorization helps in understanding the concentration and 
focus of start-up investments at different universities. 

Table 4: Distribution of Classed Universities According to their Proximity Score 

 

Proximity to investors 

Count Count (%) Mean Median 
Std. 
Deviation 

Proximity to 
investors (classed) 

No proximity 45 52.3% .0000 .0000 .0000 

Low proximity 6 7.0% .0163 .0163 .0045 

Medium proximity 18 20.9% .0362 .0380 .0073 

High proximity 17 19.8% .1120 .0931 .0794 

The K-test results (see Table 6) show a statistically significant correlation between higher proximity scores and 
the success rates of start-ups (p = 0.065). This finding suggests that universities with higher proximity scores 
tend to produce more successful start-ups, indicating the importance of close relationships between universities 
and investors. The null hypothesis can be cautiously rejected. A subsequently conducted pairwise comparison 
between the different types of universities grouped by their degree of proximity (no proximity to high proximity) 
showed a significant difference between the groups with the highest proximity and the ones with no proximity 

      

Ranks 
 Proximity of investors to 

universities (classed) N 

Mean 

Rank 

Average cb rank 

of investments 

No proximity 78 128.07 

Low proximity 19 123.42 

Medium proximity 45 117.73 

High proximity 47 116.73 

Very high proximity 48 105.92 

Total 237  

 

Test Statisticsa,b,c 

 

Average cb rank 

of investments 

Kruskal-Wallis H 3.259 

df 4 

Asymp. Sig. .515 
a. Kruskal Wallis Test 
b. Grouping Variable: Proximity of investors to 
universities (classed) 
c. Some or all exact significances cannot be 
computed because there is insufficient memory. 
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(see Figure 3), supporting the statement that universities with high proximity to investors are associated with 
more successful start-ups on average than universities with no proximity to investors. 

Table 5: K-test Results for H2 

 
 

 
Figure 3: Pairwise Comparison of H2 

The third hypothesis (H3) posits that universities with closer relationships with early-stage investors have a 
relatively higher founding rate of start-ups. Again, this hypothesis was tested using the Kruskal-Wallis test, due 
to the non-normal distribution of the data. For H3, the groups based on the proximity of universities to investors 
are compared based on the relative founding rate. The relative founding rate is captured in the variable cb start-
ups per 100 students that divids the count of start-ups in the given data set per university by the number of 
students the university had in December of 2020. The results of the K-test show an asymptotic significance of 
0.003 (see Table 7), which indicates that the null hypothesis can be rejected. In other words, the groups of 
universities with different proximity to investors show statistically significant differences in relative founding 
rates. Of particular interest is the pairwise comparison, which reveals a statistically significant difference 
between universities with no proximity to investors and those with high proximity (see Table 7). Although other 
pairwise comparisons exhibit a similar trend—especially the group with high proximity—they do not reach 
statistical significance. This lack of significance could be attributed to the relatively small sample size of 
universities in the dataset. 

Table 6: K-test Results for H3 

 
Table 7: Pairwise Comparisons of Proximity to investors (classed) 

Sample 1-Sample 2 Test Statistic Std. Error Std. Test Statistic Sig. Adj. Sig.a 

o proximity-Low proximity -1.800 10.852 -.166 .868 1.000 

No proximity-Medium proximity -9.744 6.964 -1.399 .162 .970 

No proximity-High proximity -25.976 7.109 -3.654 <.001 .002 

Low proximity-Medium proximity -7.944 11.771 -.675 .500 1.000 

           

Ranks 
 Proximity to 

investors (classed) N 

Mean 

Rank 

Average cb rank of 

startups 

No proximity 45 48.02 

Low proximity 6 49.83 

Medium proximity 18 43.33 

High proximity 17 29.47 

Total 86  

 

Test Statisticsa.b.c 

 

Average cb rank 

of startups 

Kruskal-Wallis H 7.229 

df 3 

Asymp. Sig. .065 
a. Kruskal Wallis Test 
b. Grouping Variable: Proximity to investors 
(classed) 
c. Some or all exact significances cannot be 
computed because there is insufficient memory. 

 

  

Ranks 
 Proximity to investors 

(classed) N 

Mean 

Rank 

cb Startups per 

100 students 

No proximity 45 36.20 

Low proximity 6 38.00 

Medium proximity 18 45.94 

High proximity 17 62.18 

Total 86  

 

Test Statisticsa.b.c 

 

cb Startups per 

100 students 

Kruskal-Wallis H 13.820 

df 3 

Asymp. Sig. .003 
a. Kruskal Wallis Test 
b. Grouping Variable: Proximity to investors 
(classed) 
c. Some or all exact significances cannot be 
computed because there is insufficient memory. 
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Sample 1-Sample 2 Test Statistic Std. Error Std. Test Statistic Sig. Adj. Sig.a 

Low proximity-High proximity -24.176 11.857 -2.039 .041 .249 

Medium proximity-High proximity -16.232 8.445 -1.922 .055 .328 

Each row tests the null hypothesis that the Sample 1 and Sample 2 distributions are the same. Asymptotic 
significances (2-sided tests) are displayed. The significance level is .050. a. Significance values have been adjusted 

by the Bonferroni correction for multiple tests. 

To accurately interpret this result, one must consider the potential confounding effect of the number of start-
ups affiliated with a university. This variable likely influences both the proximity score and the cb start-ups per 
100 students score. Specifically, a higher number of start-ups at a university will naturally elevate the cb start-
ups per 100 students score. Concurrently, a greater number of start-ups tends to attract more investors, thereby 
increasing the proximity score between universities and investors (see Figure 4 and Figure 5). To address this 
potential confounder, we conducted a comparison of the proximity groups with respect to the natural logarithm 
of the number of start-ups associated with each university. This K-test resulted in even higher explanatory values 
for the group with no proximity (Table 7). At the same time, it does not show the strong tendency for the 
universities with high proximity to investors compared to the cb start-ups per 100 students (Table 8). 

Table 8: Pairwise Comparisons of Proximity to investors (classed) 

Sample 1-Sample 2 Test Statistic Std. Error Std. Test Statistic Sig. Adj. Sig.a 

No proximity-Medium proximity -26.000 6.894 -3.771 <.001 .001 

No proximity-Low proximity -27.806 10.744 -2.588 .010 .058 

No proximity-High proximity -40.507 7.038 -5.756 <.001 .000 

Medium proximity-Low proximity 1.806 11.654 .155 .877 1.000 

Medium proximity-High proximity -14.507 8.361 -1.735 .083 .496 

Low proximity-High proximity -12.701 11.739 -1.082 .279 1.000 

Each row tests the null hypothesis that the Sample 1 and Sample 2 distributions are the same. Asymptotic 
significances (2-sided tests) are displayed. The significance level is .050. a. . Significance values have been adjusted 
by the Bonferroni correction for multiple tests 

 

  

Figure 4: Pairwise Comparison for H3 Figure 5: Scatterplot of ln of Number of Startups and ln of 
Number of Investors Associated with this University 

This mixed result permits various interpretations. For instance, despite the increased sensitivity of the proximity 
score for universities with fewer start-ups and consequently fewer investors, universities with a very low number 
of start-ups do not exhibit high proximity scores to investors. This may be because universities with few start-
ups are less attractive to investors, or because the lack of investor focus leads to fewer start-ups being founded 
by students at these universities. This contradictory interpretation underscores a significant limitation of this 
finding, namely that it does not establish causality. 
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5. Discussion 
As presented in “4. Results” in detail, the test for H1 does not show statistically significant correlation between 
higher proximity scores of investors to universities and the success rates of their start-up investments, but they 
do hint towards the right tendency. For H2, the test results in a statistically significant correlation between higher 
proximity scores of universities to investors and the success rates of start-ups from former students of these 
universities. For H3, the tests show mixed results with statistically significant explanatory values for universities 
with no proximity to investors having lower founding rates of start-ups among their former students.” The 
findings suggest practical implications for both universities and investors. Universities should foster relationships 
with early-stage investors to enhance start-up success and founding rates. For investors, focusing on universities 
with strong entrepreneurial programs could yield better investment outcomes. Universities can enhance their 
entrepreneurial ecosystems by providing resources and support to facilitate start-up formation. This includes 
creating incubators, hosting pitch events, and connecting students with potential investors. Investors, in turn, 
can benefit from focusing on universities with strong entrepreneurial cultures and support systems, which are 
likely to produce more successful start-ups. The findings align with existing literature on the importance of 
networks and social capital in entrepreneurial ecosystems (Alexy et al. 2012; Gompers et al. 2020). Strong 
relationships between universities and investors can enhance the flow of information, resources, and support, 
leading to higher success rates for start-ups. The proximity score developed in this study provides a quantifiable 
measure of the relationship between universities and investors. Higher proximity scores indicate stronger 
relationships and higher levels of interaction, which can positively impact start-up success and founding rates. 
This score can be used as a benchmark for universities and investors to assess and improve their collaborative 
efforts. 

6. Conclusion 
This study underscores the importance of proximity between universities and early-stage investors in enhancing 
start-up ecosystems. The findings suggest that universities with strong relationships with investors tend to 
produce more successful start-ups and have higher founding rates. Future research should explore larger 
datasets and additional variables to confirm these findings. The limitations of this study include the focus on 
German start-ups and the use of the Crunchbase 500 ranking, which may introduce a success bias. Additionally, 
the proximity score is a simplified measure and may not capture all aspects of the relationships between 
universities and investors. Despite these limitations, the study provides valuable insights into the dynamics of 
entrepreneurial ecosystems and highlights the need for strong collaborations between universities and early-
stage investors. Overall, fostering closer collaborations between universities and investors can significantly 
enhance the entrepreneurial ecosystem. Future research should aim to establish causality and expand the 
dataset for more comprehensive insights. 
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