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Abstract​

This thesis examines the impact of founders on startup success, focusing on education, 

professional experience, and LinkedIn metrics. It analyzes university and workplace prestige, 

including consultancy or VC experience, and LinkedIn follower count as a connectivity 

measure. Using advanced text analysis with SBERT and TF-IDF embeddings, it evaluates 

LinkedIn posts and profiles—a novel approach in predicting startup success. Founder 

personality traits are predicted through X platform data linked to LinkedIn profiles via 

Crunchbase. A three-layered success definition offers a comprehensive framework for 

evaluating outcomes, providing new insights into the relationship between founder 

characteristics and startup success. 
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1. Problem Statement​

Accurately predicting startup success requires comprehensive information about founders to 

better understand their characteristics. Previous studies have utilized X data to predict 

founders' personalities as a feature for startup success, but the limited availability of X links in 

Crunchbase restricts its applicability. Moreover, prior research often examines individual 

founder features in isolation, making it challenging to determine their relative importance. 

Startup success is also frequently defined by singular metrics, such as M&A, IPOs, or funding 

raised, overlooking other successful startups.​

This thesis addresses these limitations by leveraging LinkedIn data—including comments, 

posts, reactions, and profile descriptions—which has never been used before in the context of 

startup success prediction and provides broader accessibility to founder information compared 

to social media data like X posts. It also evaluates a diverse set of founder features to assess 

their relative importance. Finally, a novel three-layered success definition is introduced, 

capturing a more inclusive and multidimensional view of startup success. 

2. Institutional Background ​

This study is conducted in collaboration with YunoAI, a pioneering AI technology company 

specializing in decision-making and market analysis solutions. YunoAI empowers 

stakeholders with actionable, timely data, guided by its values of innovation, integrity, 

customer-centricity, and sustainability. Its mission is to redefine business opportunity 

evaluation through data-driven approaches, fostering responsible economic growth and social 

impact. 

YunoAI’s expertise lies in its SaaS platform, which integrates structured and unstructured data 

to enhance the sourcing, screening, and evaluation of companies. With advanced NLP 

algorithms, its semantic search uncovers nuanced insights, enabling in-depth analyses of 

2 



 

financial, operational, and qualitative metrics. The platform automates analytical report 

generation using a generative AI engine, streamlining the interpretation of diverse data 

sources like social media, financial filings, and market reports into actionable insights. 

This collaboration demonstrates YunoAI’s commitment to data-driven innovation in the 

startup ecosystem. Leveraging its cutting-edge platform, the study develops a predictive 

model for startup success, analyzing founder. The partnership advances academic 

understanding and practical methodologies for decision-making in startup and investment 

contexts, reinforcing YunoAI’s role as a leader in data-driven solutions for dynamic markets. 

3. Literature Review  ​

Startups, with their growth potential and industry disruption, face failure rates of up to 90% 

(Gage, 2014), highlighting the importance of predicting their success.​

3.1 Early Models of Startup Succes ​

Early models of predicting startup success focused on as key indicators (MacMillan, Siegel, & 

Subba Narasimha, 1985; Gompers & Lerner, 2001). 

Today, the concept of success has expanded. Investors want is an increase of startup’s  future 

value. Beyond revenues and financial milestones, factors like team dynamics, social and 

environmental impact, product innovation, and market influence now play critical roles in 

startup valuation. As a result, startup valuation measures have become a common target 

variable for assessing success, capturing what matters to investors.​

3.2 Literature on Importance of Founders in Startup Success​

Research highlights the pivotal role of founders in startup success, emphasizing the influence 

of their characteristics, experiences, education, and personalities on venture outcomes 

(McCarthy et al., 2023; Brahmana et al., 2024). This focus on founders is especially critical in 
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the absence of financial or historical performance data during the early stages, making 

founder analysis a key predictor of success (Freiberg & Matz, 2023). 

Key factors influencing startup success are categorized within the KECCT framework: 

Knowledge, Experience, Competence, Characteristics, and Team dynamics (Virágh et al., 

2024). Founder personalities are significant predictors (Stenson, 2023; Freiberg & Matz, 

2023). This review synthesizes these insights, highlighting the critical role of founder-related 

factors in entrepreneurial success, offering valuable contributions to research and practice.​

3.2.1 Founder Education and Professional Background ​

The educational background and professional experience of founders have been shown to significantly 

influence startup oucomes (Pinelli et al. 2022; Kimani 2024). ​

Educational Impact ​

Research by AngelList reveals that startups led by alumni from less traditionally prestigious 

institutions, such as the University of Washington and University of Waterloo, often achieve 

higher markup rates compared to those from elite universities like Stanford, MIT, and Harvard 

(Othman & Speiser, 2021). While elite university affiliations provide advantages, such as 

higher initial valuations in early-stage funding due to access to robust networks, these benefits 

do not guarantee long-term entrepreneurial survival. In fact, high initial valuations may result 

in lower markup rates in subsequent funding stages.​

Entrepreneurial education fosters innovation, persistence, and effective networking with 

mentors, supporting founders in creating successful ventures (Kimani, 2024). While the 

impact of university prestige is limited, there is a clear correlation between founders holding a 

university degree and an increased likelihood of success (Shanar, 2023).​

Professional Experience  

Professional experience plays a pivotal role in determining founder success and startup 

performance, with several key aspects emerging as particularly influential: ​

Prior Work Experience ​
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The length and relevance of a founder's work experience strongly influence startup success. 

Extensive experience helps secure funding through industry knowledge and networks, 

enhancing market navigation and connections (Alfons, 2022; Stenson, 2023).​

3.2.2 Founder Interests and Hobbies ​

Founders' interests and habits, such as regular physical activity or sports, contribute to startup 

success by enhancing stress management, discipline, and well-being (Freiberg & Matz, 2024).​

3.3.3 Founder Personality Research ​

The Big Five personality traits significantly influence startup success predictions. Research 

identifies six founder personality types—fighters, operators, accomplishers, leaders, 

engineers, and developers—demonstrating diverse paths to success without a single ideal 

personality (Banerji & Reimer, 2019a; Otterlei & Wik, 2023; Brahmana et al., 2024).​

3.3.4 Machine Learning Models and datasets  ​

Research on predicting founder success emphasizes individual traits, with Crunchbase—a 

platform offering business information on private and public companies—and LinkedIn data 

as key sources. LinkedIn data, including education, experience, and connectivity metrics, 

enhances models by reflecting network reach (Banerji & Reimer, 2019b; Te et al., 2022).​

Predicting founder personality is challenging, but the PANDORA dataset facilitates analysis 

using X (formerly Twitter) posts labeled with Big Five personality scores, applicable for 

founders linking X profiles on Crunchbase (Gjurković et al., 2021). Traits like high openness 

and low neuroticism strongly correlate with success (Braesemann & Stephany, 2023). Models 

such as XGBoost, random forests, and neural networks using TF-IDF or BERT embeddings  

are commonly employed for text vectorization (Stenson, 2023; McCarthy et al., 2023b).​

Personality traits, alongside education, experience, interests, and network connectivity, remain 

critical predictors, highlighting the multifaceted nature of entrepreneurial success. 
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4. Data 

4.1 Data Overview and Sources​

The data pipeline of the company and founder data is visualized in the following figure. The 

text will refer to this figure. 

 

 

 

 

 

 

​

Figure 1: Data Flow, Nr. 1-17 

The data collection for this study began with the YunoAI dataset, which was primarily based 

on data from Crunchbase. We expanded and refined this dataset by incorporating additional 

data from Crunchbase, LinkedIn, and X (formerly Twitter). These multiple sources allowed us 

to create a comprehensive framework for analyzing startup success, with a focus on features 

related to funding, founders, and investors. 
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4.2 YunoAI Dataset ​

The YunoAI dataset was the backbone of our analysis, comprising 469,579 records across 30 

variables in JSON format (Figure 1: Data Flow, Nr. 1). From this dataset, we retained the 

most relevant columns for our analysis.  

4.3 CrunchBase Datasets Integration​

To enhance the initial dataset, we incorporated additional data from CrunchBase. CrunchBase 

offers insights into investments, funding rounds, acquisitions, and key industry players, 

making it an essential resource for professionals in venture capital, private equity, and 

entrepreneurship to track market trends and assess business performance. 

The dataset was enriched by integrating four specific data sources from CrunchBase: 

1.​ General Company Data: Companies’ operating status (Figure 1: Data Flow, Nr. 2). 

2.​ Acquisitions data: Companies’ acquisitions status (Figure 1: Data Flow, Nr. 3).  

3.​ Funding Data: funding round data –type, amount, and date– (Figure 1: Data Flow, Nr. 4).   

4.​ Investors Data: Individual and institutional investors of funding rounds  

4.4 Subset Dataset of enriched YunoAI Data​

A subset of the enriched dataset (Figure 1: Data Flow, Nr. 1-5) was created, containing 10,000 

companies (Figure 1: Data Flow, Nr. 6). This subset included features like funding round 

dates, amounts raised, and operating status (active, IPO, or M&A) and focused on western 

English-speaking companies in the USA, UK, Canada, and Australia, founded between 2010 

and 2020 (Western Countries, 2024). 

Focusing on English-speaking companies enabled consistent analysis of LinkedIn text data, 

such as descriptions and posts, for predicting founders' personalities and their impact on 

startup success. The 2010–2020 timeframe provided relevant data while balancing historical  
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and contemporary insights. Key variables, such as employee range, last round type, and 

founding year, were balanced to minimize biases.​

4.5 Founders' LinkedIn URLs Dataset​

Using a subset of 10,000 startups, LinkedIn company page URLs (Figure 1: Data Flow, Nr. 7) 

were used to extract founder information (Figure 5, Appendix). Automated Selenium scripts 

searched the "People" section for keywords like "founder" or "co-founder," creating a CSV 

file linking startups to LinkedIn profiles (startup_name and profile_link, Figure 6) and 

producing a dataset of founders (Figure 1: Data Flow, Nr. 8).​

From 10,000 startups, 38,800 potential founders or team members were identified across 

6,811 startups, as many lacked valid LinkedIn URLs due to closures, renaming, or 

acquisitions. Google Lens OCR and reverse image search recovered inaccessible profiles, and 

rule-based filtering removed irrelevant entries. Ethical guidelines, including LinkedIn policy 

compliance and data anonymization, were adhered to (Matić & Jukić, 2020; Islam & Kang, 

2022).​

4.6 Founders' LinkedIn Profiles Dataset​

Professional and educational data were collected from LinkedIn profiles using automated web 

scraping via Selenium. The data, stored in JSON format for seamless analysis (Figure 7, 

Appendix), included basic information such as names, locations, and follower counts. It also 

encompassed professional experience, including job titles, companies, LinkedIn URLs, and 

employment durations. Additionally, education details were captured, such as degrees, 

institutions, URLs, and attendance years. Engagement metrics, including posts, comments, 

and likes, were also included. 

Dynamic content loading, particularly for engagement metrics, required up to five scrolls per 

profile. Scraping adhered to ethical guidelines, capturing only public information and using 

multiple LinkedIn Premium accounts to comply with daily limits (~300 profiles/day). This 
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time-intensive yet ethical process spanned several months to ensure high-quality data 

collection.​

4.7 University Rankings Dataset for calculating University Prestige Score​

University prestige was quantified using three ranking levels: global rankings (QS, Times 

Higher Education, ARWU Shanghai, CWUR), regional rankings (e.g., QS Regional 

Rankings), and subject-specific rankings (e.g., QS Subject Rankings, Financial Times 

Rankings). These rankings were combined into a single ranking score, offering a nuanced 

evaluation of educational pedigree across geographic and disciplinary contexts.​

4.8 Five Thousand Closed Startups scraped from Crunchbase ​

For a prediction model we do not only need open, but also closed companies which failed to 

have an unbiased prediction. For this we scraped the company profiles from Crunchbase 

(Figure 1: Data Flow, Nr. 9). In this case we did not have to exclude companies which were 

founded after 2020 because we can already see their performance outcome, even if they got 

founded after 2020. They got closed. "Closed" can indicate bankruptcy, merger, or 

acquisition, as detailed in the company status column. This dataset also provides information 

on funding raised, funding rounds, founder Crunchbase profiles, investors, industry, and 

company description. ​

4.9 Links open Startups scraped from Crunchbase ​

Based on the Crunchbase profile links (Figure 1: Data Flow, Nr. 10) we scraped the 

Crunchbase founders’ profiles to get their LinkedIn links. While scraping the LinkedIn links 

we also scraped the twitter links of the founders. While most of the time the founders put their 

LinkedIn link on Crunchbase only few founders put their X (Twitter) link on Crunchbase. ​

4.10 LinkedIn scraped Profiles closed  

Based on the LinkedIn links extracted from the founders we could also scrape the LinkedIn  
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profiles of the closed startups (Figure 1: Data Flow, Nr. 11). In the end there were 

approximately 3 thousand profiles, because some of the LinkedIn links were inactive already, 

or sometimes there was no LinkedIn link in the founder’s Crunchbase profile.  ​

4.11 Open Startups scraped from Crunchbase​

Some founder Crunchbase profiles included both Twitter and LinkedIn links, presenting an 

opportunity to predict founder personality using X posts labeled with PANDORA's 

personality database. By extending the predicted personality labels to LinkedIn profiles, we 

aimed to enable personality prediction of LinkedIn profiles, which currently lacks linked 

personality data. To avoid bias, the model included open startup founders with both LinkedIn 

and X links. The same Crunchbase scraping process was applied to open and closed startups, 

resulting in a dataset of open startups with founder Crunchbase profiles (Figure 1: Data Flow, 

Nr. 12, 13).​

4.12 Link open Startups scraped from Crunchbase ​

Similar to the closed startups, we scraped founder Crunchbase profiles from the open startups 

to obtain founder LinkedIn and X links. Of the 800 profiles with both links, we scraped both 

X and LinkedIn profiles of the founders (Figure 1: Data Flow, Nr. 16). We also scraped X 

profiles for the 1,200 closed startup (Figure 1: Data Flow, Nr. 16) founders with X links that 

were already scraped from Crunchbase profiles. ​

4.13 Personality Labelled 1.5 thousand profiles  

Personality prediction for X profiles was conducted using various models, including Random 

Forest, XGBoost, combined with SBERT, and TF-IDF vectorization. The pretrained 

BertForSequenceClassification model with uncased tokenization ([BERT Transformer 

Library]) achieved the best performance, with an MSE of 0.0781, MAE of 0.2308, and 

Training Loss of 0.0683, indicating approximate personality labels. A major limitation was 

the dataset's small size (Figure 1: Data Flow, Nr. 18), as only 1,500 labeled LinkedIn profiles 
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were derived from 10,000 scraped companies, constrained by the limited number of founders 

with both LinkedIn and X links. This small training set restricted the effectiveness of the 

LinkedIn personality model and contributed to the approximations in labeling. 

5. Definition Startup Success ​

This part of the thesis defines success in three layers, each focusing on the performance 

achieved after the startup's first five years. The focus on performance after five years is 

motivated by two reasons. First, as the literature review has shown, the founder's role is a 

significant and critical factor, especially in the early stages of a startup's life. Second, 

examining performance after five years helps mitigate potential bias related to the varying 

ages of startups.  

5.1 Success through M&A, IPO, and Failure through Bankruptcy 

The first layer predicts whether the company will be acquired, merged, achieve an IPO within 

five years, or close because of bancruptcy. If a company closes due to being merged into the 

acquiring company, it is considered a success because the original company’s closure is a 

result of the merger. For this reason, this part of the thesis defines a company as successful if 

it closes within the first five years due to a merger or acquisition. Additionally, for this thesis, 

achieving an IPO is defined as a success, even if the company closes afterward.​

 5.2 Success measured in Funding Amount raised​

The second layer of success prediction assesses how much money the company raised within 

its first five years. This data is extracted from the initial financial dataset, which was merged 

with the dataset shared by YunoAI. It is crucial to consider the timing of the funding rounds, 

as companies founded from 2010 onwards are included. For this success metric, the amount 

of money raised by each company founded in the first year 2010 is calculated until 2015. 
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However, a limitation of this success variable is that it relies on Crunchbase datasets, where 

not all companies disclose the funding amounts for each round. In some cases, only the 

number of investment rounds is reported. ​

5.3 Success measured in Number of Funding Rounds raised​

For this reason, this part of the thesis introduces a third level of success: the number of 

funding rounds the startups raised. ​

5.4 Benefit of the Three-Layered Success Definition​

This framework addresses weaknesses in individual predictors. Solely tracking acquisitions, 

mergers, or IPOs overlooks unicorns with high revenue but no exit. Adding funding amount 

predictions captures such companies, while funding round counts offer insights for companies 

not disclosing amounts. However, these alone are insufficient since fundraising success may 

not prevent bankruptcy. Combining all three ensures a more comprehensive evaluation of 

well-funded and sustainable startups.​

5.5 Implementation of this three layered Success Definitions​

The choice of a 5-year period, rather than 2, 3, or 4 years, was due to data limitations in the 

closed dataset, which only provided the total funding raised over a startup's lifetime without 

time-specific details. A shorter timeframe would have excluded many older companies, 

significantly reducing the dataset. By using a 5-year window, most closed 

companies—specifically those that ceased operations within 6 years—could be included, 

under the assumption that startups typically do not raise funds in their final year before 

closure. This assumption is supported by research indicating an average startup runway of 18 

months (Vick, 2019; Brex, 2024), and further validated by analysis showing that 86.6% of 

merged or acquired companies did not raise funds in the year preceding these events 

(Appendix 1).​

For IPOs, only two companies achieved this status between years 5 and 6, and they were 
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excluded to maintain consistency. Success for the first layer is defined as whether a company 

went bankrupt, achieved an IPO, was merged, or acquired within 5 years, with events 

occurring in the sixth year treated as neutral. For the second layer, total lifetime funding was 

used, assuming no additional funding in the final year, which also allowed for determining the 

number of funding rounds.​

Restricting the dataset to companies closed within 6 years introduced some bias, excluding 

1,500 closed companies and reducing the closed dataset to 2,780 companies. Similarly, open 

companies founded in 2020 were excluded, reducing the open dataset by 250 entries. 

6. Experience and Education ​

As highlighted in the literature review, previous research indicates that a high level of 

education is a predictor of founder success, particularly in the early stages. However, the 

prestige of a university does not always correlate with long-term success, as alumni from less 

prestigious institutions, such as the University of Washington and the University of Waterloo, 

have also demonstrated notable success (Othman and Speiser, 2021).​

To assess the influence of educational and professional experiences on startup success, this 

thesis introduces next to a unified score of company and university prestige, a scoring system 

for universities and companies. Universities are assigned success and failure scores based on 

the percentage of alumni in the dataset who succeeded or failed as founders. To balance 

accuracy and coverage, scores are calculated at three thresholds: universities with at least 5, 

10, and 20 alumni founders in our dataset. This prevents unreliable scores from universities 

with too few alumni while maintaining sufficient predictive coverage. Similarly, a scoring 

system is applied to companies, complementing the previously calculated company prestige 

score for founder-market fit.​

For each founder, the average of success scores derived from their education and professional 

experience is computed. Additionally, the number of universities attended and job experiences 
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is captured as separate features to provide further predictive power. This metric accounts for 

the founder’s education level (e.g., whether they attended university) and offers insights into 

their experience level. While the number of jobs includes both internships and full-time 

positions without distinction, this limitation can be addressed in future research.​

The scoring system, while limited by dataset size, offers valuable predictive variables for the 

final model and interesting insights. For instance, universities with the highest success scores 

tend to rank higher on average compared to those with the highest failure scores, although 

prestigious institutions appear in both groups (Appendix 2: Figure Success; Appendix 3: 

Figure Failure). 

7. Founders connectivity ​

The literature review highlighted that connectivity is a key factor in a founder's success. In the 

context of founder connectivity, previous research has used the number of LinkedIn followers 

as a predictor of startup success. This part of the thesis will also incorporate the number of 

LinkedIn followers as a predictor to evaluate its relative importance.  

8. LinkedIn Comments, Posts, Reactions,  and Profile Descriptions ​

8.1 Numerical features ​

From the founders' LinkedIn activity, numerical metrics were extracted from posts, 

comments, and reactions to quantify their online engagement. For posts, the metrics include 

the total number of posts created by the founder, the number of reposts, repost frequency per 

post, timing of the posts (measured in days since posting), and engagement indicators such as 

the number of comments and overall interactions. These metrics are utilized to assess the 

founder's connectivity and popularity within their professional network. ​

For comments, the analysis captures the total number of comments posted by the founder and 

the engagement metrics (likes, comments, and reposts) associated with the posts they 
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commented on. This provides insights into whether the founder engages with niche, 

personalized content or broader, widely viewed content posted by individuals with higher 

popularity.​

For reactions, the analysis includes the number of posts the founders reacted to and the timing 

of these posts, offering additional data on their engagement patterns and temporal activity.​

8.2 Text Features ​

Textual predictors were extracted from founders' LinkedIn profile descriptions, comments, 

posts, and the posts they reacted to using a systematic four-layered approach. First, 

unsupervised learning techniques were employed to derive textual features. Second, sentiment 

analysis was performed using pre-trained models to evaluate the emotional tone of the texts. 

Third, supervised learning methods were applied to classify the texts and predict the 

likelihood of founder success based on the first-layer success definition. Lastly, personality 

traits were predicted for the founders based on their textual content.​

To predict personality traits, a model was trained on labeled LinkedIn data and applied to the 

remaining profiles. The labels for LinkedIn profiles were obtained by matching X profiles to LinkedIn 

profiles via Crunchbase. The X data personality predictions were generated using a model trained on 

publicly available X posts annotated with personality traits of the respective authors.​

The same analysis pipeline was applied to posts, comments, profile descriptions, and reacted-to 

content. Models requiring text embeddings were executed twice—once using TF-IDF embeddings and 

once with BERT Sentence Transformer embeddings. TF-IDF captures the relevance of words in a text 

(Ali and Quaiser, 2018), while BERT Sentence Transformers provide advanced embeddings that also 

encapsulate the semantic meaning of the text (Yin and Zhang, 2024).​

8.2.1 Unsupervised text feature training​

Unsupervised models were implemented using K-Means clustering to identify broad topics 

within the textual data. Cluster topics were determined by extracting the most frequently 

occurring words in each cluster. Hyperparameter optimization was conducted through grid 
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search, using the Silhouette Score as the performance metric. The Silhouette Score measures 

the cohesion of data points within a cluster relative to their separation from other clusters, 

where -1 indicates poor clustering, 1 indicates perfect clustering, and values near 0 suggest 

overlap between clusters.​

For founder posts, the Silhouette Score ranged from 0.013 to 0.0336, with TF-IDF 

vectorization outperforming BERT embeddings. For posts reacted to by founders, scores 

ranged from 0.0084 to 0.0271, where BERT embeddings demonstrated slightly better 

performance (Appendix 5: Kmeans Clusters of text features). Profile descriptions achieved 

Silhouette Scores ranging from 0.0085 to 0.0405, with SBERT embeddings combined with 

optimized K-Means clustering yielding scores more than twice as high as other methods. 

Comments exhibited scores between 0.02667 and 0.1262, with TF-IDF vectorization 

consistently producing superior results (Appendix 5: Kmeans Clusters of text features).​

The results demonstrate the feasibility of clustering textual data, with some Principal 

Component Analysis (PCA) cluster visualizations showing distinct clusters, while others 

exhibit significant overlap (Appendix 5: Kmeans Clusters of text features). The combined use 

of TF-IDF and BERT embeddings provides flexibility, as performance varies depending on 

the dataset. In all cases, hyperparameter optimization improved the Silhouette Scores, 

indicating better clustering performance. Examining the TF-IDF PCA plots suggests that the 

clustering quality appears to deteriorate after hyperparameter optimization. This effect is 

primarily due to the increased number of clusters, which makes it visually challenging to 

distinguish which data points belong to specific clusters. The increased Silhouette Score 

suggest an improvement of the clusters (Appendix 5: Kmeans Clusters of text features).​

Higher Silhouette Scores observed for comments, compared to other text types, are likely 

attributable to the higher amount of comment data since the scraping algorithm appears to 

extract more comment data.​
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Latent Dirichlet Allocation (LDA) was applied using Gensim to perform probabilistic topic 

modeling. LDA aims to uncover hidden topics within a collection of texts by assuming that 

each text is generated by a mixture of topics, with each topic represented by a distribution of 

words (Yu and Xiang 2023). LDA does not require embeddings and is therefore independent 

of TF-IDF and BERT vectorization. ​

For BERT vectorization, BERTopic was utilized. BERTopic integrates transformer-based 

embeddings, such as BERT sentence transformer embeddings, with traditional clustering 

techniques to generate coherent and interpretable topics. Additionally, BERTopic maps the 

distance between topics, providing a visual representation of their relationships (Appendix 6: 

BERTopic Clusters of Text Features).The visualization indicates that the distance between 

topics in LinkedIn profile descriptions appears smaller, with the topics being more dispersed 

compared to comments, which exhibit three distinct and well-separated topic areas. This 

observation aligns with the word cloud analysis, where comments frequently feature words 

such as “thank,” “love,” “congrats,” and “congratulations,” reflecting a consistent theme of 

congratulatory or appreciative remarks related to posts. In contrast, the word cloud for profile 

descriptions includes terms like “technology,” “company,” “product,” “experience,” and 

“business,” suggesting a broader and more diverse range of topics, as reflected in the 

BERTopic results (Appendix 4: Word Clouds).​

8.2.2 Sentimental text feature training​

For sentiment analysis, the Valence Aware Dictionary and Sentiment Reasoner (VADER), a 

rule-based model, was employed. VADER analyzes text using a predefined lexicon and 

heuristic rules, returning probabilities for positive, neutral, and negative sentiment categories. 

Additionally, it provides a compound score, a normalized metric summarizing the overall 

sentiment of the text. To complement this analysis, an API from Weights & Biases (W&B 

SDK) was utilized to further enhance sentiment evaluation, offering a broader perspective on 
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the sentiment distribution within the dataset.​

8.2.3 Supervised text feature training​

To ensure the integrity of the supervised learning process and prevent data leakage, an 

additional split of the training data was performed during feature training. The data used to 

train the final model was entirely separate from the data used to train the supervised features. 

These features were trained on the same half of the training data from which the success and 

failure scores for universities and companies were extracted. This approach ensured that the 

final dataset never implicitly encountered the target variable, even through features trained on 

it. As a result, the final prediction using the supervised features relied solely on the second 

half of the training dataset.  

For supervised models using TF-IDF and BERT sentence embeddings, logistic regression, 

random forest classifier, XGBoost, and a neural network were implemented. Initially, basic 

versions of these models were run, followed by fine-tuning their hyperparameters using 

randomized search to save time, as grid search would have been too time-consuming. Since 

the dataset was imbalanced—with most companies categorized as neutral (neither failing nor 

succeeding according to the success definitions in this thesis)—additional steps were taken to 

address this issue. ​

To handle the imbalance, the hyperparameters were optimized to improve Macro-Averaged 

Accuracy. This metric calculates the accuracy for each category independently and then 

averages them, ensuring equal weight for each category regardless of its size. Furthermore, 

specific adjustments were made for each model.  ​

For logistic regression and the random forest classifier, the class_weight parameter was set to 

“balanced,” which adjusts weights by dividing the total number of samples by the product of 

the number of classes and the class frequency. This adjustment ensured that minority classes 

contributed more during training. ​
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For XGBoost, the scale_pos_weight parameter was set to the ratio of negative to positive 

classes, biasing the model towards minority classes.  ​

For the neural network, class_weight during training were set up to balance the importance of 

each class. ​

Additionally, SMOTE (Synthetic Minority Oversampling Technique) was applied to 

oversample the minority classes, creating a more balanced training set. This combination of 

techniques allowed the models to handle the dataset’s inherent imbalance effectively while 

enhancing their ability to generalize to unseen data. ​

The results indicate that, for posts, comments, posts the founder reacted to, and profile 

descriptions, the Logistic Regression model based on SBERT embeddings achieves the best 

performance in terms of Macro-Average Accuracy (Appendix 7: Supervised Feature 

Training Performance). This superior performance can be attributed to a relatively high 

Macro-Average Recall, demonstrating that the model captures a relatively bigger proportion 

of actual true values in the classification task. 

Furthermore, the results suggest that the profile description (highlighted in blue in Appendix 

7) exhibits the highest overall predictive power, as evidenced by its consistently superior 

performance across Macro-Average Accuracy, Macro-Average Precision, and 

Macro-Average Recall. It is important to note that accuracy, as a performance measure, is 

less informative in this case due to the imbalanced nature of the dataset.​

An evaluation of the overall performance of the classification models reveals that predicting 

the first layer of success definition using a single classification algorithm applied to individual 

text elements—such as a post, comment, post a founder reacted to, or a LinkedIn profile 

description—does not yield promising results, as the performance remains close to random 

(Appendix 7: Supervised Feature Training Performance). This outcome is expected, as it is 

unlikely that a founder’s success can be accurately predicted based on a single text element 
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alone.​

However, combining these text elements with a diverse range of extracted features provides a 

foundation for a more robust prediction model. Therefore, a comprehensive variety of feature 

extraction techniques has been applied to these texts. All the results from the supervised 

models, regardless of their individual performance, will be incorporated as features into the 

final prediction models. The final model will then determine the most relevant features for 

accurately predicting startup success.​

Despite the limited predictive power of individual text elements, the results of the supervised 

feature training are still valuable. They demonstrate that even a single text component can 

provide slight indications of a startup’s success, reinforcing the potential utility of these 

classifications as input features for the final prediction model.​

8.2.4 Personality Prediction of the Founders the Texts Belong to​

For the personality prediction, linear regression was employed as a baseline model, along with random 

forest, XGBoost, and neural networks, for both TF-IDF and BERT sentence transformer embeddings. 

While hyperparameter optimization was attempted using both grid search and randomized search 

during the model development process, neither approach yielded significant improvements in model 

performance. Across all models, the performance metrics remained almost identical. The mean 

squared error (MSE) consistently ranged between 0.002 and 0.003, while the R-squared value ranged 

between -0.5 and -0.0025. ​

A negative R-squared value indicates that the model performs worse than a simple baseline 

that predicts the mean of the target variable. This suggests that the models fail to explain the 

variance in the personality scores, meaning the target labels exhibit very low variance. 

Consequently, even the average prediction results in a high MSE, as evidenced by the 

negative R-squared value for models with an MSE of 0.002, where the average prediction 

outperforms the models. ​

This lack of variance poses a significant challenge for feature building, as the objective is to 
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explain the deviation from the mean using predictive features, which the models are unable to 

achieve. This limitation is likely attributed to substantial biases in the data, as previously 

discussed in the data pipeline part of the thesis. While the idea of labeling data based on 

predictions from X remains conceptually appealing, it appears to be impractical for effective 

application in this context. ​

The negative R-squared value indicates that the variance in personality cannot be explained 

by the personality predictions from individual text elements, rendering the prediction of 

personality based on these features infeasible. The extracted features do not provide 

meaningful information about the variance in founder personality. Consequently, this thesis 

does not pursue a final personality prediction based on these personality features.​

However, these features will still be included in the final startup success prediction model, as 

they capture some variation in the text that may contribute to the overall prediction. It is 

important to note that the personality features do not reflect the actual personality of the 

founder but instead capture unrelated variations in the text that may offer some insight into 

the final prediction outcome.​

For the supervised models, the final predictions were not directly extracted as features; 

instead, the probabilities of a given text belonging to each target variable were utilized. This 

approach ensures maximal information extraction from the features before integrating them 

into the final models. To obtain probabilities, the predict_proba function was applied for the 

Logistic Regression, Random Forest Classifier, and XGBoost Classifier models. For the 

neural network, the probabilities were derived from the softmax layer outputs. All predicted 

probabilities were subsequently incorporated as features in the final prediction model. 

9. Final Success Prediction Model​

In the final model, all features were merged into a single DataFrame with 785 features, 

including cluster and classification elements. The first layer of startup success, a categorical 
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variable requiring class imbalance handling, was predicted separately, while the second and 

third layers, both continuous variables, were predicted simultaneously to leverage shared 

patterns and dependencies. Models capable of handling missing values internally were used to 

avoid introducing bias from imputation. XGBoost and a neural network were compared: class 

imbalance in XGBoost was managed using the scale_pos_weight parameter, while in the 

neural network, class weights were calculated using compute_class_weight and applied 

during training. XGBoost achieved superior performance with a Macro-Averaged Precision of 

0.57 and a Macro-Averaged Recall of 0.42 (Appendix 8: Final Models XGBoost First Layer 

Success).​

For the prediction of the second and third layers of startup success, a comparison of Random 

Forest, XGBoost, and LGBMRegressor showed LGBMRegressor as the best-performing 

model. To assess feature importance, several data subsets were tested: experience and 

education alone, LinkedIn profile descriptions, posts/reactions/comments, and all data 

excluding followers (Appendix 8 and Appendix 10).​

For the first-layer success prediction (mergers, acquisitions, IPOs), posts, reactions, and 

comments outperformed education and LinkedIn profile descriptions, highlighting the 

potential of text-based features for success prediction. However, caution is warranted due to 

forward-looking bias: recent LinkedIn activity may be influenced by a founder's success or 

failure. While followers slightly improved the model's Macro-Averaged Precision from 0.56 

to 0.57 (recall remained at 0.42), they also exhibit this bias. In contrast, experience, education, 

and static features like the LinkedIn “About” section are less prone to such issues.​

Feature importance analysis revealed that for the first-layer success definition, unsupervised 

text features were more influential than supervised ones, while for the second and third 

layers, supervised features played a larger role. Consistent with prior research, university 

prestige was a top predictor for fundraising (second/third layers) but not for first-layer 
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success. Instead, the percentage of successful founders from an institution proved more 

insightful, underscoring the value of institutional success rates over rankings. Notably, VC 

experience emerged as the most relevant experience variable for predicting first-layer success 

but showed limited impact on fundraising outcomes, offering a novel insight.​

The results demonstrate a notable predictive capacity, highlighting the importance of founders 

in startup success. For the first-layer success definition, a model with limited forward-looking 

bias—using only experience, education, and LinkedIn profile descriptions—achieved a 

significant performance improvement over the random baseline, with Macro-Average 

Precision increasing from 0.34 to 0.49 and Macro-Average Recall from 0.33 to 0.35. This 

confirms that founders influence startup success, though the predictability remains limited. 

When including features with forward-looking bias, the performance further improved, with 

Macro-Average Precision reaching 0.57 and Macro-Average Recall 0.42 (Appendix 8: 

Final Models XGBoost First Layer Success).​

For the second and third success layers, education and experience explained some variance in 

the number of funding rounds but showed limited predictive power for posts, comments, and 

reactions. Combining LinkedIn profile descriptions with experience and education 

substantially improved performance. The final model reduced the Mean Absolute Error 

(MAE) for the third layer from 69.568 million to 54.282 million and improved R-squared 

from -1.3758 to 0.0747. For the second layer, the MAE improved from 1.0836 to 0.8309, and 

R-squared increased from -0.8959 to 0.1005 (Appendix 10: Final Models LGBMRegression  

Second, Third Layer Success). Overall, the results show stronger predictive performance for 

the first-layer success definition compared to the second and third layers. 

10. Limitations​

This study has several limitations that may impact the results and generalizability of the 

findings:​
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10.1 Small and Biased Personality-Labeled Dataset:​

The LinkedIn profiles with personality labels represent a small and biased dataset, making it 

infeasible to achieve reliable personality predictions. The extracted text features failed to 

explain the variance in personality traits, limiting the predictive capacity of personality-based 

features.​

10.2 Assumptions in Success Definition:​

For the closed dataset, it was assumed that companies do not raise funds during their final 

year before closure. While practical, this assumption introduces bias, as it does not always 

reflect reality. Additionally, excluding companies that fail later than six years post-founding 

introduces further bias into the dataset.​

10.3 Data Availability Bias:​

The analysis was restricted to founders with profiles on both Crunchbase and LinkedIn, as 

well as corresponding company profiles on either platform. This exclusion inherently biases 

the results, as not all founders meet these criteria.​

10.4 Reliance on Crunchbase Data:​

The study assumes the accuracy of Crunchbase data, though funding information is frequently 

incomplete or missing. To mitigate this limitation, a third success metric—based on the 

number of funding rounds—was introduced.​

10.5 Assumption of Founder Status:​

LinkedIn scraping was conducted using filters to identify individuals labeled as "founders." 

However, this filter was not always accurate, leading to the inclusion of individuals who may 

not actually hold founder roles.​

10.6 Forward-Looking Bias:​

Models predicting future founder success, with the exception of those based on the experience 
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and education subset, are subject to forward-looking bias. This bias arises because the 

LinkedIn text features were extracted from recent posts, reactions, and comments, which may 

have been influenced by the founder's current success or failure. 

These limitations should be considered when interpreting the results and highlight areas for 

improvement in future research. 

11. Conclusions 

This part of the thesis showed with the more diverse perspective of startup success the 

different features that are relevant for different facets of startup success. This allowed to 

examin, that university prestige plays a bigger role for fundraising, while for predicting if a 

founder will achieve an IPO or Mergers & Acquisition it is more relevant to look at the 

performance of previous university graduates of the university. The key insight of this thesis 

is that it emphasizes the potential importance of posts, reactions, and comments. This opens 

dors to new research possibilities. LinkedIn comments, posts, and reactions have never been 

used as startup success predictor in scientific papers before. Now we know that this might be 

an area with full potential. In general in previous research posts of X were used to predict the 

personality of founders with which they predict the personality as a feature of the success 

prediction of a startup. But why should be add a human made personality framework 

inbetween, if we can predict founder success of based on posts immediately. This might cause 

less loos of indications in the text that the founders are going to be successful. This thesis 

showed that based on posts comments and reactions one can predict if a founder is successful 

or not. The main question for further research is, if the posts, research, and comments section 

in LinkedIn are also good predictors of founder future success. 
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Appendix 

Appendix 1: Success definition including closed startups that got merged and acquired of 
6 years after they go funded. 
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Appendix 2: Figure Success 
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Appendix 3: Figure Failure 
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Appendix 4: Word Clouds  
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Appendix 5: Kmeans Clusters of text features
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Appendix 6: BERTopic Clusters of Text Features

 

 

33 



 

Appendix 7: Supervised Feature Training Performance

 

 

Appendix 8: Final Models XG Boost First Layer Success
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Appendix 9: Feature Importance XG Boost First Layer Success
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Appendix 10: Final Models LGBMRegression  Second, Third Layer Success

 

 Appendix 11: Feature Importance LGBMRegression  Second, Third Layer Success
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