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The Venture Capital Market

Early-stage startups rely heavily on external capital. Young ventures are rarely profitable in their initial years and 

cannot rely on bank lending or internal cash flow. VC financing is therefore essential to sustain operations, 

support product development, and fund early growth.
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U.S. Venture Capital deal count by stage
Source [1]: Q4 2024 Pithcbook-NVCA Venture Monitor
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What VC Analysts Look For
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Factor Important
Most 

Important

Team 95% 47%

Business 
Model 83% 10%

Product 74% 13%

Market 68% 8%

Industry 31% 6%

Valuation 56% 1%

Ability to add 
value 46% 2%

Fit 50% 14%Source [2]: P. Gompers, W. Gornall, S. N. Kaplan, and I. A. Strebulaev, “How 
Venture Capitalists Make Decisions” Harvard Business Review, (2021).

Typical evaluation scorecard include:

• Team Strength

• Market Opportunity

• Ability to Raise Capital

• Product Innovation and Differentiation

• Strategic Relationships and Visibility

• Exit Potential

Early-stage investment decisions prioritize qualitative assessments over quantitative performance.
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Textual Data and Research Gap

Historically, prior studies have relied almost exclusively on structured quantitative variables.

Results:

• Lower predictive power in predicting startups' success;

• There is a need to integrate textual data into machine learning models predicting startups' success.
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Availability and Quality 
of Structured Data

Relevance of Quantitative 
Features

Textual Data
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Research Objective and Questions 

Objective

Develop a hybrid framework that integrates textual embeddings with quantitative variables to

improve the prediction of whether a startup will obtain a follow-on funding round.

To what extent does the integration of unstructured textual data enhance the 

predictive accuracy of empirical models in forecasting follow-on venture capital 

(VC) investments?

In what ways can venture capitalists practically benefit from embedding- based

predictive models when identifying promising startups? 

Research Questions
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RQ1

RQ2
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Model Layout 
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Predicting Startups’ Success

The prediction task is modeled as a binary classification problem:

𝑦! ∈ {0, 1}

𝑦! = )10
The model estimates the conditional probability:

ℙ 𝑌! = 1 𝑥!𝑧!),
where:

𝑥! ∈ ℝ" = structured numerical features,

𝑧! ∈ ℝ# = textual embeddings derived from startup-related unstructured textual data.

HasNextRound if a startup i secures a qualifying follow-on round within 36 months of 𝑡$,
otherwise.
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The Follow-on Round Criterion

Criteria for assigning 𝑦! = 1

1.
Timing Criterion: the first and second qualifying financing rounds must occur within 36

months of each other.

2.
Investor-type Criterion:

• the first round must be led by Individuals or Venture Capital investors;

• the follow-on round must involve Venture Capital, Private Equity, or Hedge Fund investors.
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Source [3]: Crunchbase News
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Baseline Model: Logistic Regression

Let 𝑥! = (𝑥!", 𝑥!#, … , 𝑥!$)
%denote the vector of 𝑝 structured explanatory variables. The logistic regression model 

specifies the conditional probability of success as
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𝑃(𝑌! = 1 ∣ 𝑥!) = 𝜎(𝛼 + 𝑥!%𝛽) = 1
1 + 𝑒&(()*!"+) ,

where:

• 𝜎(⋅) denotes the logistic cumulative distribution function (CDF);

• 𝛼 is the intercept term;

• 𝛽 = (𝛽", … , 𝛽$)
% is the vector of slope coefficients associated with the 

structured predictors in x!.

( 9𝛼, :𝜷) = argmax
((,𝜷)

A
!/0

1

[𝑦!ln 𝜎(𝛼 + 𝐱!%𝜷) + (1 − 𝑦!)ln(1 − 𝜎(𝛼 + 𝐱!%𝜷))] .
Estimation is performed by maximum likelihood, maximizing the joint probability of observing the realized outcomes:
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Baseline Model: Logistic Regression
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Category Variable Name

Company Characteristics
Employees

Year Founded

Industry Emerging Spaces

Governance and 
Investors Engagement Active Board Seats

Valuation Metrics

Post Money Valuation / 

Pre Money Valuation

Enterprise Value

Enterprise Value / EBITDA

Financial Sustainability 
Indicators

Cash Burn Rate

Runaway

Net Debt / EBITDA
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Hybrid Models – Sentence-BERT

Category Variable Name

Company 
Characteristics

Company Description

Competitor Description

Industry
Verticals

Keywords

Investors 
Engagement

Investor Name

Investor Status

Limited Partner Description

Limited Partner Policy Description

Geographical 
Presence

HQ Country

HQ Global Subregion

SBERT - all-mpnet-base-v2 version

Bidirectional transformer architecture with self-
attention layers.

Let 𝑠! denote a sentence or text snippet extracted 
from startup 𝑖.
SBERT applies an encoding function 𝑓(⋅) that 
maps 𝑠! into an embedding vector

t! = 𝑓(𝑠!) ∈ ℝ2 ,
where 𝑑 represents the embedding dimension. 

Unstructured Textual Data

…

Fixed-length embedding (dimension 𝑑 = 768)
for each textual variable.
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Principal Components Analysis (PCA) Reduction

…

Linear transformation that reduces high-dimensional data by identifying principal

components: orthogonal directions capturing maximum variance.

PCA creates a lower-dimensional (the top-k components ) representation that preserves

most of the information while removing redundancy and correlation.

Fixed-length embedding (dimension 𝑑 = 768) for each textual variable.

PCA Reduction

Per-Variable PCAGlobal PCAAblation Model
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Hybrid Models

• Numerical Variables

• Textual Variables
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Per-Variable PCAGlobal PCAAblation Model

Joint PCA applied (k =
30, 50, 75, 90 components)  

to both set of variables, 

producing a compact set of 

global components.

• Non-Reduced 

Numerical Variables

• Globally-Reduced 

(up to k =
30, 50, 75, 90 

components) Textual 

Variables.

• Non-Reduced 

Numerical 

Variables

• Per-Variable 

Reduced (up to 

k = 3, 5, 10 

components) 

Textual Variables.

90 Dimensions

100

99

90

99 Dimensions 109 Dimensions
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Case Study

• Case Study: Predicting U.S. startups’ success using the Follow-on 

Round Criterion.

• Dataset: PitchBook’s Dataset.
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Baseline Model

Hybrid Models

Logistic Regression based on Structured Features.

76,194 U.S. Startups

Integration of Unstructured Textual Data in the Baseline Model, using 

different type of PCA Reduction.

24.5% Estimated Success Rate2010 - 2022
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Case Study Results
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Model PCA Dim. AUC Acc. Sens. Spec.

Baseline - 9 0.743 0.690 0.651 0.709

Hybrid 1 k = 90 90 0.795 0.699 0.794 0.653

Hybrid 2 k = 90 99 0.795 0.702 0.785 0.662

Hybrid 3 k = 10 109 0.793 0.697 0.799 0.648
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Conclusions
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Predictive Accuracy Enhancement (RQ1) Value for VC (RQ2)

• Text embeddings improve predictive

accuracy by capturing qualitative 

signals missing in structured

variables.

• AUC increases from 0.743 → 0.795 in 

hybrid models.

• Fills the gap created by the limited 

availability of high-quality

information in private markets.

• Provides a decision-support tool for 

VC analysts in the early startup 

sourcing stage.
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Conclusions
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Future Work Limitations

• Expanding the set of textual variables 

could further improve model 

predictive power. (e.g. startups-

related news);

• Incorporating return-based and exit-

related metrics (e.g., IRR, MOIC, 

TVPI) would allow prediction models 

to link success probabilities to 

expected financial performance.

• Dataset structural gaps, limiting the 

stability and comparability of 

structured variables (e.g. Financials) 

and the implementation of other

textual variables;

• Computing SBERT embeddings is 

resource-intensive in terms of both 

memory and time, limiting scalability.
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Thank you for your attention.

Q&A Session Following.

A special thanks to:



Startup Life Stages

Q&A 

Source [4]: Understanding the enterprise startup lifecycle. From ZD Net



Startups Success and Failure Rates

Q&A 

Source [6]: Startup Failure and Success Rates (2023). From Startup TalkySource [5]: Startups Statistics (2025). From Demand Sage



PCA & Threshold Tuning

Q&A 

Baseline Model Optimal Threshold

Global PCA Hybrid Model Performance Metrics

Per-Variable PCA Hybrid Model Performance Metrics

Ablation Model Performance Metrics



Timing Criterion Modeling

Q&A 

Startup Life

𝑡$: 
First Financing Event

𝑡0: 
Second Financing Event

36-Months Period

Variable Name

Employees

Year Founded

Emerging Spaces

Active Board Seats

Post Money Valuation / 

Pre Money Valuation

Enterprise Value

Enterprise Value / 

EBITDA

Cash Burn Rate

Runaway

Net Debt / EBITDA

Variable Name

Company Description

Competitor Description

Verticals

Keywords

Investor Name

Investor Status

Limited Partner Description

Limited Partner Policy 
Description

HQ Country

HQ Global Subregion

*

*

*

*

*

*Variables collected after 𝑡!

All text-based variables were strictly collected

before t₀, ensuring that the improvement

achieved by the hybrid models is not affected by 

any form of data leakage.
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