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Abbreviations

II

Abbreviation Meaning

Al

AUC/

AUCPR

ROC-AUC

ECE

FO.S

LLM

ML

PDL

Artificial Intelligence

Area Under the Curve / Area Under
the Precision—Recall Curve

Quantifies how well a classification
model separates true positives from
false positives across all thresholds.

Expected Calibration Error

F0.5 Score

Large Language Model

Machine Learning

People Data Labs

Retrieval-Augmented Generation

Random Forest

Relevance / Usage Context

Used in predictive modeling context, particularly
in large-language-model applications.

Key model performance metrics for classifica-
tion and imbalanced datasets.

Used to evaluate overall model discrimination
performance, especially for comparing predic-
tive accuracy across models.

Metric evaluating how well predicted probabili-
ties align with observed outcomes.

Weighted harmonic mean of precision and recall;
emphasizes precision (used due to high false-
positive cost in venture contexts).

Central to the thesis’ methodological innovation
- used for structured information extraction and
policy induction.

Core method in predictive modeling and feature
extraction.

Data source for founder profiles and career infor-
mation.

Used in extracting institutional affiliations (e.g.,
universities, accelerators).

One of the predictive ensemble models used.



III

GB/GBT Gradient Boosting / Gradient Boost- Model type for high-dimensional, nonlinear data.

ing Tree
SHAP Shapley Additive ExPlanations Model-interpretability technique used to evaluate
feature importance and direction.
VC Venture Capital Core domain context for funding outcomes and
signal interpretation.
To Founding Year Cutoff The reference point for data truncation - ensures

only pre-founding information is included.

Vocabulary (Conceptual & Methodological Core)

1. Theoretical and Conceptual Terms

Information Asymmetry - A market condition where one party (e.g., founders) has more information than
another (e.g., investors).

Signaling Theory - Framework explaining how founders communicate private information credibly
through observable, costly signals.

Human Capital - Founders accumulated knowledge, education, and experience that signal competence
and execution ability.

Social Capital - Founders’ networks, affiliations, and reputational ties signaling legitimacy and trustwor-
thiness.

Separating Equilibrium - A state where credible signals allow differentiation between high- and low-qual-
ity actors.

Predictive Validation - Testing whether theoretical relationships hold in new, unseen data (evaluates the-
ory’s external validity).

Temporal Stability - The consistency of predictive relationships (signal effectiveness) across time.

Configurational Effects - Interactions or combinations of signals that jointly influence outcomes (beyond
additive effects).

2. Methodological Terms

Predictive Modeling - Using statistical or ML models to test whether theoretical constructs generalize
across contexts.

Out-of-Sample Evaluation - Assessing model performance on data not used for training, ensuring genuine
predictive testing.



v
Feature Extraction - Converting unstructured founder data (e.g., LinkedIn) into structured, theory-aligned
variables.
Feature Importance - Quantitative ranking of how much each variable contributes to predictive accuracy.

SHAP Analysis - Decomposition of individual predictions to reveal how each feature influences model
output.

Temporal Holdout Design - Method of training on earlier cohorts and testing on later ones to measure
generalization over time.

Rolling-Origin Validation - Iterative training/testing method that prevents information leakage and en-
sures time-consistent analysis.

Calibration - Degree to which predicted probabilities align with real outcomes (tests reliability).

Decision Curve Analysis (DCA) - Evaluates economic usefulness of predictions compared to heuristic
strategies

Policy Induction Model - LLM-based framework generating transparent, rule-based decision logic for
interpretability.

Fuzzy Matching - A text-comparison technique that identifies similar but not identical strings by measur-
ing approximate rather than exact matches, allowing for variations in spelling or formatting (e.g., “MIT”
vs. “Massachusetts Institute of Technology™)

Temperature - A hyperparameter controlling the randomness of model outputs; lower values (e.g., 0.1)
produce more deterministic and precise responses, while higher values generate greater diversity and vari-
ability in reasoning or predictions.

3. Empirical Constructs

Funding Attainment - Proxy for venture success, measuring cumulative equity raised within five years of
founding.

Founder Signal - Observable indicator (education, experience, network) that communicates venture qual-
ity.

Big Tech Experience - Employment history at major technology firms; analyzed as a high-cost, high-
credibility signal.

Elite University Affiliation - Educational signal implying costly and observable quality differentiation.

Accelerator/Incubator Participation - Institutional signal enhancing legitimacy and network embed-
dedness.

Cohort-Based Sampling - Grouping founders by founding year to control for macroeconomic and tem-
poral factors.
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1. Introduction

1.1 Context

Venture capital is one of the few domains where investors must routinely bet millions of dollars on people
long before there is anything solid to judge. Early-stage founders request capital without traction, revenue,
or a product. Yet billions of dollars flow to them every year, sustained by the expectation that a small
fraction will generate outsized, outlier returns. Unsurprisingly, failure dominates, roughly 90% of startups
never return initial capital (Menon & James, 2022). To navigate this environment, investors fall back on
signals - credentials, prior experience, elite networks, institutional affiliations of founders to make deci-
sions. In practice, these signals determine how scarce early-stage capital is distributed (Hsu, 2007; Ko &
McKelvie, 2018). Signaling theory explains why investors depend on these cues when uncertainty is high
(Spence, 1973; Connelly et al., 2011).

Yet empirical findings on which signals matter remain inconsistent. Some studies document strong positive
effects of elite education or prior entrepreneurial experience on funding outcomes (Hsu, 2007; Zhang,
2011), while others find weak, null, or context-dependent results (Busenitz et al., 2005; Unger et al., 2011).
Recent systematic reviews by Bafera and Kleinert (2023) and Zhang et al. (2023) identify three fundamental
gaps. First, most studies examine signals only within their original sample and period, while temporal gen-
eralization tests are "largely absent"” (Bafera & Kleinert, 2023, p. 1847). Second, signals are typically ana-
lyzed in isolation and cannot capture whether they combine synergistically or substitute for one another.
Consequently, evidence is missing on whether signal to outcome relationships generalize across time and
whether configurations of signals jointly influence funding decisions. Third, alternative methods leading to
improved replication and generalizability are underexplored.

This thesis addresses these gaps by developing a predictive-modeling framework that evaluates whether
founder signals persist in new datasets outside the contexts where they were originally identified. In doing
so this study develops and employs a state-of-the-art LLM-based policy-induction model combined with
established machine-learning models. These complementary models are trained on founder signals from
earlier cohorts (2012-2021) and tested on entirely new founders in later cohorts (2018-2022), enabling a
direct assessment of signal generalization. The analysis draws on a dataset of more than 50,000 technology
founders across Europe and North America, linking venture-level funding data from PitchBook and
Crunchbase with founder-level profiles from LinkedIn to answer the following research question:

To what extent do founder human- and social-capital signals generalize out of sample when predicting
venture funding outcomes, both individually and in combination?

To empirically evaluate the research question, the thesis develops three theory-driven predictions that spec-
ify how founder signals should generalize across time. The predictions are derived from established work
in human- and social-capital signaling. Each prediction specifies how a particular class of founder signals
is expected to behave over time, whether its predictive relevance should persist, strengthen, weaken, or
arise only in combination with other signals. In doing so, they translate the research question into three
focused assessments of temporal generalizability.



1.2 Contribution

This thesis makes two main contributions to signaling theory. First, this study responds directly to recent
calls in signaling research for methodologies that evaluate whether founder—signal relationships generalize
beyond the samples in which they were originally observed (Bafera & Kleinert, 2023; Zhang et al., 2023).
This thesis develops a state-of-the-art LLM-based policy-induction framework alongside established ma-
chine-learning models. The hybrid design leverages generative-Al reasoning in a novel way to produce
transparent decision rules while simultaneously enabling rigorous out-of-sample prediction. Together, the
methodology of this thesis advances how predictive modeling can serve as a tool for theory evaluation in
management research.

Second, in response to the research question the thesis tests the generalization of founder signals individu-
ally and in combination. Here two main contributions can be outlined. First, this thesis shows that founder
signals do not carry universal predictive value across cohorts. Their usefulness depends on whether they
address the specific uncertainty investors seek to resolve. In general technology ventures, signals matter
only when they reduce the type of uncertainty that dominates the setting, primarily execution risk. This
context-dependence generalizes across cohorts. Accordingly, the thesis refines signaling theory by demon-
strating that its mechanisms operate not universally, but only when a signal meaningfully reduces the un-
certainty relevant to a particular domain. Second, this thesis displays that combining founder signals does
not inherently strengthen their predictive power. This refines configurational theorizing by clarifying that
signals reinforce one another only when they provide distinct, non-redundant information; when they speak
to the same underlying concern, as academic and practical experience do. In this context, they function
independently rather than synergistically.

1.3 Delimitation

This study's scope reflects strategic design choices to ensure analytical precision. Five delimitations define
what the research addresses and what falls outside its scope.

First, individual founder characteristics are analyzed rather than founding team compositions. While teams
represent the norm in venture capital and enable skill complementarity (Kaplan & Stromberg, 2009; Beck-
man et al., 2007 and beyond) individual-level analysis isolates how personal credentials independently in-
fluence funding evaluation. Thus, results generalize most directly to individual credential assessments.

Second, the study tests whether founder signal-outcome relationships maintain out-of-sample predictive
validity across yearly cohorts 2018-2022, not whether signals causally determine outcomes. The study doc-
uments which characteristics predict funding attainment and whether these generalize temporally, distin-
guishing stable correlations from context-bound associations. Causal identification meaning whether sig-
nals cause success or merely correlate due to confounding falls outside the scope of this study.

Third, the analysis includes only founders who secured at least one equity funding round, excluding un-
funded ventures, bootstrapped companies, and those not seeking institutional capital. This reflects a delib-
erate definition of the prediction task. The findings therefore speak specifically to founder-signal dynamics
within the funded population, rather than to the determinants of entering the funding process.

Fourth, the analysis is geographically limited to Europe and North America. These ecosystems share insti-
tutional structures, data transparency, and evaluation logics that enable meaningful comparison of founder
signals (Bruton et al., 2008).

Lastly, industry filtering restricted the analysis to ventures where early-stage financing follows scalable,
market-driven patterns. Sectors characterized by regulatory gating, grant dependence, or project-contract



financing, specifically, biotech, biopharma, pharmaceuticals, healthcare, chemicals, and consulting, are ex-
cluded (Baum & Silverman, 2004; Hsu, 2007; Colombo et al., 2019; Ahlers et al., 2015). The empirical
setting is limited to general technology ventures whose growth follows standard scaling dynamics.

1.4 Structure

This thesis is organized into six sections starting with this introductory section. Section 2 develops the
study’s analytical framework. It outlines the core logic of signaling theory, describing how education, ex-
perience, and networks indicate founder quality under information asymmetry. It then introduces predictive
modeling to test whether these theorized relationships hold beyond their original samples. From this syn-
thesis, the section derives three predictions about how founder signals are predicted to behave across tem-
poral cohorts.

Section 3 outlines the research design, including the cohort-based sampling strategy. The section then ex-
plains how founder data is collected, filtered and transformed into theory-consistent features serving as
input for the predictive models. It further introduces the machine-learning models and interpretable policy-
induction model, followed by the evaluation framework and research quality assessment criteria.

Section 4 presents the empirical results. It first evaluates model performance to confirm the stability of the
predictive environment across the yearly cohorts 2018-2022. The analysis then turns to founder signals
themselves examining how individual attributes and signal configurations influence predictions over time.
Section 5 offers the analysis and discussion. It interprets the empirical results in relation to the three pre-
dictions and prior research.

Section 6 concludes the thesis. It synthesizes the theoretical, methodological, and empirical contributions,
outlines implications for practitioners and identifies the study’s limitations. The section ends by proposing
avenues for future research.



2 Conceptual Background

2.1 Human and Social Capital Signaling

Markets with asymmetric information present major challenges for efficient resource allocation. When one
party holds private knowledge that others cannot observe, participants face uncertainty about the true value
of goods or actors. Akerlof’s (1970) “market for lemons™ illustrates how this can trigger adverse selection,
making high- and low-quality participants indistinguishable and lowering overall market performance.
Spence (1973) extended this logic to labor markets, showing that individuals can distinguish themselves
through signaling, allowing observers to separate high- and low-quality participants and thereby limit the
adverse-selection problem (Riley, 2001).

Entrepreneurship exemplifies an extreme form of this informational problem. New ventures typically lack
tangible assets, performance histories, and standardized disclosure, leaving investors unable to assess qual-
ity through traditional indicators. Founders, as informed parties, must therefore rely on signals, observable
characteristics or actions that credibly convey venture quality to outsiders (Colombo, 2021; Connelly et al.,
2011; Dutta & Folta, 2015; Svetek, 2022; Taj, 2016). The earlier the stage of venture funding, the fewer
established data points are available to signal performance. Therefore, in early-stage financing, founder
signals substitute for performance data, helping entrepreneurs reduce uncertainty and establish legitimacy
with investors and partners (Ahlers et al., 2015; Nagy et al., 2012; Plummer et al., 2016; Zimmerman &
Zeitz, 2002).

For a signal to function credibly, it must satisfy three conditions:

(1) It must be observable, allowing the receiver to recognize and interpret it,

(2) costly, requiring enough effort, skill, or resources that low-quality actors cannot easily fake it, and
(3) differentiating, creating clear separation between high- and low-quality senders (Spence, 1973)

When these criteria are met, signals create separating equilibria that allow investors to infer underlying
quality and allocate resources efficiently (Bergh et al., 2014). Human- and social capital signals are con-
sistently identified as central and well-established signals in early-stage entrepreneurial equity financing
(Ko et al., 2018; Bernstein et al., 2017; Colombo, 2021; Spence, 2002; Howell & Nanda, 2019).

Social capital signals mitigate information asymmetry through three distinct mechanisms. First, network
ties act as signals. An introduction from a trusted contact implicitly communicates the founder’s reputation
and competence (Shane & Stuart, 2002). Second, prestigious affiliations enhance credibility. A founder
connected to prestigious incubators benefits from institutional validation that substitutes for missing per-
formance records (Shane & Cable, 2002; Stuart, Hoang, & Hybels, 1999). Third, ongoing relationships help
investors monitor progress and build trust. Founders who stay closely connected with investors make com-
munication easier and reduce agency risk (Hsu, 2007). Through these mechanisms, social capital sends
informational and reputational signals that allow founders to secure financing under uncertainty.

Human capital represents clear signals of a founder’s underlying capability and quality. It conveys infor-
mation about the entrepreneur’s skills, knowledge and capacity to execute under uncertainty (Connelly et
al., 2011; Colombo et al., 2019). Specifically, education, prior entrepreneurial experience and industry-
specific expertise provide such cues of capability (Hsu, 2007; Gimmon & Levie, 2010; Colombo & Grilli,
2005, 2010). Collectively, human capital signals reduce investor uncertainty by demonstrating that the
founder possesses the expertise and experience necessary to perform, thereby enhancing the perceived cred-
ibility of the venture (Ko et al., 2018; Hsu, 2007; Gimmon & Levie, 2010). Both human and social capital



operationalize signaling theory’s core mechanism by translating a founder’s unobservable quality into ob-
servable, costly and differentiating cues that investors can interpret (Ewens & Townsend, 2020; Colombo
et al., 2019; Shane & Stuart, 2002).

As research on the relationship between human- and social capital signals expanded, findings began to
diverge across venture stages, industry contexts, and investor types (Colombo & Grilli, 2005, 2010; Hsu,
2007; Busenitz et al., 2005; 2018; Hernandez-Carrion et al., 2016; Dudley, 2021; Shao & Sun, 2021). Em-
pirical studies consistently find that founders’ education and prior experience influence investors’ percep-
tions and funding decisions, although the magnitude and persistence of these effects vary across contexts
(Ko & McKelvie, 2018; Packalen, 2007; Steigenberger & Wilhelm, 2018). Meta-analyses confirm this gen-
eral pattern but highlight substantial variability across studies (Unger et al., 2011; Colombo & Grilli, 2010).

Bafera and Kleinert (2023) conclude that signaling research has become fragmented, emphasizing statisti-
cally significant associations without establishing whether signals reflect enduring mechanisms. They do
so by providing the most comprehensive synthesis to date, reviewing 172 signaling studies across manage-
ment and entrepreneurship. Their central argument is that signaling environments evolve rapidly due to
digitalization, regulation, and external shocks, rendering earlier results quickly outdated. They note that
replication is almost entirely absent in this literature, identifying only one attempt which failed to reproduce
the findings of three earlier signaling studies conducted less than a decade before (Park et al., 2016). To
address this instability, the authors call for systematic replication studies and the integration of big-data
methodologies capable of validating prior findings at scale. They point to the promise of large-sample anal-
yses, such as Anglin et al.’s (2020) study of 220,646 entrepreneurial loans, as exemplars of how big data
can enhance the robustness and generalizability of signaling research by testing the persistence of effects
across time, context and measurement conditions. Ultimately, Bafera and Kleinert (2023) argue that few
studies test whether signals truly indicate venture quality, because most rely on single-sample explanatory
designs.

Zhang et al. (2023) strengthen this critique in their bibliometric review of early-stage entrepreneurial equity
financing research over a 36-year period (1987-2022). Drawing on a dataset of 3,713 primary studies and
108,385 secondary documents, they reveal significant conceptual fragmentation across the field. The anal-
ysis identifies the rise of emerging technologies, particularly artificial intelligence and big data, as reshaping
how venture evaluation is conducted. To address the field’s growing complexity, they proposed the use of
“machine-learning models to more accurately forecast investment outcomes ” by integrating traditional and
novel signal types. At the same time, they cautioned that algorithmic bias and limited empirical validation
remain critical challenges calling for methodological pluralism, specifically machine-learning-assisted in-
ference to uncover which combinations of signals most effectively predict financing success. Bafera and
Kleinert (2023) and Zhang et al. (2023) call delineates the methodological gap that this thesis addresses.
The field’s advancement depends on combining strong theoretical grounding with rigorous and innovative
research methods. Research must address configurational complexity, capturing how signals interact in
complementary ways beyond additive regression models. Evaluating signal stability under varying condi-
tions therefore becomes essential for testing the robustness of signaling theory. Predictive modeling pro-
vides a framework for such evaluation by shifting the focus from explaining past correlations to assessing
whether theoretically grounded relationships generalize across new datasets and contexts.



2.2 Predictive Modeling

Predictive modeling enables the evaluation of whether established theoretical relationships maintain pre-
dictive power across samples and context, providing a direct test of the empirical generalizability of a theory
(Breiman, 2001; Shmueli, 2010). By linking prediction accuracy to theory scope, it transforms theory eval-
uation from internal model fit to external verification across time and context. Empirical research in man-
agement has traditionally relied on explanatory modeling to test theoretical propositions. This approach, as
described by Breiman (2001) and Shmueli (2010), assumes that observed data arise from an underlying
stochastic process whose parameters reflect the mechanisms posited by theory. Researchers estimate these
parameters and test whether the resulting coefficients differ significantly from zero to assess whether the
data supports the proposed relationships. Thus, explanatory models link abstract theoretical constructs to
observable variables and evaluate how well the structure implied by a theory aligns with the evidence. This
process sharpens constructs, strengthens causal reasoning and identifies mechanisms that appear to operate
within the observed sample. Yet explanatory modeling primarily evaluates a theory’s internal coherence
rather than its external reliability. It measures how well a theory fits the data from which it was estimated,
not whether the relationships persist across other contexts. Explanatory modeling therefore confirms inter-
nal fit but leaves scope untested, providing limited evidence about a theory’s ability to generalize beyond
the calibration sample (Shmueli, 2010; Donoho, 2017; Shmueli, 2017).

For theory, limited generalization has two key implications. First, it undermines construct reliability. When
estimated coefficients change substantially with minor differences in sampling, the theoretical relationships
they represent cannot be regarded as empirically reproducible. Second, it obscures boundary conditions
within which a theoretical mechanism is expected to operate (Whetten, 1989). Models that fit sample-spe-
cific noise capture local rather than stable patterns (Shmueli, 2010; Hawkins, 2004). As a result, researchers
cannot easily distinguish context-dependent findings from mechanisms that generalize across settings
(Hawkins, 2004; Mullainathan & Spiess, 2017). The outcome is a model and by extension, a theory, that
remains context-bound, empirically valid within its estimation environment yet offering limited insight into
its applicability elsewhere (Hofman et al., 2017; Yarkoni & Westfall, 2017). Theories evaluated solely by
in-sample fit may therefore overstate theoretical support, appearing statistically consistent while relying on
relationships that are unstable, incomplete, or contingent on short-lived data patterns (Athey, 2017).

Predictive modeling directly addresses the limitations of explanatory approaches by extending the evalua-
tion of theories from fit within a sample to performance outside of it (Shmueli, 2010; Breiman, 2001).
Conceptually, it redefines what constitutes empirical support for a theory. Rather than asking whether a
theoretical model explains the observed data, predictive modeling tests whether the same relationships gen-
erate accurate forecasts under new conditions (Ioannidis, 2005). In doing so, predictive validation comple-
ments explanatory testing without replacing it (Shmueli, 2010). When predictive accuracy declines out-of-
sample, the resulting drop in predictive performance offers a measurable indicator of how far explanatory
success translates into predictive reliability (Camerer et al., 2018). Identifying this gap converts what was
previously an implicit assumption about generalizability into explicit evidence concerning the scope and
stability of a theory (Grimmer et al., 2021; Molina & Garip, 2019).

Across business research, scholars employ predictive approaches to identify empirical regularities, refine
causal reasoning, and examine the generalizability of theoretical relationships (Hofman et al., 2021; Leavitt
et al., 2020; Miric et al., 2023; Aguinis et al., 2024; Hofman et al., 2017; Cerqueira et al., 2020). Many
management theories, including signaling theory, argue that outcomes result from combinations of factors
rather than single attributes. Recent work in configurational theorizing shows that causal mechanisms often
depend on how attributes interact - whether they complement, substitute, or offset one another. Predictive
modeling allows to test not only individual signals but also whether these signal combinations generalize
across samples (George et al., 2016; Bettis et al., 2014; Furnari et al., 2021; Shrestha et al., 2021; Choudhury
et al., 2021; Tidhar & Eisenhardt, 2020; Chou et al., 2023).



Building on this methodological foundation, recent advances in artificial intelligence have opened new
possibilities for predictive modeling, most notably through the rapid development of LLMs. Although
LLMs demonstrate strong capabilities for capturing semantics and structure in textual data (Brown et al.,
2020), their use in business and management research remains limited. Scholars consistently identify this
scarcity as a research opportunity, pointing to both technical and methodological challenges in adapting
LLMs for structured prediction tasks (Kraus et al., 2020). Key obstacles include high computational cost,
training complexity, and the difficulty of integrating numerical and textual data within a single predictive
architecture (Chen et al., 2025). As Maarouf et al. (2025) note, “applications of large language models in
predictive modeling are still rare,” while Kashyap and Sinha (2024) emphasize that “addressing this re-
search gap is essential for unlocking the full potential of LLMs and advancing the state of the art in pre-
dictive modeling”. Overall, these observations suggest that LL.Ms hold considerable promise for predictive
analysis but that realizing this potential will require methodological innovation.

2.3 Analytical Framework

Signaling theory explains how founders’ observable, costly, and differentiating characteristics communi-
cate private information about venture quality under information asymmetry. In early-stage venture invest-
ing, where objective performance data is limited, investors rely on such signals to assess founder capability.
Empirical research consistently finds that human-capital signals and social-capital signals correlate with
funding outcomes (Colombo & Grilli, 2005, 2010; Hsu, 2007; Shane & Stuart, 2002; Ahlers et al., 2015;
Ko & McKelvie, 2018). However, the strength and persistence of these relationships vary across industries,
investor types, and time periods.

Recent systematic reviews identify two key methodological gaps. First, signaling studies rarely test whether
observed relationships maintain predictive validity beyond their original samples. Replication efforts are
“almost entirely absent” (Bafera & Kleinert, 2023). Second, most research examines signals independently,
using additive models that deprioritise how signals interact in complementary or substitutive configurations
(Bafera & Kleinert, 2023; Zhang et al., 2023). Both reviews call for approaches that combine strong theo-
retical grounding with innovative methodologies capable of assessing signal stability across time and cap-
turing interaction effects.

Predictive modeling addresses these gaps by treating generalizability as an empirical property rather than
an assumption. Instead of evaluating statistical significance for the correlational relationships between hu-
man- and social capital and funding attainment, as outlined throughout Section 2, predictive validation tests
whether the same signals retain predictive relevance when applied to entirely new datasets. Relationships
that generalize across temporal contexts suggest stable signaling mechanisms, whereas those that weaken
indicate boundary conditions, contextual sensitivity, or shifts in evaluative norms.

A second conceptual dimension concerns configurational effects (Furnari et al., 2021). Signaling theory
often assumes, implicitly or explicitly, that human- and social-capital signals operate in combination rather
than isolation. Academic depth may enhance credibility only when paired with practical experience, and
strong networks may amplify the value of demonstrated competence. A configurational perspective there-
fore examines whether combinations of founder attributes produce more credible or informative signals
than any single attribute alone, and whether these combinations remain predictive across time.

This leads to the underlying research question stated in the introduction of this thesis:

To what extent do founder human- and social-capital signals generalize out of sample when predicting
venture funding outcomes, both individually and in combination?



Building on the research question, three testable predictions guide the analysis. Each prediction is grounded
in findings from prior research on human- and social capital as signaling mechanisms towards venture
funding attainment as outlined throughout Section 2.1. Together, these predictions address both forms of
signal behavior, the persistent relevance of individual signals (Predictions 1 and 2) and the potential con-
figurational value of more complex signals (Prediction 3).

Prediction 1: Prior entrepreneurial experience is expected to remain a consistently strong predictor of
funding success. Accordingly, founders classified as first-time founders should exert a negative influence
on the model’s predictions, the absence of prior founding experience is expected to reduce, and its presence
to increase, the predicted likelihood of securing investment.

Prior entrepreneurial experience has emerged as a critical determinant of funding outcomes. Founders with
previous venture experience demonstrate observable competence, established networks, and familiarity
with investor expectations (Hsu, 2004; Delmar & Shane, 2006). Empirical evidence consistently shows that
experienced entrepreneurs secure capital more readily and at higher valuations compared to first-time
founders (Zhang, 2009; Ucbasaran et al., 2009; Gupta et al., 2024). This pattern persists across contexts
because experience serves as a credible signal that is difficult to imitate (Ko & McKelvie, 2010). Given this
robust empirical foundation, entrepreneurial experience (e.g., First-time-founder) represents a theoretically
grounded and empirically validated factor in investment decision-making and is expected to remain stable
or increase over the yearly cohorts 2018-2022.

Prediction 2: Big-Tech-Experience is expected to be a strong signal and remain a consistently stronger
predictor of funding success than other forms of domain expertise, such as PhD training, Academic Re-
searchers, or Corporate Researchers. This means that Big-Tech-Experience exerts a positive influence on
the model’s predictions, the presence of this signal increases, and its absence decreases the predicted like-
lihood of securing investment.

Experience in large technology firms functions as a signal of both competence and legitimacy. Such expe-
rience credibly communicates technical expertise, exposure to scalable business models, and access to elite
professional networks, traits that are difficult for founders from academia or smaller firms to imitate (Fer-
rary & Granovetter, 2009; Beckmann et al., 2007; Gimmon & Levie, 2010). Empirical evidence strongly
supports this interpretation. Dworak (2022) finds that Big-Tech-Experience increases the likelihood of rais-
ing venture capital. Engel (2015) further highlights that Big-Tech tenure provides founders with capital
access and process expertise, both recognized as key drivers of startup success.

Although Colombo and Grilli (2005) did not find technology-sector employment to be a significant predic-
tor of funding attainment, more recent research by Balachandran et al. (2024) showcases that corporate
experience can generate relational capital and improve navigation of complex organizational landscapes,
especially when technology or commercialization focused. Taken together, these findings indicate that Big-
Tech-Experience provides a broad and credible signal of founder quality. Thus, Big-Tech-Experience is
expected to be one of the strongest predictors of funding success throughout 2018-2022.

By contrast, academic and research-based credentials are expected to be weaker predictors in this context.
Their informational value is domain specific. PhD training, academic research roles, and corporate R&D
experience signal depth, analytical sophistication, and specialized expertise, but these strengths do not map
onto the dominant uncertainty structure of general technology startups. In science-intensive sectors (e.g.,
biotechnology), academic depth directly addresses the investor’s key uncertainty, scientific feasibility (Hsu,
2007; Swift, 2018). However, the ventures examined in this thesis face the opposite configuration. Tech-
nology risk is relatively low, while execution risk is high (Hsu, 2007; Swift, 2018). As a result, academic
credentials provide limited insight into a founder’s ability to hire and scale and thus are expected to have
weaker predictive importance.



Consequently, signals predict funding when they address investors' primary concerns. General technology
ventures face execution uncertainty. Big-Tech-Experience demonstrates execution capability through ver-
ified performance in complex organizations, while academic credentials demonstrate technical depth and
analytical sophistication but not commercial execution ability. In contexts where execution dominates eval-
uation, the more direct signal should persistently outperform the indirect one. Thus, this hierarchy should
remain stable across the yearly cohorts 2018-2022.

Prediction 3: High academic experience, such as holding a PhD or prior work as an academic or corporate
researcher is expected to contribute positively to funding attainment only when paired with practical, mar-
ket-oriented experience such as Big-Tech-Experience, executive roles or board membership. In isolation,
these academic signals are expected to have limited or no positive effect. Their value should emerge pri-
marily when combined with market-oriented experience complementary indicators.

Academic credentials such as PhDs or research experience represent expertise signals that demonstrate
analytical capability, discipline-specific knowledge, and scientific credibility (Allison et al., 2017; Ahlers
et al., 2015). However, signaling theory stresses that the effectiveness of any signal depends on its inter-
pretability and relevance to the evaluator. Particularly in general technology ventures, purely academic
backgrounds are difficult for investors to translate into evidence of practical execution skill or commercial
judgement. Academic signals tend to be incomplete on their own (Toole & Czarnitzki, 2008; Zucker et al.,
1998). They are valued only when complemented by practical, market-facing, or relational experience.
Specifically, founders with academic credentials raise more capital when their expertise is combined with
managerial roles, board participation, or industry experience (Hsu, 2007; Gimmon & Levie, 2010; Franco
et al., 2021; Keogh & Johnson, 2021; Eesley & Roberts, 2012). Related studies emphasize the advantages
of “ambidextrous” founders, who blend research depth with diverse professional experience, showing that
such combinations enhance investor confidence (Kaiser et al., 2018; Genin et al., 2023; Noguti et al., 2021;
Shetty & Sundaram, 2019). Conversely, academic-only profiles often fail to signal real-world competence
or market understanding, limiting their interpretive value in early-stage venture evaluation (Gimmon &
Levie, 2010; Allison et al., 2017; Li & Liu, 2025).

This suggests that academic signals create value only when they signal information that practical experience
alone cannot. When paired with complementary, market-facing experience, academic credentials can re-
duce multiple forms of investor uncertainty at once, creating a configuration that is more informative than
either signal independently. In general technology ventures, however, academic and operational signals
both speak to execution capability. Because they address the same evaluative dimension, the complemen-
tarities seen in science-based contexts may not appear. Prediction 3 therefore examines whether such cross-
domain reinforcement appears in this context or whether academic and practical signals instead function as
independent, non-synergistic indicators of founder quality.



Table 1: Prediction Signals

10

Signal Empirical Rationale (Cost— Expected

Foundation in prior | Differentiation Logic) importance

Research stable /

increasing

Prior Hsu (2007); Experience is costly, observable, | Yes
entrepreneurial Subramanian et al., and signals venture-building
experience (2025); Zhang, capability and persistence.

(2009); Ucbasaran et

al. (2009); Gupta et

al., (2024);

Gottschalk et al.,

(2014)
Big Tech Jerry Davis et al., | Experience in Big Tech is Yes
Experience (2022); (Ferrary & | associated with credibility and

Granovetter, 2009); | network access, serving as a

Nicas, (2016); Engel, | strong legitimacy signal.

(2015)
Signal Bafera & Kleinert Combinations of signals become | Conditional.
configurations (2023); Zhang et al. more credible when academic
(combinations) (2023); Hsu (2007); | depth is paired with practical,

Swift (2018); Eesley | market-oriented experience, as

& Roberts (2012) each addresses a different

source of uncertainty.

To test these predictions, Section 3 develops a predictive modeling framework that operationalizes human
and social capital signals as structured features, trains models on earlier cohorts, and evaluates whether
signal-outcome relationships persist in later cohorts. Feature importance and SHAP analyses quantify the
relative contribution of each signal, while interaction analysis tests configurational hypotheses.
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3. Method

3.1 Research Design

This chapter outlines the predictive-modeling research design used to evaluate whether founder human-
and social-capital signals generalize across time. Rather than relying on a traditional explanatory approach,
the study adopts a predictive-modeling framework in which out-of-sample performance serves as the pri-
mary test of signal generalization. The design consists of five components that enable theoretical mecha-
nisms to be assessed through temporal generalization rather than in-sample fit.

(1) The prediction task must be clearly defined, including an outcome metric that meaningfully represents
the theoretical construct of interest. This outcome must be structured in a way that allows performance to
be compared across samples.

(2) Predictive modeling requires temporally valid datasets. Information available at the time predictions
would have been made must be cleanly separated from future outcomes. This involves constructing training
datasets from earlier periods and prediction datasets from later, non-overlapping periods, inhibiting tem-
poral leakage.

(3) The features used as model inputs must operationalize the theoretical constructs being examined. This
requires transforming raw data, structured or unstructured, into measurable values that align with the the-
ory’s core concepts.

(4) The research design requires training one or more models on the training data so they can learn rela-
tionships between features and the defined outcome. Using complementary model families helps ensure
that results do not depend on a particular functional form or modeling approach.

(5) The method requires an evaluation framework capable of assessing both empirical stability and theoret-
ical relevance. Discrimination and calibration metrics determine whether the models produce reliable pre-
dictions across samples, while feature-level analysis methods connect the behavior of the models back to
the theoretical mechanisms under study.

Together, these components form a research design that operationalizes the analytical framework intro-
duced in Section 2.3.

3.2 The Prediction Task

The prediction task focuses on estimating how well founders can secure early-stage funding. For each
founder, this is measured by their ranking within their founding-year cohort’s funding distribution, based
on total equity raised within five years of founding. Predictions are generated for the 2018-2022 cohorts.
For each prediction year, only the five-preceding founding-year cohorts are used for training. For example,
the 2021 prediction relies on founder-data from the 2015-2019 cohorts. This rolling, cohort-based structure
ensures strict temporal separation between training and prediction, prevents information leakage, and al-
lows a direct test of whether signal-outcome relationships that hold in one period remain predictive for new
founders under new market conditions.

The outcome metric of this study is cumulative venture funding attainment. Venture funding attainment
serves as a robust proxy for early-stage entrepreneurial performance. High-quality ventures credibly differ-
entiate themselves by attracting external capital, while low-quality ventures cannot. Securing venture fund-
ing thus functions as both a signal and a test of legitimacy in environments where underlying performance
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cannot yet be verified (Plummer, et al., 2016). Empirical research consistently operationalizes funding at-
tainment, whether measured as receiving venture capital or as the total amount of equity raised as a direct
reflection of founder quality and market validation (Ko & McKelvie, 2018; Shane & Stuart, 2002). Early-
stage financing, particularly within the first five years of a firm’s life, captures investors’ collective assess-
ment of a venture’s potential when internal performance data is limited (Davila et al., 2003; Ahlers et al.,
2015). In this sense, cumulative funding attainment within a defined early-stage window functions as a
quantifiable market outcome of effective signaling.

The study measures founders’ funding-attainment ability by identifying whether their venture reaches the
top 3% of cumulative equity funding within its own founding-year cohort over a five-year observation
window. This cohort-based approach ensures that each founder is evaluated relative to peers who faced the
same market conditions, investment climate, and capital availability in their founding year. Wherever pos-
sible, cumulative funding is tracked across the full five years following founding. For the most recent co-
horts (2020-2022), funding is measured only up to 2025. Although later cohorts have slightly shorter ob-
servation windows, the logic remains consistent.

Figure 1: The Prediction Task

Models learn what top 3% looks like (2015-2019) | ‘ Models predict top 3% in 2021

Companies Founded in 2015 = Funding up until end of end of 2020
2016 - Funding up until end of end of 2020
2017 = Funding up until end of end of 2020
2018-> Funding up until end of end of 2020

2019 > Funding up until end of 2020

This cohort-based approach normalizes outcomes within founding-year cohorts to account for temporal
distortions such as valuation inflation, investment cycles, and changing macroeconomic conditions, while
also addressing the extreme right-skewness of venture outcomes (Gornall & Strebulaev, 2019; Hsu, 2007;
Guzman & Stern, 2015, 2020; Ewens & Townsend, 2020). Moreover, using percentile ranks instead of raw
monetary values captures the inherently selective and power-law nature of venture success, where only a
very small share of founders attracts a disproportionate share of capital. Focusing on the uppermost percen-
tiles isolates these outlier cases while holding constant the broader economic conditions faced by their
cohort.

3.3 Data Construction and Sampling Framework

This section outlines how the study constructs the training and prediction datasets required for temporal
generalization, following a three-step process that defines (1) the venture population, (2) applies contextual
sampling criteria, and (3) the specific data set construction and sampling example of the 2021 datasets. For
each prediction year from 2018 to 2022, two fully separate datasets are constructed, one training- and one
prediction dataset. Models are always trained on the five preceding years and tested on the next one. All
training and prediction datasets link venture-level funding histories from Specter, PitchBook and Crunch-
base with founder profiles from People Data Labs (PDL) and LinkedIn.
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(1) The venture population consists of all companies founded in each calendar year and recorded across the
underlying data sources, representing the full universe of ventures before any geographic, industry or fund-
ing-based filtering is applied. (2) To define the sample of a given cohort, a set of inclusion and exclusion
criteria is applied. These filters define the empirical population from which all training and prediction sam-
ples are drawn, establishing the contextual boundaries of the analysis. The geographic scope is limited to
ventures headquartered in Europe and North America. These two regions represent mature venture-capital
ecosystems with comparable institutional infrastructures, investor practices, and disclosure standards (Co-
lombo & Grilli, 2010; Kerr, Nanda & Rhodes-Kropf, 2014). Including both regions in the population pro-
vides variation to evaluate theory generalizability while maintaining data consistency and availability. Each
company’s location was defined by its headquarters at the time of founding. For each founding-year cohort,
outcomes were tracked over a five-year period, starting at the company founding date, following the stand-
ard observation window used in prior research.

The focus of this study is on general technology ventures that follow scalable growth patterns. Thus, indus-
try filtering is applied to exclude sectors whose financing dynamics differ fundamentally from this model.
Life-science and specific industrial sectors were excluded because their funding structures differ funda-
mentally from general technology ventures. Financing is concentrated in large, milestone-based rounds tied
to regulatory or patent events, followed by multi-year inactivity. Such patterns distort the link between
founder signals and funding outcomes in the observation context of this study. Accordingly, biotech, bio-
pharma, pharmaceuticals, healthcare and chemicals are excluded from the datasets. This filtering is con-
sistent with prior venture-finance studies (Baum & Silverman, 2004; Hsu, 2007; Colombo et al., 2019).
Only equity-based funding rounds are considered in the analysis, covering the stages Angel, Pre-Seed, Seed,
and Series A through Series J. These stages capture the conventional venture-capital financing sequence
defining the venture lifecycle (Hellmann & Puri, 2002). Funding data detailing which companies completed
which investment rounds were sourced from PitchBook and Crunchbase, standardized in U.S. dollars to
ensure comparability across regions and time periods.

(3) The 2021 cohort is used to illustrate the dataset construction process. To generate predictions on the
2021 cohort, there is a prediction and a training dataset. Both follow the same construction logic but differ
in their sample composition. All founder data is anonymized.

For the 2021 prediction dataset, the process begins by collecting all ventures founded in 2021 from Specter,
PitchBook, and Crunchbase. After applying the exclusion criteria, this yields 244,219 companies founded
in that year. From these, only ventures that raised at least one qualifying equity funding round between
2021 and 2025 are retained, resulting in 8,265 funded startups. Founders are then identified by matching
company records with individual profiles from People Data Labs and LinkedIn. An individual is classified

as a founder if they list the company in their work history and hold a “founder”, “co-founder”, or similar
title starting within twelve months before or after the company’s founding date.

Matches are validated through alignment of company domains across LinkedIn and PitchBook. This pro-
cess yields 5,824 founder—venture pairs and 11,256 total founder profiles, reflecting that many startups are
founded by multiple individuals. A stratified random sample of 300 profiles is manually reviewed to con-
firm extraction accuracy. Each venture’s total equity funding raised between 2021 and 2025 is then aggre-
gated and ranked within the 2021 cohort. All founders receive the same rank as their venture. Founders in
the top 3 percent of this distribution are labeled as high funding-attainment (TRUE), and all others are
labeled as low funding-attainment (FALSE). This results in 538 high-attainment founders and 11,256 low-
attainment founders for the 2021 prediction cohort.
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Table 2: Prediction Datasets - Descriptive Statistics

Funding

- 0,

Year Total . Total Founc!er Total Founder top 3% (true) bottom 97% Treshold 3%

Companies Venture Pairs Profiles (false) \ )
(in $Mio.)

2018 279,994 5,021 9,611 474 9,137 73
2019 269,491 5,328 10,256 542 9,714 70
2020 304,331 6,123 12,057 567 11,490 55.83
2021 244,219 5,824 11,794 538 11,256 49.7
2022 205,847 6,055 12,852 513 12,339 59

The training dataset consists of founders from the five cohorts preceding the prediction year (2015-2019),
with each cohort constructed using the same procedure applied to the prediction datasets. This ensures that
the models learn founder—signal relationships exclusively from earlier periods before being evaluated on
entirely new founders in the 2021 cohort. Within every training cohort, ventures are ranked by their cumu-
lative funding raised within five years of founding, with the observation window ending no later than 2020.
The 2020 cohort is excluded because founding dates are recorded at the annual level, making it impossible
to distinguish ventures founded early in 2020, whose funding is already observable, from those founded
later in the year, which would not yet have had sufficient time to raise capital until the end of 2021. For
model training, only the most extreme performers are retained. Founders in the top 3 percent of their co-
hort’s funding distribution were labeled as high funding-attainment (TRUE), and those in the bottom 10
percent were labeled as low funding-attainment (FALSE). The remaining 87 percent were excluded from
training to create a sharper decision boundary and reduce noise in model training (Gornall & Strebulaev,
2020). Across the 2015-2019 cohorts, this procedure yielded 2,108 labeled founders: 695 positives and
1,413 negatives.

The labeling scheme intentionally differs between training and testing. During training, the model learns
from distinct cases (top 3% vs. bottom 10%), whereas during testing it must identify the top 3 percent within
the full founder population (top 3% vs. all others), which reflects the real prediction problem. Each founder
appears only once in the dataset and is associated with their most recent venture. Prior ventures are excluded
under the assumption that they were discontinued.

Table 3: 2021 Training Dataset - Descriptive Statistics

Year top 3% (true) bottom 10% (false) [total

2015 164 310 474
2016 153 287 440
2017 156 279 435
2018 122 283 405
2019 100 254 354
Total 695 1413 2108

In summary, each prediction dataset contains the full founder sample for a given year, labeled by cumulative
funding attainment within the following five years. The corresponding training dataset contains only dis-
tinct high- and low-performing founders from the five preceding cohorts. This rolling-origin design enables
an empirical test of how founder characteristics translated into predictive features at the time of founding
predict venture funding outcomes, both individually and in combination across cohorts and time. The de-
scriptive statistics of all training and prediction datasets are provided in Appendices A and B.
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3.4 Features

This section explains how raw founder data is transformed into the structured features used as model inputs.
Because ML models require numerical and categorical representations of information, the unstructured
career histories, educational records, and professional affiliations extracted from LinkedIn and People Data
Labs must be converted into measurable indicators. These indicators are called features, each represented
as a binary variable that takes the value 1 when its criteria are met and 0 otherwise. The feature set was
deliberately designed to cover all founder signals required to evaluate the research question and the three
predictions in Section 2.3. Every feature corresponds to a human- or social-capital signal, ensuring com-
prehensive coverage of the constructs. The feature extraction process converts unstructured founder data
into a structured analytical dataset that captures a consistent snapshot of each founder at the moment of
venture formation. This dataset forms the analytical foundation on which the predictive models test whether
signal-outcome relationships hold across new cohorts over time.

The feature extraction framework combines deterministic Python scripts for structured information with
controlled LLLM reasoning for unstructured text. In total, 21 features are extracted and grouped into five
categories according to their extraction logic: (1) rule-based count features, (2) LLM-based rule features
(3) rule-based career features, (4) LLM-based reference-list features, and (5) LLM-based complex reason-
ing features.

The first group (1) deals with rule-based count features and includes two features derived directly from
structured data through deterministic Python scripts. These features rely on simple numeric thresholds and
logical conditions. For example, the feature has three or more work experience returns a value of 1 if
the founder held at least three prior professional roles and 0 otherwise.

The second group (2), LLM-based rule features, consists of six features that require context-sensitive inter-
pretation but follow deterministic logical rules. These features were extracted using short, highly specific
instruction prompts that guided the model through explicit inclusion and exclusion criteria. For instance,
lived _multiple countries identifies founders who have studied or worked in at least two distinct countries
and is_firsttime founder checks whether the founder has completed any prior founding roles before the
current venture.

The third group (3), rule-based career features, includes five features derived through a Python-based script
that calculates employment tenure from start and end dates of past roles. These features quantify each
founder’s total professional experience and mobility before founding their venture. They categorize found-
ers by cumulative years of work experience and by patterns of job change. For instance, has _job hopped
takes the value 1 if a founder has held at least three positions shorter than two years each, and 0 otherwise.

The fourth group (4), LLM-based reference-list features, includes nine features that identify institutional
affiliations such as elite universities or venture firms. These were extracted through a retrieval-augmented
generation (RAG) process in which the LLM matches text from founder profiles against curated reference
lists of known institutions. The model performs fuzzy matching to accommodate name variations, such as
“MIT” versus “Massachusetts Institute of Technology”, while enforcing strict inclusion boundaries. For
example, top_tier uni captures attendance at one of the world’s top fifty universities according to QS rank-
ings. All institutional reference lists used for this extraction process are provided in Appendix C.

The final group (5), LLM-based complex reasoning features, consists of nine variables requiring higher-
order interpretation of professional and educational histories. Each feature is extracted through a prompt
that guides the model to interpret career sequences, role hierarchies, and contextual clues. Examples include
is_board_member, which detects formal board or director appointments while excluding informal advisory
roles. These features capture qualitative aspects of professional signaling that cannot be represented through
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simple keyword or pattern matching, enabling the extraction of nuanced information on competence, lead-

ership, and credibility.

Each LLM prompt follows a schema-constrained instruction format consistent with contemporary standards

in structured information extraction and prompt engineering (Lu et al., 2022; Qiao et al., 2023; Liu et al.,

2026). Prompts explicitly define what qualifies as a match, what must be excluded, and what evidence
should be cited. An example-prompt is provided in Appendix H. All LLM calls are executed using GPT-
4.1-mini with a temperature setting of 0.1, chosen to maximize determinism while preserving minimal rea-

soning flexibility. Each founder profile is processed independently across all features, and computations

are parallelized both across features and across batches of eight profiles at a time to ensure scalability and

efficiency.

Table 4: Features Overview

Feature

Meaning

Extraction Type

Signal Type

top_tier uni

Attended elite university

LLM - list

Human capital

multiple_degrees

Holds 2+ degrees

LLM - rule-based

Human capital

is_phd

Completed PhD

LLM - reasoning

Human capital

outside_of us_uni

Studied at university outside the U.S.

LLM - rule-based

Human capital

big_tech_experience Worked at major tech company (e.g., Google, Apple) LLM — list Human capital
is_top_tier consultant Worked at leading consultancy (e.g., McKinsey, BCG) LLM — list Human capital
is_top_tier banker Worked at major investment bank (e.g., Goldman Sachs) LLM — list Human capital

researcher at big corp

Research role at major technology firm

LLM - reasoning

Human capital

researcher at top uni

Research or academic position at elite university

LLM - reasoning

Human capital

has_three_or more_work_experience

Held 3+ prior professional positions

Rule-based

Human capital

has_job_hopped

Held >3 short-tenure jobs (<2 years)

Rule-based career

Human capital

one_to five years_experience

1-5 years total professional experience

Rule-based career

Human capital

six_to ten years_experience

6—10 years total professional experience

Rule-based career

Human capital

more_than ten years experience

>10 years total professional experience

Rule-based career

Human capital

recent_grad

<1 year of professional experience at founding

Rule-based career

Human capital

has_promotions

Received internal promotion

LLM - reasoning

Human capital

exec_experience

Held senior executive (VP/C-level) role outside own venture

LLM — reasoning

Human capital

lived_multiple_countries

Worked/studied in >2 countries

LLM - rule-based

Human capital

is_firsttime founder

No prior completed founding role

LLM - rule-based

Human capital

top_investor

Worked at top-tier VC or investment firm

LLM — list

Social capital

nasdaq_leadership

Leadership role at NASDAQ-listed company

LLM - list + reasoning

Social capital

ve_experience

Worked in venture-capital or private-investment roles

LLM — reasoning

Social capital

is_board member

Formal corporate board membership

LLM - reasoning

Social capital

comm_experience

Held marketing or communications roles

LLM — reasoning

Social capital
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To prevent temporal leakage, all founder profiles are truncated at the company’s founding date (To). Only
pre-To data, such as education, prior employment and affiliations is processed. Post-founding events such
as subsequent roles, new affiliations, or later funding rounds are systematically excluded. Because all un-
derlying data sources (LinkedIn, Specter, People Data Labs, PitchBook, and Crunchbase) include time-
stamped records, this design guarantees that features reflect only information observable at the time of
venture creation. All pre-training and testing data was fully anonymized, and no company IDs, company
names, founder IDs, or founder names were included in any dataset.

The resulting feature dataset provides a transparent, theory-aligned representation of founders’ human and
social capital signals at the moment of venture formation These features constitute the input to the predictive
models introduced in the following section.

3.5 Models

The modeling approach integrates two complementary categories of models. First, standard tree-based ma-
chine-learning models are deployed to generate predictions. Second, an LLM-based policy-induction model
is implemented to generate interpretable, rule-based decision structures. The following section provides
detailed descriptions and motivations for both model families. The models are selected to combine well-
established standards in predictive modeling with the technological advances enabled by generative Al
(Arroyo et al., 2019; Kim et al., 2023; M. W. Powers, 2020; Uddin et al., 2020, Florez-Lopez & Ramon-
Jeronimo, 2015).

3.5.1 Machine Learning Models

Three machine learning models were implemented in the study, Gradient Boosting and Random Forest,
complemented by a Logistic Regression baseline for benchmarking. First, the Random Forest (RF) model
is an established machine learning model that combines simple decision trees to make stronger, more reli-
able predictions (Breiman, 2001a). Each decision tree in a Random Forest is trained on a slightly different
subset of the data, generated through bootstrap resampling of the original dataset (Breiman 2001a, 1996;
Gonzalez et al., 2020). At prediction time, the model aggregates the outputs of all individual trees, using
majority voting for classification, to produce a more stable and reliable estimate.

Random Forests can capture the non-linear, complex relationships that characterise founders’ human and
social capital (Maturo et al., 2025). These attributes combine in complex, non-additive ways that linear
models cannot adequately represent. Prior research demonstrates that RF performs particularly well in en-
trepreneurial and financial prediction settings, where feature heterogeneity and nonlinear structure are com-
mon. This makes the model well suited for predicting venture funding outcomes (Schade & Schuhmacher,
2023; Koumbarakis & Volery, 2022; Shi et al., 2023; Lukita et al., 2023).

Second, the Gradient Boosting (GB) model is employed. Instead of training many trees independently, it
builds them sequentially. Each new tree is designed to correct the errors made by the previous ones (Natekin
& Knoll, 2013). This iterative process, known as boosting, progressively improves the model by assigning
greater weight to the data points that were most difficult to predict in earlier rounds (Friedman, 2001; Chen
& Guestrin, 2016; Liu et al., 2023; Maturo et al., 2025, Ji & Li, 2025, Acharya et al., 2021).

This thesis employs a GB model because it is particularly effective for complex, high-dimensional data,
such as the combination of human- and social-capital indicators that characterize founder profiles (Ozkurt,
2024; Davis et al., 2021). These empirical studies show that Gradient Boosting models can achieve very
high accuracy in comparable prediction tasks. Because each tree in GB learns directly from the errors of its
predecessors, the model is especially effective at capturing subtle interactions between founder character-
istics and funding outcomes (Liu et al., 2023; Friedman, 2001)
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Finally, Logistic Regression is employed as a linear baseline, providing a transparent benchmark for eval-
uating the added value of the nonlinear models. The model predicts the log-odds of attaining top 3 % venture
funding, as a simple linear combination of the input features. This produces coefficients that can be directly
interpreted, making it easy to compare how strongly each feature influences the prediction when relation-
ships are assumed to be linear. (Obermann & Waack, 2015; Uddin et al., 2020; Davidsson & Honig, 2003;
Ghassemi et al., 2020). Together, these models establish a rigorous baseline for evaluating the generaliza-
bility of founder signals and form the analytical foundation for introducing the LLM-based policy-induction
model.

3.5.2 Interpretable LLM based Policy-Induction Model

The LLM-based policy-induction model provides a methodological innovation in this thesis by offering an
alternative to traditional predictive models. By combining LLM-driven rule induction with traditional pre-
dictive modeling, it extends current methodological frontiers in management research, demonstrating how
Al-systems can generate transparent, auditable decision rules in natural language that complement ensem-
ble learning models (Mu et al., 2025; Preuveneers et al., 2025). The policy-induction framework is em-
ployed due to its strong performance in data-constrained, decision-making contexts. Its efficiency and in-
terpretability make it particularly suitable for testing theoretical mechanisms under uncertainty. (Mu et al.,
2025).

The model learns rules through text-based reasoning rather than hidden parameters. It reviews examples,
updates its logic through in-context learning, and retains only those revisions that improve measurable per-
formance. All pre-training and testing data was fully anonymized, and no company IDs, company names,
founder IDs, or founder names were induced in the model. The training process unfolds in several trans-
parent stages. As outlined in Section 3.2, model training only considers top 3% and bottom 10% cases.
Training begins with a small, balanced seed set of founders, 20 high-funding cases - and 20 low-funding
cases, presented to the model in text form. From these profiles, the model induces an initial set of “if~then”
rules that describe patterns it observes, for example, ‘“‘founders with prior successful exits are more likely
to raise large funding rounds”. These preliminary rules are then tested and refined using a larger sample
of 100 high-funding cases and 100 low funding cases. After each refinement step, the model keeps only
those rule updates that measurably improve predictive performance, evaluated through standard metrics
such as precision and the Fo.s score. Rules that do not increase performance are discarded, ensuring the
model improves only through verifiable gains. In a final stage, the model incorporates reflections on recur-
ring patterns across the data, essentially a meta-analysis of its own reasoning, to sharpen and simplify the
rule set. This produces a compact, fully interpretable policy consisting of the most informative conditions
related to founder experience, education, and career trajectory.
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Figure 2: LLM-Policy-Induction-Framework
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This results in an interpretable set of decision rules that can be read, audited, and adjusted by human eval-
uators, addressing one of the central limitations of “black box” models such as neural networks or gradient
boosting, which often achieve high accuracy at the cost of transparency (Mu et al., 2025). A full outline of
the generated policies and policy analysis can be found in Appendices D, E and F.

3.6 Evaluation Framework

The evaluation framework establishes the empirical foundation for theoretical interpretation. Its purpose is
twofold. First, to verify that the predictive environment is statistically reliable and temporally stable. Sec-
ond, to ensure that any theoretical conclusions drawn from feature dynamics rest on empirically validated
model behavior. To achieve this, the framework integrates performance-, feature-level-, and control met-
Tics.

Performance metrics measure empirical stability by capturing how accurately and consistently the models
perform across prediction cohorts. Precision and recall assess classification quality under class imbalance,
while the Fo.s score combines both, weighting precision more heavily to reflect the asymmetric costs and
class imbalance of venture investing, where false positives are costlier than false negatives (Hsu, 2007;
Breiman, 2001b; Shmueli, 2010).
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Precision = TP /(TP + FP) Recall = TP /(TP + FN)

where 7P is true positives and FP is false positives.

Fo.s = (1 + 0.5%) x (Precision X Recall) / (0.5% X Precision + Recall)

The Area Under the Precision—Recall Curve (AUCPR) summarizes how well a model balances precision
and recall across all classification thresholds, directly measuring how effectively it distinguishes excep-
tional founders from the large number of less successful cases in regards to the outcome metric funding
attainment (Davis & Goadrich, 2006)

n—1
AUCPR = Z (Recall;,; — Recall;) x Precision;,
i=1

i=

where 7 is the total number of points on the Precision—Recall curve, each corresponding to a different
classification threshold and i indexes each adjacent pair of PR points, summing the incremental area con-
tributed by each segment.

Empirical stability in this thesis is established when these metrics remain consistent across temporal co-
horts, specifically when precision, Fo.s, and AUCPR values show limited variance (£0.05), and the relative
performance of model families remains stable. In this configuration, the model’s discrimination ability does
not depend on specific sample periods, its ranking performance remains robust despite class imbalance, and
any metric drift over time is small and theoretically explainable.

Calibration metrics test whether the model’s predicted probabilities correspond to real-world outcomes,
ensuring that forecasts can be interpreted as credible likelihoods rather than arbitrary scores. Two comple-
mentary indicators capture this. The Brier Score and the Expected Calibration Error (ECE) (Niculescu-
Mizil & Caruana, 2005). The Brier Score measures how close predicted probabilities are to actual outcomes.
The ECE evaluates systematic bias by checking whether the model is generally overconfident or undercon-
fident.

Brier Score = (1/N) X YN (i — y)?
where p; is the predicted probability of success for observation i, and y; is the observed binary outcome.

ECE = Y1 (nk/N) X | acc(B) — conf(By) |

where n; is the number of samples in bin B, acc(Bi) denotes the empirical success rate, and conf(Bi) the
mean predicted confidence.

A model is considered well calibrated when both metrics remain low and stable across cohorts, Brier <0.10
and ECE < 0.05 in predictive modeling standards (Brier, 1950; Guo et al., 2017; Shrestha et al., 2021).
Under these conditions, predicted probabilities can be interpreted as reliable empirical estimates rather than
artifacts of overfitting or imbalance. Calibration metrics such as the Brier score and Expected Calibration
Error (ECE) are not applicable to the policy-induction model because it is a rule-based deterministic clas-
sifier, not a probabilistic model (Brier, 1950; Niculescu-Mizil & Caruana, 2005; Guo et al., 2017). Instead,
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the empirical stability of the policy model is evaluated using discrimination-based metrics, precision, recall,
and Fo.s (Breiman, 2001b).

Feature-level analysis forms the core of the evaluation framework. To understand how features affect pre-
dictions the analysis draws on Shapley Additive ExPlanations (from here on SHAP values) (Lundberg &
Lee, 2017). SHAP assigns each feature an additive contribution to every individual prediction, indicating
how much that feature pushes the predicted probability upward or downward relative to the model’s base-
line. By collecting these contributions across the entire dataset, SHAP then quantifies how strongly the
model relies on each feature overall. Global feature importance is thus defined as the mean absolute SHAP
value, the average magnitude of a feature’s influence across all observations. Features with larger mean
absolute SHAP values are those the model relies on most strongly, regardless of whether they increase or
decrease the predicted likelihood of funding success. Thus, global feature importance captures magnitude,
not direction. It identifies the features that the model consistently relies on to differentiate between higher
and lower predicted outcomes. This ranking establishes a first layer of interpretability, showing which sig-
nals, such carry the greatest explanatory weight.

SHAP: f(x) = @0 + Y™ @;

where ¢; denotes the SHAP value for feature 7, representing its marginal contribution to the prediction, and
@o 1s the model baseline.

Examining the distribution of SHAP values across observations outlines how and when each feature influ-
ences the model’s predictions. The mean SHAP value captures the overall direction of the effect, whether
the feature generally increases or decreases the predicted likelihood of success, while the median SHAP
value reflects the typical size of that effect, minimizing the impact of outliers. SHAP interaction values
measure non-additive relationships, instances where the combined effect of two features on a prediction
differs from the sum of their independent additive effects. Finally, all feature-level results are analyzed
across temporal cohorts to assess how each signal’s predictive relevance changes over time.

Because the policy-induction model operates on natural-language decision heuristics rather than numerical
features, traditional SHAP or feature-importance analysis is not applicable. To identify which founder sig-
nals most strongly influences its predictions, the model is evaluated through policy ablation analysis. In this
approach, each policy, an individual “if-then” rule learned by the model, is temporarily removed, and the
model’s Fo.s performance are remeasured. The decrease in performance caused by the removal of a given
rule quantifies its marginal contribution to predictive accuracy. Policies producing the largest performance
drops are interpreted as the most influential signals within the model’s decision logic. This produces a
ranked list from 1 to 20 outlining which policies contribute most to the model’s predictions. The approach
offers a direct and interpretable alternative to feature-importance measures, enabling systematic evaluation
of the human-readable founder attributes and signal combinations that drive predictive outcomes.
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3.7 Quality Discussion

Because this study employs predictive modeling to test temporal generalization, research quality is evalu-
ated according to criteria appropriate for predictive rather than explanatory designs. Quality is assessed
across three dimensions:

(1) Reliability, meaning consistent and transparent procedures across analyses;

(2) Validity, including predictive validity (whether relationships generalize to future cohorts) and construct
validity (whether features accurately represent theoretical founder characteristics); and

(3) Replicability, meaning that results can be independently reproduced with equivalent data and methods.

Together, these dimensions ensure that the study identifies temporally stable patterns, uses interpretable
constructs, and applies transparent, verifiable procedures.

Reliability concerns the internal consistency of the analysis, whether the models produce stable and con-
sistent results over time. All preprocessing, feature extraction, and validation procedures are standardized
and deterministic, minimizing random variation and subjective bias. The evaluation framework confirms
that core performance metrics remain stable across the 2018-2022 cohorts, while consistent feature-im-
portance rankings and SHAP interaction patterns show that founder-signal effects persist over time. Models
are always trained on four consecutive years and evaluated on a strictly later cohort, ensuring separation
between in-sample learning and out-of-sample prediction. Outcomes are evaluated using internal percentile
rankings rather than absolute funding amounts, reducing distortion from shifting market conditions and
enabling comparable assessments across years.

Predictive validity assesses whether the models forecast future outcomes rather than reproduce past data. It
is established through strict out-of-sample evaluation. All features are restricted to information observable
at or before the founding year (To), preventing temporal leakage and aligning predictions with what inves-
tors could realistically know at that moment. Rolling-origin validation shows that predictive performance
generalizes consistently across time, indicating that the models capture stable informational patterns rather
than artifacts of a particular historical period.

Construct validity ensures that model inputs map cleanly onto signaling-theoretic constructs. Human-capi-
tal features represent competence signals (education, experience), while social-capital features represent
legitimacy signals (networks, affiliations, investor ties). These conceptual categories are translated into
measurable, time-stamped founder attributes. A manual review of 300 randomized profiles across the 2018—
2022 cohorts demonstrated 99% agreement between automated classifications and human interpretation,
indicating that the features accurately capture the signals they are designed to measure.

Replicability concerns whether independent researchers could reproduce the results using equivalent data
and procedures. This study integrates information from four proprietary databases, Crunchbase, PitchBook,
Specter and People Data Labs which requires licensed access for full dataset reconstruction. However, the
data-construction pipeline itself is fully deterministic and documented. Scripts use fixed parameters, pre-
defined random seeds, and a constant LLM temperature (0.1), enabling near-identical outputs across runs.
Model outlines, variable dictionaries, and preprocessing steps are provided in the appendices to support
procedural replication even without direct access to the purchased data.
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A limitation arises from the dynamic nature of platforms such as LinkedIn, where founder profiles may
change or disappear over time, potentially preventing perfect reconstruction of the original raw data. Addi-
tionally, changes in the structure or provisioning of the proprietary databases may affect exact replication
of the dataset used here. The large-language-models used for feature extraction introduce a version-specific
dependency, but deterministic prompting and temperature control mitigate variation. While different LLMs
may yield small differences in classification, the methodology itself remains reproducible as long as the
underlying model version is accessible.
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4. Results

This section presents the empirical results of the study. It begins by illustrating how SHAP values impact
model prediction, followed by the assessment of model reliability and calibration. This establishes the em-
pirical stability required for interpreting founder signals. The section then continues by examining the sig-
nals themselves for each respective prediction1-3 introduced in Section 2.3.

To illustrate how individual founder signals influence model predictions, Figure 3 presents a SHAP
beeswarm plot for the 2022 cohort. Each point represents a single founder, and its horizontal position shows
whether a given feature pushed the model’s predicted likelihood of high funding attainment upward (posi-
tive SHAP value) or downward (negative SHAP value). The color of each point reflects the founder’s fea-
ture value. Blue indicates a low feature value, while red indicates a high feature value. When red points
appear on the right, high values of that feature increase predicted success. When red points appear on the
left, high values decrease it. Features are ordered vertically by global importance, with the most influential
features at the top. Below each feature label, the prevalence of that feature is shown in percentage terms for
the given cohort, providing immediate context for how common or rare each signal is. All SHAP beeswarm
plots for the 2018-2022 cohorts are included in Appendix G.

Figure 3: 2022 SHAP beeswarm plot
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The calibration and discrimination metrics confirm that the predictive environment is empirically stable
and statistically reliable across all cohorts. Performance measures, precision, recall, Fo.s, and AUCPR, re-
main consistent across prediction cohorts. Gradient Boosting, Random Forest and the policy models exhibit
minimal variance (£0.05) in Fo.s and AUCPR values, with Logistic Regression showing stable but lower
scores, confirming temporal robustness (Hsu, 2007; Breiman, 2001b; Shmueli, 2010).

Table 5: Discrimination and Calibration Metrics

2018 2019
Logistic Random Gradient . Logistic Random Gradient .
Model Regression Forest Boosting Policy Model | Model Regression Forest Boosting Policy Model
Fo. s 10.93% 17.89% 19.31% 23.70%|Fo. 5 13.10% 18.08% 20.42% 23.75%
Precision 14.57% 18.98% 19.80% 25.33% [Precision 15.89% 18.44% 21.34% 25.42%
Recall 5.47% 14.55% 17.55% 18.86% |Recall 7.70% 16.75% 17.43% 18.80%
Accuracy 91.20% 92.40% 94.40% 93.57% [Accuracy 87.44% 91.20% 95.30% 93.23%
AUCPR 0.407 0.492 0.494 0.511|AUCPR 0.417 0.513 0.599 0.499
Brier 0.049 0.053 0.05 0.089 [Brier 0.046 0.057 0.046 0.094
ECE 0.033 0.046 0.04 0.064 |ECE 0.038 0.046 0.042 0.053
2020 2021
Logistic Random Gradient . Logistic Random Gradient .
Model Re?gression Forest Boosting Policy Model | Model Re?;ression Forest Boosting Policy Model
Fo. s 12.21% 19.08% 20.54% 23.60%|Fo. 5 12.68% 20.00% 21.30% 24.24%
Precision 13.22% 19.55% 20.87% 24.55% [Precision 14.32% 20.01% 21.78% 25.66%
Recall 9.34% 17.42% 19.33% 20.44% |Recall 8.69% 19.98% 19.56% 19.86%
Accuracy 88.89% 90.24% 96.30% 95.36% [Accuracy 89.45% 86.55% 94.30% 93.30%
AUCPR 0.411 0.587 0.613 0.532(AUCPR 0.411 0.547 0.637 0.494
Brier 0.047 0.049 0.048 0.097 [Brier 0.046 0.049 0.0531 0.089
ECE 0.041 0.052 0.044 0.048|ECE 0.038 0.052 0.05 0.053
2022
Model Logistic. Random Gradignt Policy Model
Regression |Forest Boosting

Fo. 5 12.52% 18.34% 22.10% 25.11%

Precision 14.67% 18.55% 22.24% 26.30%

Recall 7.90% 17.54% 21.55% 21.25%

Accuracy 88.98% 83.54% 93.67% 94.20%

AUCPR 0.411 0.587 0.621 0.563

Brier 0.047 0.048 0.047 0.087

ECE 0.038 0.051 0.049 0.051

Calibration results confirm that the models’ predictions are trustworthy. The Brier scores (0.046—0.053)
and ECE values (below 0.052) fall within the thresholds outlined in Section 3.6. Across all years, the rank-
ing of model performance remains the same, Gradient Boosting performs best, followed by Random Forest,
then Logistic Regression, with the policy model outperforming the ML models. Thus, the models are not
reacting to noise in individual cohorts but reflecting stable underlying patterns in the data. Together, the
strong calibration and consistent performance rankings demonstrate that the predictive environment is em-
pirically stable. Due to their superior performance, the Gradient Boosting model - and the interpretable
policy-induction model are used to evaluate the research question and three predictions outlined in Section
2.3.

Prediction 1 proposes that prior entrepreneurial experience remains a consistently strong predictor of fund-
ing success. Specifically, founders identified as First time founder are expected to display stable or in-
creasing importance in the model from 2018 to 2022, while their lack of prior founding experience should
lower the predicted likelihood of receiving investment.
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Feature importance analysis displays that entrepreneurial experience is one of the strongest predictors of
funding success. Figure 4 displays that, across all cohorts from 2018-2022, First_time_founder consistently
ranks between second and fourth place in importance. This indicates that the model consistently treats prior
entrepreneurial experience, or the absence of it, as one of the most influential features for making predic-
tions.

Figure 4: First_Time_Founder Feature Analysis
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Directional effects reinforce this pattern. In every cohort, the median SHAP value for First time founder
is negative (—0.20 to —0.11), meaning that lacking prior entrepreneurial experience consistently lowers the
model’s predicted likelihood of securing funding. Since roughly 72% of founders in each cohort are first-
time founders, this negative effect applies to most of the population and remains virtually unchanged over
time. In contrast, founders with prior ventures, the remaining ~28%, show equally stable positive effects
on predicted funding success. The persistence of both the penalty for first timers and the advantage for not
being a first-time founder indicates that this is not a temporary pattern, but a structural feature of how the
model evaluates founder experience.

Policy ablation analysis outlines that entrepreneurial experience remains one of the most consistently em-
phasized signals in the policy model across all cohorts from 2018 to 2022. In 2018 and 2019, eight to nine
rules explicitly reference founder history, establishing prior entrepreneurial activity as a core structural
feature of the model’s reasoning.

Table 6: Example - Policy Ablation Results 2021 - Top 3 out of 20

I t
Impm:tance Policy Rule mportance
Ranking Score
Long tenure in junior roles, or lack of advancement, is a negative signal unless offset by
1 |clear entrepreneurial or leadership activity. 0.0301148
Multiple distinct leadership, founder, or principal roles (co-founder, chief, partner, director,
advisor, board member) across different organizations, sectors, or regions before or at
2 |company inception are strong positive signals. 0.0158825
Non-traditional education or lack of degree can be positive if accompanied by significant,
3 |varied work or leadership experience, especially across sectors or regions. 0.0158825




27

In 2020, the number dips slightly, but the underlying penalty for first-time founders persists, now embedded
within a more operational and cross-functional framing. By 2021, the emphasis returns to 2019 levels,
reaffirming the stability of this signal. The trend culminates in 2022, where twelve of twenty rules reference
entrepreneurial experience - the strongest representation across all years - indicating that founder track
record becomes increasingly central to how the model evaluates funding potential.

Prediction 2 examines whether Big Tech Experience functions as a consistently stronger predictor of
funding attainment than other forms of domain expertise. Big Tech Experience ranks among the top pre-
dictors in every cohort (positions 9 to 4), while academic and research-oriented features - PhD, Aca-
demic_Researcher, Corporate Researcher - remain at the bottom of the importance ranking. This indicates
that Big Tech backgrounds carry substantially greater evaluative weight than academic credentials.

Feature prevalence helps clarify this pattern. Although still relatively rare, Big Tech Experience becomes
more common over time, increasing from roughly 5% of founders in 2018 to more than 11% in 2022. By
contrast, academic and research credentials remain both infrequent and stable across cohorts. The SHAP
beeswarm plots reflect this distribution. For most founders who lack Big Tech backgrounds, its absence
produces a small negative effect on predicted funding likelihood. For the minority where it is present, how-
ever, the effect is strongly positive.

Figure 5: Prediction 2 Feature Analysis
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This pattern becomes clear when comparing median and mean SHAP values. The median SHAP values are
slightly negative (—0.136 to —0.079) simply because nearly all founders lack Big Tech experience. But the
mean SHAP value is strongly positive (= +0.20), revealing the model's impact for the small minority of
cases where Big Tech_Experience is present, giving a large boost to the predicted funding likelihood. Thus,
Big Tech Experience is a rare but powerful signal, too uncommon to lift most founders’ predictions, but
strong enough that for those who do have it, it increases the predicted likelihood of high funding attainment.
The academic features consistently show minimal predictive influence across all cohorts. Their SHAP val-
ues cluster near zero, indicating that they do not meaningfully affect the model’s predicted likelihood of
receiving funding in general technology ventures.
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It is important to note that the policy-induction model operates on anonymized founder profiles. Company
names and employer identities are removed to avoid leakage and to ensure generalizable rule induction. As
a result, the model cannot explicitly recognize Big Tech Experience. Nonetheless five to eight mid- and
high-ranking rules reward technical depth, cross-functional mobility, and product-building experience,
while academic credentials appear only twice per year and only as weak or conditional signals in 2018 and
2019. This aligns with the internal logic of Prediction 2 although Big Tech FExperience is not explicitly
mentioned. In 2020, the pattern persists, with operational signals remaining prominent while academic ones
continue to appear in low-ranked and negative positions. By 2021, nine rules reflect this, further strength-
ening the model’s emphasis on execution over academic specialization. The trend peaks in 2022, with
twelve rules rewarding operational and leadership profiles while academic features remain marginal. Col-
lectively, these results show a convergence on execution, operational scale, and cross-functional versatility
as central evaluative signals, with academic backgrounds consistently deprioritized across time. This diver-
gence and the growing relevance of Big Tech Experience over time outlined by the ML model - suggests
that investors systematically prioritize signals of scalable execution capability over those signaling analyt-
ical or technical depth in general technology ventures.

Prediction 3 focuses on the conditional value of highly academic experience as a signal for funding at-
tainment. It expects academic features PhD, Academic_Researcher and Corporate_Researcher, to con-
tribute positively only when combined with practical career signals such as Board Member, Multi-

ple Work Experiences, Big Tech Experience or Executive Experience. Academic experience on its own
is not expected to have strong predictive weight.

SHAP interaction analysis across all cohorts (2018-2022) shows that founder signals are evaluated inde-
pendently rather than in combination. Most feature pairs have interaction values extremely close to zero,
meaning the model treats their effects as additive, not synergistic (Appendices I and J).

The few meaningful synergies that do appear, occur within the same signal category. For example, interna-
tional background indicators reinforce each other (Lived in_Multiple Countries x Non_US University av-
erages +0.026). These patterns are small but consistent, showing stable, category-internal interactions over
time.

By contrast, Prediction 3’s expected complementarity between academic (PhD, Academic_Researcher,
Corporate_Researcher) and practical signals (Board Member, Big Tech Experience, Executive Experi-
ence) does not appear in the SHAP interaction matrices over the years. Almost all academic—practical fea-
ture pairings show interaction values below 0.001, effectively zero, and several trend slightly negative.
Only about one-third show any positive sign and even those are too small to indicate meaningful synergy.
PhD x Board Member becomes increasingly negative in later years, and Corporate Researcher x
Big Tech Experience declines to —0.002 by 2022. The only consistent positive interaction is PhD X Re-
cent_Graduate.

Across all cohorts from 2018 to 2022, the interaction between academic credentials and execution signals
is consistently reflected in both the content and ranking positions of the policy rules. In 2018 and 2019,
academic-related rules appear only twice per year and always in mid-to-low ranking slots, showing weak
standalone influence and contributing positively only when paired with strong execution markers such as
technical depth, leadership progression, or founder roles. In 2020, this becomes even clearer. The single
conditional-positive academic rule sits in a lower-importance tier, while two negative rules appear near the
bottom of the set, reinforcing the minimal predictive weight of academic-only backgrounds. By 2021, aca-
demic rules remain confined to mid- and lower-tier positions, indicating that degrees or research experience
matter only when accompanied by leadership or entrepreneurial activity. The 2022 rules provide the strong-
est evidence of this pattern, with all academic-related policies clustered in mid-to-low positions even when
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framed as conditionally positive, confirming that academic experience remains a secondary, complemen-
tary signal rather than a primary driver of prediction.

Figure 6: SHAP Interaction Matrix - 2022 cohort
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Overall, SHAP interaction values are near zero or negative, indicating that academic credentials function
as low-impact, standalone signals rather than becoming more predictive when paired with practical experi-
ence, and thus show no systematic academic—practical complementarity. The policy results, however, offer
more nuanced insights. They reveal that academic backgrounds can contribute positively when combined
with operational or leadership experience.
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5. Analysis & Discussion

This thesis tests whether founder signals maintain predictive validity across 2018-2022 cohorts, both indi-
vidually and in combination. Three patterns emerged. First, operational experience signals
(First_Time Founder and Big Tech Experience) demonstrate persistent importance with temporal gener-
alization. Second, signal hierarchies favor operational experience over academic credentials, with
Big Tech Experience consistently outranking academic experience. Third, signals operate independently
rather than synergistically, academic-practical combinations show no complementarity.

Taken together, these results display that founder signals are stable, hierarchically ordered toward opera-
tional experience, and additive rather than synergistic, with no evidence that academic and practical cre-
dentials amplify each other’s effects. Additionally, the study also demonstrates how predictive-modeling
techniques, including both traditional machine-learning models and an interpretable LLM-based policy
framework, can be used to evaluate the temporal generalizability and structure of founder signals.

Prediction 1 proposes that founders without prior entrepreneurial experience would face systematically
lower predicted funding likelihood across the yearly cohorts 2018-2022. First Time_Founder remains one
of the top predictors in every cohort from 2018-2022, and its directional effect is consistently negative,
indicating a stable and generalizable penalty for founders lacking prior venture-building experience. The
consistency across five different cohorts displays that the pattern is stable across samples.

The policy model supports this across all cohorts. From 2018 to 2022, between eight and twelve rules per
year explicitly reference prior founding or leadership experience, making entrepreneurial history one of the
most consistently emphasized signals in the rule set. Although the salience of these rules fluctuates slightly
across cohorts, the underlying penalty for first-time founders persists and becomes even more pronounced
in 2022, where founder-experience rules reach their highest representation. This mirrors the feature-im-
portance trends and aligns with the policy ablation results, which show that removing entrepreneurial-ex-
perience rules produces some of the largest declines in model performance.

The persistence of this penalty aligns closely with prior research suggesting that entrepreneurial experience
functions as a stage-dependent signal. Ko and McKelvie (2018) demonstrate that experience is most influ-
ential in the earliest funding rounds, when uncertainty is highest and firm-level indicators are not yet avail-
able. Social-capital mechanisms also matter, as experienced founders more effectively mobilize prior pro-
fessional ties and assemble stronger early teams (Gupta et al., 2024). This interpretation is further supported
by the research of Delmar & Shane, (2006), highlighting that the benefits of entrepreneurial experience are
threshold-based. Moving from no experience to some experience provides significant advantages, whereas
additional ventures yield diminishing marginal effects. As ventures mature and firm-level performance in-
formation accumulates, later-stage investors increasingly differentiate among types of experience. Its rele-
vance, domain fit, and prior success become more important (Hsu, 2007; Zhang, 2009). Thus, the value of
entrepreneurial experience becomes more nuanced the more a venture matures.

Since previous research outlines that the value of entrepreneurial experience becomes more nuanced as
ventures mature, the temporal stability observed in this study may seem paradoxical. This discrepancy may
stem from path dependence, where each funding stage depends on successfully clearing the preceding
one. Early rounds supply the capital, momentum, and credibility needed to access larger later rounds,
meaning that founders who struggle at Seed or Series A due to inexperience rarely accumulate the multi-
round funding required to enter the top 3% of their cohort. As a result, the First Time Founder penalty
persists across five-year cumulative funding outcomes measured in this study because early-stage gatekeep-
ing constrains downstream funding attainment.
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Consequently, the results show that what stays stable over time is the way investors judge founders in the
carliest stages, not that experience matters equally at every stage of fundraising. The findings complement
rather than contradict the referenced stage-specific research. This study establishes temporal generalizabil-
ity of this gatekeeping function across the yearly cohorts 2018-2022.

Prediction 2 proposes that Big Tech Experience would function as a consistently stronger predictor of
funding attainment than PhD, Academic Researcher and Corporate Researcher across cohorts.
Big Tech Experience consistently ranks among the model’s most influential predictors of funding success
across all cohorts from 2018-2022. Academic and research-oriented features occupy the lowest positions
in the feature rankings and exert minimal influence on the model’s predictions. This temporal consistency
indicates that the model systematically assigns greater predictive weight to operational and organizational
experience than to academic or research-based expertise when forecasting funding outcomes.

Across all cohorts, the policy model offers convergent evidence for this pattern. Although it cannot identify
Big Tech Experience explicitly, the policy rules consistently reward the same underlying competencies,
such as technical depth, cross-functional mobility, rapid advancement, and operational leadership, traits
strongly associated with Big Tech Experience. These rules grow more prominent across cohorts, while
academic-related rules remain few, low-ranked, and largely conditional on execution experience. The align-
ment between policy induction and the feature-importance results reinforces Prediction 2.

One core reason for this persistent hierarchy lies in the information gaps that early-stage investors must
overcome in general technology investing. Early-stage investors must assess whether a founder can execute
under uncertainty, build a product, assemble a team, and scale an organization. The model’s consistently
high weighting of Big Tech Experience reflects how directly this signal speaks to the core execution-fo-
cused criteria investors use in general technology ventures. Such experience signals familiarity with com-
plex, high-velocity environments, exposure to scalable product architectures, and experience working
within structured organizational processes. This signal is both costly and difficult to imitate, making it
highly diagnostic towards execution capability.

Prior research reinforces this interpretation. Dworak (2022) finds that Big-Tech alumni are significantly
more likely to secure early-stage funding because their backgrounds reduce perceived uncertainty among
investors. Similarly, work by Beckman et al. (2007) and Gimmon & Levie (2010) shows that managerial
and commercially oriented experience meaningfully improves resource acquisition and venture survival. In
contrast, academic credentials signal a very different type of capability. PhD training, academic research
roles, and corporate R&D experience convey depth, analytical skill, and specialized technical competence.
Yet, in general tech contexts, these competencies are not the primary source of uncertainty for investors
(Engel, 2015).

Importantly, this contrast does not imply academic credentials are universally weak. Rather, their im-
portance may be domain specific. In science-intensive sectors, such as biotechnology, pharmaceuticals or
life science for example, academic depth is central because the core uncertainty investors face is scientific
feasibility (Hsu, 2007; Swift, 2018). The signal hierarchy observed in this study suggests that investors in
general technology ventures treat execution uncertainty as the dominant risk. Thus, Big Tech Experience
carries far more weight to the predictions, while academic credentials offer little additional information and
therefore remain weak signals in comparison.

Overall, we demonstrate that Big Tech_Experience functions as a rare but highly rewarded signal that gen-
eralizes across time and cohorts, while academic credentials remain consistently weak in this setting. The
temporal generalizability of this hierarchy suggests that investors in general tech consistently value execu-
tion ability over academic depth and look to operational track records to reduce early-stage uncertainty.
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This finding refines signaling theory by displaying how sector-specific evaluation priorities shape the in-
formational value of founder signals and by illustrating that the strength of a signal depends not only on its
costliness or observability, but also on its alignment with the dominant uncertainties of the domain.

Prediction 3 proposes that academic credentials would contribute positively to funding attainment only
when paired with practical, market-oriented experience. This expectation reflects a longstanding theoretical
assumption that deep scientific or analytical expertise becomes valuable only when complemented by sig-
nals of execution capability. Prediction 2 already demonstrated that practical, operational signals carry sub-
stantially more evaluative weight than academic ones when considered individually. Prediction 3 therefore
focuses on whether academic credentials gain relevance not on their own, but when combined with the
operational signals that investors already prioritize.

Across the empirical results, however, the feature-level predictive models show no evidence of such com-
plementarity. SHAP interaction values across all cohorts remain near zero or slightly negative, indicating
that academic and practical signals operate independently. When academic credentials are paired with Ex-
ecutive_Experience or Big Tech_Experience, the combined effect is no stronger than the effect of practical
experience alone. Conversely, academic signals do not become more informative when accompanied by
operational backgrounds. Academic credentials therefore act as low-impact, standalone indicators, and
practical experience retains its influence regardless of whether academic depth is present.

The policy model provides complementary - and methodologically insightful - evidence for this pattern.
Across all cohorts from 2018 to 2022, academic-related rules appear only sparsely and consistently occupy
mid-to-low ranking positions. When they contribute positively, it is always conditional on strong execution
markers such as leadership progression, founder roles, or technical depth. Importantly, these conditional
rules do not imply genuine interaction effects in the statistical sense; rather, they reflect the policy model’s
tendency to encode execution capability as the primary evaluative criterion and to treat academic credentials
as relevant only insofar as they indirectly proxy for that capability. Academic-only profiles are repeatedly
encoded as weak or negative signals, and this pattern becomes more explicit over time. The policy ablation
results reinforce this interpretation. Removing execution-oriented rules meaningfully harms performance,
whereas removing academic-only rules produces little measurable change.

Together, the ML interaction analysis and the policy ablation results generate an important methodological
insight. While the ML model evaluates feature relationships categorically and therefore captures no aca-
demically meaningful interaction effects, the policy-induction model reveals small but systematic condi-
tional patterns that a purely tabular representation cannot express. These rule-based structures offer a more
nuanced and interpretable account of why predictions are reached, showing how academic credentials may
add limited but context-dependent value when embedded within strong operational profiles. This suggests
that policy induction can complement conventional predictive modelling by exposing subtle dependencies
that might be functionally relevant even when too weak or sparse to appear as formal statistical interactions.
In this sense, the integration of LLM-based interpretability represents a methodological contribution, ex-
panding the analytical vocabulary available to predictive entrepreneurship research.

Several theoretical perspectives help explain the empirical pattern. Research on scientific human capital by
Zucker et al. (1998) shows that academic expertise is embodied, highly specialized, and domain specific.
Its value often lies in tacit frontier knowledge that does not automatically scale when combined with man-
agerial or corporate experience. In this view, academic and practical experience solve different problems
only in certain contexts - most notably in science-intensive sectors, where investors face both scientific
uncertainty and commercialization uncertainty. In such settings, academic credentials address the technical
feasibility question, while practical experience addresses execution. When these uncertainties refer to dis-
tinct evaluative challenges, the signals can complement each other.
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This logic does not apply in the general-technology context studied here. Software ventures typically face
execution uncertainty, not scientific uncertainty. The technology risk is comparatively low, while the com-
mercial, organizational, and scaling risks are high. As a result, both academic and practical signals end up
addressing the same investor question: Can this founder execute? Academic credentials provide only indi-
rect evidence of execution capability, while operational backgrounds provide direct, verifiable evidence.
Because the signals map onto the same evaluative concern, the more direct and interpretable practical signal
dominates, rendering academic depth redundant rather than complementary.

Research on hybrid academic—industry careers reinforces this interpretation. Eesley and Roberts (2012)
demonstrate that academic—practical combinations create value only under conditions of knowledge adja-
cency - when the founder’s industry experience closely matches their scientific domain. The founders in
this study do not operate under such adjacency conditions, reducing the likelihood of meaningful comple-
mentarity. Likewise, Toole and Czarnitzki (2008) document a persistent “translation gap” in which aca-
demic expertise enhances discovery but does not automatically enhance commercialization unless paired
with experience specifically geared toward bridging science and markets. Generic operational experience
does not reliably provide this bridge, which helps explain the independence observed here.

Taken together, the findings for Prediction 3 suggest that academic—practical complementarity is not a uni-
versal mechanism but one that appears only when signals speak to different kinds of uncertainty. In general
technology ventures, academic depth and operational experience both function as answers to the same eval-
uative question - founder execution capability - and therefore combining them adds little new information.
Investors appear to view academic signals as domain-specific, useful mainly when scientific feasibility is
the primary uncertainty. Beyond the prediction-guided analyses, the combined ML and policy results high-
light subtle dependencies that warrant further investigation and illustrate how LLM-based policy induction
can enhance predictive modelling by revealing interpretable patterns that traditional tabular ML methods
alone cannot surface.
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6. Conclusions

This thesis set out to address the methodological and replication gaps in founder-signaling research by
treating generalizability as an empirical property rather than an assumption. To evaluate whether founder
human- and social-capital signals persist across new cohorts, the study employed a novel LLM-based pol-
icy-induction model alongside established machine-learning approaches addressing the research question:

To what extent do founder human- and social-capital signals generalize out of sample when predicting
venture funding outcomes, both individually and in combination?

The results show clear evidence of temporal generalization. Models trained on earlier cohorts (2012-2019)
reliably predicted funding attainment in later cohorts (2018-2022), demonstrating that several founder sig-
nals retain stable predictive value across time. Taken together, the findings demonstrate that the predictive
power of founder human and social capital signals is not sample-bound but reproducible across temporal
contexts, clarifying which mechanisms of signaling theory persist in real-world venture evaluation and
which remain context-dependent or non-generalizable. The sections that follow synthesize these insights
into (1) theoretical contributions, (2) managerial implications, (3) limitations, and (4) directions for future
research.

6.1 Theoretical Contributions

This thesis contributes to signaling theory and predictive modeling through three theoretical and two meth-
odological advances.

This thesis makes three main contributions to signaling theory. First, it directly answers recent calls in the
signaling literature for methods that test whether founder—signal relationships generalize beyond the sam-
ples and periods in which they were originally estimated (Bafera & Kleinert, 2023; Zhang et al., 2023). To
address this gap, the study develops a hybrid predictive-validation framework that combines a state-of-the-
art LLM-based policy induction with established machine-learning models. The LLM-based policy model
contributes a novel methodological capability to management research by producing transparent, human-
readable decision rules through iterative natural-language reasoning, allowing explicit inspection of the
logic underlying predictions. The results outline that the policies deliver additional insights for theory val-
idation. In parallel, the machine-learning models enable rigorous out-of-sample temporal prediction,
providing empirical tests of whether theoretically grounded signals retain predictive value when applied to
new founders across the yearly cohorts 2018-2022.

Together, these complementary model families demonstrate how predictive modeling, augmented with in-
terpretable LLM architectures, can be used as a tool for theory evaluation, not merely prediction. They
demonstrate how temporal generalizability, signal persistence, and configurational independence can be
assessed empirically, expanding the available methods for testing the scope, boundaries, and robustness of
signaling theory in venture contexts. This contribution advances the field by offering a replicable frame-
work for assessing whether theoretical mechanisms travel across time, contexts, and populations.

Second, the study demonstrates that founder human- and social-capital signals generalize out of sample
across time. The analysis reveals that signal-outcome relationships are not sample-specific but retain pre-
dictive relevance when applied to entirely new founders in new periods. This establishes temporal general-
ization as an empirical property of key founder signals. Moreover, temporal generalization is asymmetric.
Signals rooted in operational experience, especially Big-Tech backgrounds, remain consistently strong pre-
dictors across all temporal cohorts, indicating that investors repeatedly rely on these cues even as market
conditions evolve. In contrast, academically oriented credentials, PhD training, academic research roles,
corporate research experience, remain consistently weak and show no increase in predictive relevance. The
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stability of this hierarchy across five independent test cohorts suggests that these patterns reflect durable
mechanisms of investor evaluation, not correlations tied to a particular period or sample. Thus, founder
signals do not possess universal predictive value. Their effectiveness depends on whether they address the
specific uncertainty investors seek to resolve. In general technology ventures, where the dominant evalua-
tive question is whether a founder can execute and scale, operational experience signals consistently retain
predictive power, while academic credentials do not. This contrast demonstrates that signals matter only
when they meaningfully reduce the type of uncertainty that characterizes the domain. In refining signaling
theory, the thesis shows that its mechanisms generalize not universally but only when the informational
content of a signal aligns with the sector’s core evaluation priorities.

Third, the thesis specifies configurational scope boundaries. Academic-practical signal combinations,
which demonstrate synergies in science-intensive contexts (Hsu, 2007; Swift, 2018), exhibit independence
in general technology ventures. Academic credentials seem to not gain substantive predictive value when
paired with practical experience. This finding challenges the generalizability of complementarity docu-
mented in more science-heavy contexts and suggests configurational effects are sector-specific. One expla-
nation is dimensional overlap. In general tech, both academic and practical signals may address the same
investor concern, execution capability, creating redundancy rather than synergy. In more science-heavy
contexts, by contrast, academic credentials address technical feasibility while practical experience ad-
dresses commercialization, different investor uncertainties producing genuine complementarity. This re-
fines configurational theory (Furnari et al., 2021) by specifying when signal combinations amplify versus
operate independently. Complementarity requires that signals provide distinct information and address dif-
ferent types of uncertainty. When signals target the same evaluation dimension, as academic and practical
credentials appear to in general tech, they remain additive rather than multiplicative. This distinction spec-
ifies structural limits of configurational effects across entrepreneurial contexts.

6.2 Practical Implications

The findings carry practical relevance for both founders and investors. Founders should prioritize building
operational experience when shaping their career trajectories. Big-Tech experience consistently emerges as
one of the strongest predictors of funding success, exerting a substantial positive influence whenever pre-
sent. Academic credentials alone, by contrast, display near-zero predictive value in general technology
ventures. Thus, a founder choosing between a PhD program and a role at a major tech company should
recognize that these paths carry markedly different signaling weight for investors. This does not imply
academic routes are inherently inferior, but founders pursuing them should understand they do not accu-
mulate funding-relevant credibility to the same degree as Big-Tech experience does.

Moreover, the predictive models consistently assign lower funding likelihoods to first-time founders, indi-
cating that raising institutional capital is systematically more difficult for founders without prior entrepre-
neurial experience. This disadvantage arises at the earliest stages of evaluation, where investors rely most
heavily on experience-based signals to reduce uncertainty, and where early outcomes shape the entire cu-
mulative funding trajectory. Consequently, first-time founders must deliberately compensate for the ab-
sence of founding experience, by recruiting experienced advisors, joining reputable accelerators, or part-
nering with serial entrepreneurs.

Lastly, investors can refine screening decisions by prioritizing signals that consistently predict funding out-
comes. Across all cohorts (2018-2022), operational experience, such as Big Tech roles, prior entrepreneur-
ial ventures, and executive positions, shows strong and stable predictive value, whereas academic creden-
tials contribute little information in general technology contexts. This persistence indicates durable evalu-
ation priorities rather than transient market shifts. Accordingly, investors should avoid overweighting pres-
tigious academic credentials which may indicate intelligence but do not reliably signal execution capability.
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6.3 Limitations

Several important limitations of this study warrant consideration. The research deliberately focuses on in-
dividual founder characteristics rather than founding team dynamics. Although venture capital typically
evaluates teams, this individual-level approach enables precise measurement of how personal credentials
independently influence investor assessments. Consequently, the findings speak most directly to individual
signal effects and may not fully capture the complementarity and synergies that emerge when diverse
founder backgrounds combine within teams.

Geographically, the analysis concentrates on ventures in Europe and North America - regions characterized
by mature venture capital ecosystems and relatively homogeneous institutional norms. These shared char-
acteristics facilitate meaningful temporal comparison but limit generalizability to emerging markets where
entrepreneurial ecosystems often feature distinct credential hierarchies, network structures, and investor
decision-making logics shaped by different cultural and institutional contexts. The sectoral scope further
constrains generalizability. This thesis examines general technology ventures while excluding science-in-
tensive industries. In such sectors, academic credentials often carry greater weight because they signal nec-
essary technical capability. The finding that academic signals are not top ranked may therefore not extend
to contexts where scientific expertise is a core competitive advantage.

The dataset includes only founders who secured at least one equity funding round, excluding unfunded
ventures, bootstrapped companies, and those not seeking institutional capital. This introduces selection bias
by omitting founders who never obtained initial investment. The analysis therefore addresses which signals
distinguish high performers within the funded population rather than which characteristics determine entry
into that population. Additionally, although the study employs rigorous predictive validation through roll-
ing-origin forecasting, it establishes temporal associations rather than causal relationships. Operational ex-
perience may predict funding not because it directly enhances venture quality but because it correlates with
unmeasured attributes such as resilience, network access, or problem-solving ability. Disentangling corre-
lation from causation would require experimental or quasi-experimental designs.

The reliance on proprietary data sources introduces replicability constraints, as external researchers cannot
independently replicate the analysis without equivalent institutional access. Additionally, the dynamic na-
ture of online data sources such as LinkedIn poses challenges, as founder profiles can be updated, deleted,
or made private over time. The analysis spans 2018 through 2022, a relatively short window in the broader
history of venture capital. Signal hierarchies that appear stable across these five years may shift over longer
horizons as technological paradigms evolve, labor markets transform, and investor preferences adapt. Fi-
nally, the study's focus on predictive accuracy prioritizes external validity over mechanistic explanation.
Understanding why operational experience matters more than academic credentials, or why signal interac-
tions remain weak, requires complementary qualitative research exploring how investors interpret creden-
tials and integrate multiple information sources into holistic judgments.

Moreover, the study’s temporal window (2018-2022) necessarily includes the COVID-19 years, during
which venture-capital markets experienced unusual volatility, shifts in funding pace, and rapid changes in
investor risk preferences. These macro-level disruptions may have temporarily altered the distribution of
funding outcomes and the relative weight investors assign to founder signals. Because these dynamics fall
outside the study’s control and are not explicitly modeled, the observed patterns may partially reflect pe-
riod-specific conditions rather than purely structural signal effects. Lastly, the analysis evaluates generali-
zability only for founders who started their ventures between 2018 and 2022 and measures funding out-
comes over a maximum five-year window, extended only until 2025 due to data availability constraints.
This design ensures comparability across cohorts but limits the ability to assess whether signal hierarchies
persist in more recent founding periods or over longer funding horizons. Ventures founded after 2022, and
ventures requiring more than five years to reach meaningful funding milestones, fall outside the scope of
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observation. As a result, the findings may not fully capture post-2022 shifts in investor behavior or long-
term signal value trajectories.

6.4 Future Research

This thesis outlines several promising directions for future research. (1) extending predictive-validation
designs across sectors, geographies, and outcomes, (2) integrating policy-induction insights into feature
engineering, (3) establishing causal mechanisms behind predictive signals, (4) assessing algorithmic fair-
ness in founder evaluation and (5) developing the additional signal patterns surfaced beyond the three focal
predictions.

(1) Applying the predictive-modeling framework across new contexts represents an important next step.
Academic credentials may gain predictive relevance in science-intensive sectors. Founder evaluation norms
may differ in emerging markets. Shifting from individual founders to full founding teams could reveal
diversity and complementarity effects not observable here. Extending the outcome variable to time-to-exit,
survival, or later-stage growth would also clarify whether the signal hierarchy observed in early funding
persists or evolves over the entire venture lifecycle.

(2) A promising avenue is to integrate the policy-induction model and the machine-learning models into a
unified hybrid architecture. Embedding high-performing policy rules directly into the feature space of tra-
ditional ML models would allow researchers to test whether rule-derived configurations improve temporal
generalization and capture higher-order decision logic that standalone models miss.

(3) Introducing more granular founder attributes would allow sharper tests of configurational effects. Ex-
amples include PhD discipline, executive function (CEO, CMO), Big Tech role type (engineering, com-
mercial), and prior-venture outcomes. This refinement would clarify whether academic—practical combina-
tions truly lack complementarity, or whether synergies arise only in domain-specific pairings that binary
indicators cannot detect.

(4) A key next step is identifying the causal mechanisms behind the predictive patterns. Quasi-experimental
settings, such as exogenous Big Tech layoffs or regulatory shocks offer opportunities to test whether oper-
ational experience truly increases funding prospects, whether academic credentials remain irrelevant once
endogeneity is addressed, and whether the first-time-founder penalty reflects skill deficits, network disad-
vantages, or investor bias. Clarifying these mechanisms would reveal whether investors respond to genuine
capability differences or to correlated but non-causal cues.

(5) In addition to the three predictions examined in this thesis, the models also surfaced several additional
patterns that fall outside the core analytical scope but point to promising avenues for future research. Several
signals, such as career promotions, multiple work experiences, board membership, top-tier university at-
tendance, and VC experience consistently rank among the most influential predictors, even though they
were not part of the focal predictions. Their prominence suggests that investors may use broader heuristics
related to status, career trajectory, or institutional validation, not just operational capability, when evaluat-
ing founders. Early-cohort interaction patterns (2018-2019) likewise reveal dynamics that look different
from the later, more stable years. For example, board membership often shows negative interactions unless
paired with strong operational experience, and job-hopping penalties appear particularly strong for founders
with mid-career tenure. At the same time, some early interactions, such as combinations reflecting global
exposure or academic depth paired with broader work experience show positive effects. These early, inter-
action-sensitive patterns contrast with the mostly additive evaluation logic that dominates from 2020 on-
ward. Together, these findings suggest that investor decision heuristics may have shifted over time, poten-
tially due to changing market conditions, evolving investor preferences, or broader macroeconomic shocks.
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Future research should explore whether these patterns represent structural changes in how founders are
evaluated or simply reflect temporary fluctuations in the entrepreneurial environment.
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Appendix A: Cohort Prediction Datasets — Descriptive Statistics

Year 2018 2019 2020 2021 2022
Total Companies 279,994 269,491 304,331 244219 205,847
Total Founder-Venture Pairs 5,021 5,328 6,123 5,824 6,055
Total Founder Profiles 9,611 10,256 12,057 11,794 12,852
Profiles Europe 4,458 4,850 5,803 5,577 5,355
Profiles North America 5,153 5,406 6,254 6,217 7,497
top 3% (true) 474 542 567 538 513
bottom 97% (false) 9,137 9,714 11,490 11,256 12,339
Funding Treshold 3% (Mio USD) 73 70 55.83 49.7 59
Appendix B: Training Datasets — Descriptive Statistics
2018 Cohort Prediction: Training Dataset
Year top 3% (true) bottom 10% (false) total
2012 142 210 352
2013 148 233 381
2014 156 261 417
2015 129 253 382
2016 87 199 286
Total 662 1156 1818
2019 Cohort Prediction: Training Dataset
Year top 3% (true) bottom 10% (false) Total
2013 85 139 224
2014 93 157 250
2015 90 166 256
2016 68 133 201
2017 56 112 168
Total 392 707 1099




2020 Cohort Prediction: Training Dataset
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Year top 3% (true) bottom 10% (false) total

2014 163 261 424
2015 151 285 436
2016 126 252 378
2017 137 246 383
2018 92 223 315
Total 669 1267 1936

2021 Cohort Prediction: Training Dataset

Year top 3% (true) bottom 10% (false) total

2015 164 310 474
2016 153 287 440
2017 156 279 435
2018 122 283 405
2019 100 254 354
Total 695 1413 2108

2022 Cohort Prediction: Training Dataset

Year top 3% (true) bottom 10% (false) total

2017 68 143 211
2018 79 140 219
2019 73 168 241
2020 75 122 197
2021 69 135 204
Total 364 708 1072
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Appendix C: Feature Extraction Lists

Nasdaq Companies

https://www.cnbc.com/nasdaq-100/

Ticker Name

ADBE Adobe Inc

AMD Advanced Micro Devices
ABNB Airbnb Inc

GOOGL Alphabet Inc (Class A)

GOOG Alphabet Inc (Class C)

AMZN Amazon.com Inc

AEP American Electric Power Co Inc
AMGN Amgen Inc

ADI Analog Devices Inc

AAPL Apple Inc

AMAT Applied Materials Inc

APP AppLovin Corporation

ARM Arm Holdings plc

ASML ASML Holding N.V.

AVGO Broadcom Inc

AXON Axon Enterprise Inc

AZN AstraZeneca plc

BKNG Booking Holdings Inc

CCEP Coca-Cola Europacific Partners
CSCO Cisco Systems Inc

CTSH Cognizant Technology Solutions Corp
CMCSA Comcast Corporation

etc.
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Banks

Consultancies

Big Tech Companies

https://mar-
kets.ft.com/data/league-
tables/tables-and-trends

https://www.forbes.com/s
ites/haniya-
rae/2025/08/27/meet-the-
worlds-best-management-
consulting-firms-2025/

https://companies-
marketcap.com/tech/largest-

tech-companies-by-market-cap/

Name Name Name
Goldman Sachs Roland Berger NVIDIA
JPMorgan Chase Boston Consulting Group | Microsoft
Morgan Stanley McKinsey & Company Apple
Bank of America Bain & Company Alphabet (Google)
Centerview Partners Kearney Amazon
Evercore Oliver Wyman Meta Platforms (Facebook)
Lazard Booz Allen Hamilton Broadcom
PJT Partners Accenture Tesla
Moelis & Company L.E.K. Consulting TSMC
Qatalyst Partners IBM Global Business Oracle
Services
Parella Weinberg Alvarez & Marsal Tencent
Guggenheim Securities Gartner Netflix
Jane Streed AlixPartners LLP Palantir
Citadel Analysis Group Alibaba
Citadel Securities Cornerstone Research Samsung
Blackstone Mercer LLC ASML
etc. etc. etc.




57

Appendix D: Policy Induction Framework
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Appendix E: Policy Induction Model Decision Policies
# Policy Rules: 2018 Cohort

## Overview
This document outlines the policy rules used for evaluating founder potential in the

2018 cohort. These rules are based on career trajectory, experience patterns, and
leadership indicators.

## Positive Indicators

1. xxEarly evidence of founding or co-founding rolesxx, even if brief or concurrent
with other roles, is a strong positive signal.

2. *x*Rapid progression to leadership or founder titlesxx (within 1-3 years of starting
career) increases likelihood of success.

3. *xkExperience spanning multiple industries or functionsx**, especially with at least
one technical or product-focused role, is a positive indicator.

4. x*kShort stints (=1 year) in high-learning rolesxx (internships, consulting, venture
development) followed by founder/leadership roles is a strong positive pattern.

5. *xTechnical or product-building experiencexx (engineering, development, pro-
gram/product management) prior to founding is highly predictive.

6. *kMultiple instances of concurrent or overlapping leadership/founder roles** indi-
cate high initiative and are positive.

7. *xGaps or lack of formal educationx* do not negatively impact prediction if compen-
sated by early founder/leadership or technical roles.

8. xxAdvanced degreesxx (masters, PhD, MBA) are only positive if paired with
founder/leadership or technical/product roles.

9. *xkInternational or cross—-regional work or education experiencexx before or at
founding is a positive signal.

10. xkxEarly cross—functional experiencex* (e.g., technical + business, or product +
sales/marketing) is a strong positive signal.

11. *kCurrent role as founder/co-founder/ownerx*x, even with sparse prior experience,
is a positive indicator.




12. xkMultiple, sequential founder/owner rolesxx (serial entrepreneurship) are strong
positive signals.

13. *kFounder/leadership roles in technical, high—growth, or innovation-driven indus-
triess* are more predictive than in traditional or service industries.

14. xxBoard/advisory rolesxk are only positive if accompanied by founder/leadership or
technical/product experience.

15. xxLack of any work or degree informationxx is not a negative if a founder/owner
title is present.

## Negative Indicators

16. xxLong tenure (>5 years) in non-leadership, single-function rolesx* without evi-
dence of progression or initiative is a negative indicator.

17. *xMultiple short, unrelated rolesxx without progression to leadership or founder
titles is a negative signal.

18. *kRepeated roles in the same function/industrys* without upward mobility or initi-
ative are negative indicators.

19. xxAbsence of any founder/co-founder/owner/entrepreneur titlexx by early/mid-career
is a negative indicator.

20. *#Multiple degrees without corresponding leadership or founder roles** do not in-
crease likelihood of success.

*Policy rules for 2018 cohort evaluationx

# Policy Rules: 2019 Cohort

## Overview
This document outlines the policy rules used for evaluating founder potential in the

2019 cohort. These rules emphasize rapid advancement, cross-functional experience, and
leadership progression.

## Positive Indicators




1. xxEarly founder, co-founder, or C-level titlesxx (especially before age 30 or
within 7 years of career start) are strong positive signals.

2. *kMultiple founder/co-founder or C-level rolesx*, even across unrelated industries,
indicate high founder potential.

3. *x*Rapid advancement to leadership/executive rolesxx (director, VP, CTO, CEO) within
5-7 years of career start is a strong positive.

4. xkExperience spanning both technical and non-technical rolesxx (e.g., engineering +
business, research + operations) is a strong indicator.

5. xxDemonstrated progression from individual contributor - manager - executivexx is a
positive signal, especially if achieved quickly.

6. *xBreadth of experience across multiple industries or geographies**, especially in-
ternational work or study, is a positive.

7. *x*xAdvanced degreesxx (master's, doctorate, or professional) are only positive when
paired with significant non-academic or operational work.

8. xkMultiple degrees in different disciplines or regionsxk (e.g., science + business,
engineering + law) increase likelihood of success.

9. *xkBoard membership, advisory, or president rolesx* concurrent with operational
roles are strong positive signals.

10. xxRepeated leadership in project-based or cross—functional environmentsxx (e.g.,
product manager, principal engineer) is positive.

11. xkExtended tenure (2+ years) in at least one rolexx, combined with shorter stints
elsewhere, signals both depth and breadth.

12. xkEarly entrepreneurial activitys* (founder, owner, president) before significant
corporate experience is a strong positive.

13. sxInternational mobilityx* (work or education in 2+ continents) is a positive sig-
nal.

14. xkNonlinear or unconventional career pathsxx (e.g., field switching, diverse
roles, mid-career education) are a positive signal, but only when paired with leader-
ship or founder experience.

## Negative Indicators




15. xxAbsence of upward trajectoryx*, or exclusively academic/research roles without
operational or leadership experience, is negative.

16. xxLong tenure (5+ years) in a single non-leadership rolexk without progression is
a negative signal.

17. *kProfiles with only consulting, analyst, support, or creative/teaching/research
roles** and no leadership or founder titles are negative.

18. *xMultiple incomplete or ongoing degreesx*x without substantial work experience is
a negative indicator.

19. xxLack of any founder, co-founder, or C-level titlexx at or before company incep-
tion is a strong negative signal.

20. *xkProfiles with only sales or account management rolesx* and no leadership or
founder experience are less likely to succeed.

*Policy rules for 2019 cohort evaluationx

# Policy Rules: 2020 Cohort

## Overview

This document outlines the policy rules used for evaluating founder potential in the
2020 cohort. These rules emphasize technical depth, operational experience, and clear
progression patterns.

## Positive Indicators

1. *xMultiple founder, co-founder, or C-level rolesxx across distinct organizations,
industries, or regions are strong positive signals, especially with evidence of build-
ing and scaling new initiatives.

2. *xClear, rapid progression from technical or specialist roles to executive leader-
shipxx in technology or product-driven fields is a strong positive indicator.

3. xkSustained tenure (4+ years) in technical, engineering, or product rolesxkx at
high-impact or growth-oriented companies, followed by transition to founder/executive
roles, is a strong positive signal.




4. xxExperience spanning both technical and business/operational roles*x (e.g., engi-
neering lead and product manager, or CTO and business development) is a strong posi-
tive indicator, especially when paired with leadership.

5. *%Prior investor, advisor, or entrepreneur-in-residence experiencex*x is a strong
positive signal only when combined with technical or operational leadership roles.

6. *kInternational work or education experiencex* across multiple continents/regions
is a positive indicator if paired with founder or executive roles.

7. *xxEvidence of rapid advancementsx (multiple promotions or increased responsibility
in short timeframes) is a strong positive signal, especially when paired with tech-
nical or operational depth.

8. *xxNon-linear or unconventional career pathsxx (e.g., military, academia, creative
industries) are positive only if followed by operational or technical leadership roles
with clear execution responsibility.

9. *kMultiple degrees or ongoing education in diverse fields**x are positive only if
followed by founder or executive roles with demonstrated operational impact.

10. xkMultiple concurrent rolesxx (advisor, investor, executive) are positive only if
at least one is a founder/executive position with operational responsibility.

11. xxRepeated transitions between industriesxx are positive only if accompanied by
upward progression into leadership roles in high—growth or technology sectors.

12. xkEvidence of both technical and customer-facing experiencexx (sales, marketing,
business development) is a strong positive signal only when combined with leadership
roles.

## Negative Indicators

13. xxAbsence of any founder, executive, or leadership rolesxx, or exclusively aca-
demic/consulting/non-profit experience without operational or technical roles, is a
strong negative indicator.

14. xkMultiple short tenures (<1 year) in rolesxk without clear progression, leader-
ship, or deepening expertise are strong negative signals.

15. *xProfiles limited to student status, internships, or entry-level rolesx*, without
evidence of leadership or entrepreneurial activity, are negative indicators.

16. *xProfiles with only academic or research rolesxx, even at senior levels, without
operational or leadership experience, are strong negative indicators.




17. *xMultiple degrees or long academic tenurexx without transition to leadership or
operational roles is a negative indicator.

18. xxProfiles with only non-profit, government, or civic roles**, without technical
or operational leadership, are negative indicators.

19. xxIncomplete education (no degree)*k is a negative indicator unless paired with
strong founder or executive experience and clear operational progression.

20. xxMid-level management or technical rolesx* (e.g., manager, team lead) without

founder, executive, or clear upward progression are negative signals unless followed
by founder/executive roles with operational impact.

*Policy rules for 2020 cohort evaluationx

# Policy Rules: 2021 Cohort

## Overview

This document outlines the policy rules used for evaluating founder potential in the
2021 cohort. These rules emphasize cross—functional versatility, entrepreneurial ac-
tivity, and diverse experience patterns.

## Positive Indicators

1. sxMultiple distinct leadership, founder, or principal rolesxx (co-founder, chief,
partner, director, advisor, board member) across different organizations, sectors, or
regions before or at company inception are strong positive signals.

2. **Rapid progression from technical, product, or analytical roles to leadership or
founder positions*x, especially with cross—-functional and cross—-sector exposure, is
highly predictive of founder success.

3. xxDemonstrated cross—-functional experiencexx (technical, business, marketing, fi-
nance, operations) and ability to operate in multiple domains is a strong positive in-
dicator.

4. *xShort-to—-medium tenures (1-5 years) in several rolesxk, showing mobility,
breadth, and upward trajectory, are more predictive than long, static tenures or re-
peated lateral moves.

5. sxkExperience spanning multiple industries, sectors, or geographic regions** is a
positive signal, especially when paired with leadership or founder roles.




6. *kEvidence of entrepreneurial activity prior to company inceptionxkx (side projects,
self-employment, advisory, board, or investor roles) is a strong positive, even if
ventures were small or unconventional.

7. *xxAdvanced degrees are only positivexx when paired with significant, diverse, non-
academic work experience and clear transitions into leadership or entrepreneurial
roles; academic-only or primarily academic profiles are negative.

8. *xtNon-traditional education or lack of degreexx can be positive if accompanied by
significant, varied work or leadership experience, especially across sectors or re-
gions.

9. xkMultiple concurrent rolesxx (advisor, board, partner, investor, or operator) are
strong positive signals, especially when combined with founder or leadership titles.

10. xxDemonstrated ability to transition between industries or functionskx (e.g., en-
gineering to product to business, or sector switches) is a strong positive indicator.

11. xkEarly involvement in high-impact, strategic, or global projects*x* (product
launches, acquisitions, international expansion) or responsibility for P&L is a posi-
tive signal.

12. *xMultiple roles with "founder," "co-founder," or "chief" in the titlexk, even in
small, early, or non-traditional ventures, are strong positive indicators.

13. xxExperience as an advisor, mentor, or investorxx in addition to operating roles
is a positive signal, especially if concurrent with other leadership roles.

14. xxProfiles showing both technical and customer-facing experiencexx (sales, market-
ing, business development, operations) are more likely to succeed.

15. xxRepeated, clear evidence of initiativexx (starting new projects, switching in-
dustries, building new teams, launching ventures, or taking on new responsibilities)
is a strong positive indicator.

## Negative Indicators

16. *xxRepeated internships, entry-level, or research roles*k without rapid progression
to higher responsibility, cross—functional exposure, or entrepreneurial activity is a
negative signal.

17. *xProfiles limited to a single sector, function, or primarily academic/re-
search/creative/freelance workkx without leadership or entrepreneurial initiative are
less likely to become successful founders.




18. *xxLong tenure in junior roles, or lack of advancementx*, is a negative signal un-
less offset by clear entrepreneurial or leadership activity.

19. xxAbsence of any work experience, or only current academic enrollmentx*, is a neg-
ative signal unless offset by clear entrepreneurial activity or leadership outside ac-
ademia.

20. *x*The most predictive profiles combine leadership, cross—-functional, and entrepre-
neurial roles** across regions, sectors, and functions, with clear upward trajectory,
repeated initiative, and non-academic work experience; static or single-sector pro-
files, even with "CEOQ" or "founder" titles, are less predictive—especially when lack-
ing cross—sector or cross—-functional exposure.

*Policy rules for 2021 cohort evaluationx

# Policy Rules: 2022 Cohort

## Overview

This document outlines the policy rules used for evaluating founder potential in the
2022 cohort. These rules emphasize repeated initiative, measurable impact, and sus-
tained leadership responsibility.

## Positive Indicators

1. xxRepeated founding or co-founding rolesxx—especially across multiple domains, ge-
ographies, or over time—are highly predictive, particularly when paired with measura-
ble leadership outcomes.

2. *xSustained, increasing leadership responsibility** (e.g., CEOQ, founder, P&L owner,
team lead) across organizations or industries is strongly positive, especially if
roles show growing scope or complexity.

3. **%Rapid advancement or significant increases in responsibilityx*x—especially span-
ning diverse roles, organizations, or sectors—signal strong founder potential; slow,
lateral, or stagnant moves are negative.

4. xxDemonstrated ability to bridge technical and business/strategic functionsxx, or
clear cross—functional versatility, is a strong positive, especially when paired with
ownership or initiative.




5. *x*Repeated creation or launch of new initiatives, products, or teamsxx (not just
maintenance), in multiple contexts, is highly predictive; single or student-only pro-
jects are insufficient.

6. **Non-linear or unconventional career pathsxx (e.g., industry switches, overlapping
roles, entrepreneurship during education), when paired with upward mobility or impact,
are strong signals.

7. *xkInternational or cross—cultural experiencex* is positive only when paired with
clear initiative, leadership, or impact.

8. *xSustained balancing of multiple demanding commitmentsx* (work, study, entrepre-
neurship, volunteer leadership) over time, with measurable outcomes, is a strong posi-
tive.

9. *xkConsistent engagement in entrepreneurial, self-initiated, or high-impact pro-
jectsxx outside traditional employment, with clear initiative and follow-through, is
predictive.

10. xxEarly exposure to high-responsibility, high-velocity, or high-stakes environ-
mentsskx (startups, military, rapid promotions), with visible impact, is a strong posi-
tive.

11. xxDemonstrated ability to lead and inspire teamsxx, shown by repeated formal/in-
formal leadership and team outcomes, is a strong indicator.

12. *xMulti-year, multi-role engagement in a single organization** is positive only if
paired with clear evidence of initiative, new product/team creation, or rapid advance-
ment.

13. xxVolunteer or extracurricular leadershipxx is positive when sustained and accom-
panied by measurable outcomes or organizational impact, but insufficient alone.

14. xxSerial entrepreneurshipx*, especially with demonstrated impact, scaling, or ex-

its across multiple organizations or markets, is among the strongest positive indica-
tors.

## Negative Indicators

15. xxPurely linear, corporate, or specialist trajectoriesxx without entrepreneurial
signals, ownership, or initiative—even at senior levels—are negative indicators.

16. *xxLong tenures in technical, creative, or operational rolesx* without evidence of
initiative, leadership, or cross—functional activity are negative signals.
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17. xxFounding experience limited to a single, recent, or student projectsk—without
other signals of ownership, initiative, or leadership—is insufficient on its own.

18. xxAdvisory, investor, or board rolesxx are neutral unless paired with prior found-
ing/leadership signals or direct operational experience.

19. xxAbsence of any signals of initiative, ownership, or leadershipx*—regardless of
education or employer prestige—is a strong negative indicator.

20. *x*Academic achievement or elite education** is only weakly positive unless paired

with entrepreneurial or leadership signals; advanced degrees alone are not predictive.

*Policy rules for 2022 cohort evaluationx
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Note: The following tables correspond to the policy ablation results for each prediction year. The line

number in each table corresponds to the line number of the policy in each prediction year as outlined in
Appendix 4. So, for instance, in 2018 line_number 1 corresponds to “Early evidence of founding or co-
founding roles, even if brief or concurrent with other roles, is a strong positive signal.”.

2018 Prediction Cohort - Policy Ablation Analysis

line Im- baseline | ablated ablated ablated | ablated | delta pre- | delta
number pc;::tjrr;ce fo5 fo5 precision recall | accuracy cision recall
1 0.0168 0.1773 | 0.2736 0.2127 | 0.3333 0.9424 -0.0190 | 0.0000
2 0.0253 0.1887 | 0.2566 0.2320 | 0.2222 0.8656 0.0299 | 0.0000
3 0.0213 0.1887 | 0.2683 0.1457 | 0.1111 0.8453 0.0198 | 0.1111
4 0.0063 0.1773 | 0.1600 0.1812 | 0.4444 0.9352 -0.0070 | 0.0000
5 0.0253 0.2898 | 0.2075 0.1697 | 0.4444 0.8500 0.0151 | 0.0000
6 0.0239 0.2898 | 0.1521 0.1217 | 0.4444 0.8654 0.0086 | 0.0000
7 0.0160 0.1887 | 0.2013 0.1628 | 0.2222 0.8864 0.0165 | 0.0000
8 0.0055 0.2898 | 0.1849 0.2478 | 0.2222 0.9029 -0.0200 | 0.1111
9 0.0066 0.1773 | 0.2655 0.2401 | 0.4444 0.8670 0.0141 | 0.0000
10 0.0194 0.1887 | 0.1982 0.2182 | 0.4444 0.9115 0.0198 | 0.0000
11 0.0168 0.2898 | 0.2184 0.1270 | 0.2222 0.9341 -0.0222 | 0.1111
12 0.0208 0.2898 | 0.2495 0.1634 | 0.4444 0.8759 0.0068 | 0.0000
13 0.0213 0.2898 | 0.1903 0.1796 | 0.4444 0.9232 -0.0093 | 0.0000
14 0.0159 0.2898 | 0.2245 0.1934 | 0.3333 0.8450 0.0041 | 0.1111
15 0.0075 0.1773 | 0.1619 0.1804 | 0.4444 0.9306 0.0052 | 0.1111
16 0.0063 0.1887 | 0.2310 0.1711 | 0.1111 0.8780 0.0173 | 0.0000
17 0.0154 0.1773 | 0.1972 0.1270 | 0.1111 0.9182 -0.0193 | 0.0000
18 0.0176 0.2898 | 0.2116 0.1947 | 0.4444 0.8454 -0.0121 | 0.0000
19 0.0079 0.1887 | 0.2405 0.1698 | 0.4444 0.8372 -0.0025 | 0.1111
20 0.0201 0.2898 | 0.1703 0.2287 | 0.2222 0.8538 0.0106 | 0.1111
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2019 Prediction Cohort - Policy Ablation Analysis

line im- baseline | ablated ablatt_ed ablated ablated | delta pre- | delta
number portance fo5 fo5 pr_eu- recall accuracy cision recall
score sion
10 0.0269 0.1773 | 0.1504 0.1290 | 0.4444 0.8392 0.0225 | 0.1111
11 0.0139 0.1773 | 0.1634 0.1389 0.5556 0.8241 0.0126 | 0.0000
1 0.0095 0.1773 | 0.1678 0.1429 0.5556 0.8291 0.0087 | 0.0000
4 0.0000 0.1773 | 0.1773 0.1515 0.5556 0.8392 0.0000 | 0.0000
0.0000 0.1773 | 0.1773 0.1515 0.5556 0.8392 0.0000 | 0.0000
16 0.0000 0.1773 | 0.1773 0.1515 0.5556 0.8392 0.0000 | 0.0000
13 0.0000 0.1773 | 0.1773 0.1515 0.5556 0.8392 0.0000 | 0.0000
5 0.0000 0.1773 | 0.1773 0.1515 0.5556 0.8392 0.0000 | 0.0000
20 0.0000 0.1773 | 0.1773 0.1515 0.5556 0.8392 0.0000 | 0.0000
0.0000 0.1773 | 0.1773 0.1515 0.5556 0.8392 0.0000 | 0.0000
0.0000 0.1773 | 0.1773 0.1515 0.5556 0.8392 0.0000 | 0.0000
-0.0052 0.1773 | 0.1825 0.1563 0.5556 0.8442 -0.0047 | 0.0000
-0.0052 0.1773 | 0.1825 0.1563 0.5556 0.8442 -0.0047 | 0.0000
15| -0.0052 0.1773 | 0.1825 0.1563 0.5556 0.8442 -0.0047 | 0.0000
19 | -0.0052 0.1773 | 0.1825 0.1563 0.5556 0.8442 -0.0047 | 0.0000
6| -0.0107 0.1773 | 0.1880 0.1613 0.5556 0.8492 -0.0098 | 0.0000
17 | -0.0107 0.1773 | 0.1880 0.1613 0.5556 0.8492 -0.0098 | 0.0000
18 | -0.0107 0.1773 | 0.1880 0.1613 0.5556 0.8492 -0.0098 | 0.0000
12 | -0.0107 0.1773 | 0.1880 0.1613 0.5556 0.8492 -0.0098 | 0.0000
14 | -0.0165 0.1773 | 0.1938 0.1667 0.5556 0.8543 -0.0152 | 0.0000
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2020 Prediction Cohort - Policy Ablation Analysis

r:l::_ ponl'::;mce ba:eline I:tz- d ablaftfed ablated ablated delﬁta_ pre- | delta

ber score 05 £05 precision recall accuracy cision recall
0.0943 0.1887 | 0.0943 0.0909 0.1111 0.9095 0.0909 | 0.1111

0.0943 0.1887 | 0.0943 0.0909 0.1111 0.9095 0.0909 | 0.1111

0.0866 0.1887 | 0.1020 0.1000 0.1111 0.9146 0.0818 | 0.1111

18 0.0776 0.1887 | 0.1111 0.1111 0.1111 0.9196 0.0707 | 0.1111
14 0.0247 0.1887 | 0.1639 0.1538 0.2222 0.9095 0.0280 | 0.0000
20 0.0132 0.1887 | 0.1754 0.1667 0.2222 0.9146 0.0152 | 0.0000
16 0.0132 0.1887 | 0.1754 0.1667 0.2222 0.9146 0.0152 | 0.0000
10 0.0132 0.1887 | 0.1754 0.1667 0.2222 0.9146 0.0152 | 0.0000
2 0.0132 0.1887 | 0.1754 0.1667 0.2222 0.9146 0.0152 | 0.0000
19 0.0000 0.1887 | 0.1887 0.1818 0.2222 0.9196 0.0000 | 0.0000
15 0.0000 0.1887 | 0.1887 0.1818 0.2222 0.9196 0.0000 | 0.0000
11 0.0000 0.1887 | 0.1887 0.1818 0.2222 0.9196 0.0000 | 0.0000
12 0.0000 0.1887 | 0.1887 0.1818 0.2222 0.9196 0.0000 | 0.0000
0.0000 0.1887 | 0.1887 0.1818 0.2222 0.9196 0.0000 | 0.0000

0.0000 0.1887 | 0.1887 0.1818 0.2222 0.9196 0.0000 | 0.0000

13 -0.0154 0.1887 | 0.2041 0.2000 0.2222 0.9246 -0.0182 | 0.0000
7 -0.0154 0.1887 | 0.2041 0.2000 0.2222 0.9246 -0.0182 | 0.0000
17 -0.0154 0.1887 | 0.2041 0.2000 0.2222 0.9246 -0.0182 | 0.0000
3 -0.0335 0.1887 | 0.2222 0.2222 0.2222 0.9296 -0.0404 | 0.0000
1 -0.0572 0.1887 | 0.2459 0.2308 0.3333 0.9196 -0.0490 | 0.1111
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2021 Prediction Cohort - Policy Ablation Analysis

nhL|nr:- ponl'::;mce ba:eline I:tz- d ablaftfed ablated ablated delﬁta_ pre- | delta

ber score 05 £05 precision recall accuracy cision recall
14 0.0301 0.2899 | 0.2597 0.2353 0.4444 0.9095 0.0314 | 0.0000
0.0159 0.2899 | 0.2740 0.2500 0.4444 0.9146 0.0167 | 0.0000

8 0.0159 0.2899 | 0.2740 0.2500 0.4444 0.9146 0.0167 | 0.0000
19 0.0159 0.2899 | 0.2740 0.2500 0.4444 0.9146 0.0167 | 0.0000
16 0.0159 0.2899 | 0.2740 0.2500 0.4444 0.9146 0.0167 | 0.0000
12 0.0159 0.2899 | 0.2740 0.2500 0.4444 0.9146 0.0167 | 0.0000
10 0.0159 0.2899 | 0.2740 0.2500 0.4444 0.9146 0.0167 | 0.0000
11 0.0159 0.2899 | 0.2740 0.2500 0.4444 0.9146 0.0167 | 0.0000
7 0.0159 0.2899 | 0.2740 0.2500 0.4444 0.9146 0.0167 | 0.0000
4 0.0159 0.2899 | 0.2740 0.2500 0.4444 0.9146 0.0167 | 0.0000
3 0.0159 0.2899 | 0.2740 0.2500 0.4444 0.9146 0.0167 | 0.0000
9 0.0000 0.2899 | 0.2899 0.2667 0.4444 0.9196 0.0000 | 0.0000
2 0.0000 0.2899 | 0.2899 0.2667 0.4444 0.9196 0.0000 | 0.0000
6 0.0000 0.2899 | 0.2899 0.2667 0.4444 0.9196 0.0000 | 0.0000
13 0.0000 0.2899 | 0.2899 0.2667 0.4444 0.9196 0.0000 | 0.0000
5 0.0000 0.2899 | 0.2899 0.2667 0.4444 0.9196 0.0000 | 0.0000
15 0.0000 0.2899 | 0.2899 0.2667 0.4444 0.9196 0.0000 | 0.0000
17 0.0000 0.2899 | 0.2899 0.2667 0.4444 0.9196 0.0000 | 0.0000
18 0.0000 0.2899 | 0.2899 0.2667 0.4444 0.9196 0.0000 | 0.0000
20 -0.0178 0.2899 | 0.3077 0.2857 0.4444 0.9246 -0.0190 | 0.0000
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2022 Prediction Cohort - Policy Ablation Analysis

r:l::_ ponl'::;mce ba:eline I:tz- d ablaftfed ablated ablated delﬁta_ pre- | delta
ber score 05 £05 precision recall accuracy cision recall
1 0.0135 0.1773 | 0.2764 0.1367 0.3333 0.9186 0.0027 | 0.0000
2 0.0297 0.1773 | 0.1512 0.1611 0.3333 0.8987 -0.0206 | 0.0000
3 0.0221 0.2898 | 0.2793 0.1744 0.3333 0.9163 -0.0258 | 0.1111
4 0.0162 0.2898 | 0.2291 0.2199 0.2222 0.9340 -0.0114 | 0.0000
5 0.0102 0.2898 | 0.1585 0.2011 0.4444 0.8920 0.0121 | 0.1111
6 0.0247 0.2898 | 0.1543 0.2480 0.2222 0.8683 -0.0026 | 0.1111
7 0.0249 0.2898 | 0.1997 0.2410 0.2222 0.8470 -0.0287 | 0.1111
8 0.0070 0.1887 | 0.2741 0.1609 0.1111 0.9113 -0.0288 | 0.0000
9 0.0230 0.2898 | 0.1997 0.1827 0.3333 0.8877 0.0015 | 0.1111
10 0.0157 0.1773 | 0.2656 0.1973 0.4444 0.9214 -0.0287 | 0.1111
11 0.0058 0.1887 | 0.1620 0.1743 0.3333 0.8779 -0.0140 | 0.0000
12 0.0269 0.1887 | 0.2722 0.1297 0.4444 0.8510 0.0056 | 0.0000
13 0.0145 0.1887 | 0.2537 0.2018 0.4444 0.9321 0.0157 | 0.0000
14 0.0208 0.2898 | 0.1586 0.2189 0.2222 0.9068 -0.0113 | 0.1111
15 0.0113 0.1887 | 0.1974 0.2043 0.4444 0.8326 -0.0151 | 0.1111
16 0.0145 0.2898 | 0.2784 0.1369 0.1111 0.8454 -0.0048 | 0.1111
17 0.0224 0.1773 | 0.1630 0.2471 0.2222 0.8856 -0.0029 | 0.0000
18 0.0272 0.1887 | 0.2517 0.1304 0.3333 0.8909 -0.0133 | 0.0000
19 0.0268 0.2898 | 0.2245 0.1654 0.3333 0.8778 -0.0249 | 0.0000
20 0.0199 0.2898 | 0.1698 0.2300 0.3333 0.9055 -0.0173 | 0.1111
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Appendix G: SHAP Beeswarm Plots (2018-2022)
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SHAP Feature Importance (2019 Cohort)
All 21 features | Prevalence shown as %
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SHAP Feature Importance (2020 Cohort)
All 21 features | Prevalence shown as %
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SHAP Feature Importance (2021 Cohort)
All 21 features | Prevalence shown as %
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SHAP Feature Importance (2022 Cohort)
All 21 features | Prevalence shown as %
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Appendix H: LLM-based Feature Extraction Prompt

# Feature Extraction: LLM Prompts & RAG Context Documentation
*xModel Used:*x gpt-4.1-mini-2025-04-14" (OpenAI)

xkTemperature:** 0.1 (for deterministic, rule-based extraction)
*k0utput Format:x* JSON with structured reasoning

## Executive Summary

This document details all 16 LLM-powered feature extraction prompts used in our
founder evaluation system. The system extracts 21 binary features total.

## System Architecture

### Global System Prompt (Applied to All LLM Calls)

*kFor Complex Reasoning Features:*x

You are a data analyst extracting {feature_name}. STRICT RULES:

1) Base answer ONLY on explicit information provided.

2) When reference lists are provided, ONLY match items from those EXACT lists — NO ex-
ceptions.

3) If something seems similar but is NOT in the reference list, return 0.

4) Do NOT make assumptions, guesses, or judgments about what 'should' be included.

5) If information is unclear or missing, return 0.

xkFor LLM-Based Rule Features:xx

You are a data analyst extracting {feature_name}. STRICT RULES:

1) Base answer ONLY on explicit information provided.

2) When reference lists are provided, ONLY match items from those EXACT lists — NO ex-
ceptions.

3) If something seems similar but is NOT in the reference list, return 0.

4) Do NOT make assumptions, guesses, or judgments about what 'should' be included.

5) If information is unclear or missing, return 0.

### Standard RAG Context Injected for All Features

xkFounder Data Structure:sxx
" “python




Founder's full name

Current role/title

Company name

Year company was founded
Current country of residence
Education history (JSON)
Work experience (JSON)
Comma-separated skills
Optional company description

"name": str,

"position": str,

""company": str,
"founded_year": int,
"current_country": str,
"education": list[dictl],
"work_history": list[dict],
"skills": str,
""company_description": str

HOHOH H R OBH K R R

## 1. LLM-Based Rule Features (6 Features)
These features use LLM for complex logical reasoning with messy data.
### 1.1 " lived_multiple_countries”

*xkDescription:xx Has the founder lived, worked, or studied in 2+ different countries?

*xLLM Prompt :**x

EXTRACT: Has this person lived/worked/studied in exactly 2 or more different coun-
tries?

STEP-BY-STEP LOGIC:
Find education_country from all education entries
Find country from all work_history entries
Find current_country from the provided current_country field
. Normalize country names ("United States" = "USA" = "US" = "united states")
. Count distinct countries across all sources
. DECISION LOGIC:
— If distinct countries = @ or 1 - Return @
— If distinct countries = 2 - Return 1
. DOUBLE CHECK: Count your distinct countries and verify the return value matches

EVIDENCE REQUIRED: "Education: [countries], Work: [countries], Current: [current_coun-
try]l - Distinct: X countries - Decision: Return Y"

**RAG Context:sk

- “education® (full list with “education_country’)

- ‘work_history® (full list with "country’)
“current_country’
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Appendix I: SHAP Interaction Values
2022 Top 20 SHAP Interaction Values

Lived in ltiple Countries
Non-US University
10+ Years Experience
10+ Years Experience
Executive Experience
10+ Years Experience
Career Promotions
Executive Experience
Big Tech Experience
PhD

Career Promotions
Executive Experience
Academic Researcher
3+ Work Experiences
Board Member

Board Member

Board Member

10+ Years Experience
10+ Years Experience
Job Hopper

Multiple Degrees

Big Tech Experience
10+ Years Experience
10+ Years Experience
Multiple Degrees
Lived in Multiple Countries
6-10 Years Experience
Executive Experience
First-Time Founder
First-Time Founder
Big Tech Experience
Board Member

Non-US University

Big Tech Experience
Big Tech Experience
10+ Years Experience
1-5 Years Experience
1-5 Years Experience
Big Tech Experience
Recent Graduate

Non-US University
Top-Tier University
3+ Work Experiences
Job Hopper

Recent Graduate
Career Promotions
Executive Experience
Marketing/Comms
Marketing/Comms
Recent Graduate

Job Hopper

Job Hopper
Marketing/Comms

6-10 Years Experience
Non-US University
Executive Experience
Lived in Multiple Countries
Multiple Degrees
Executive Experience
Multiple Degrees

Board Member

6-10 Years Experience
Recent Graduate
Recent Graduate
Marketing/Comms
First-Time Founder
First-Time Founder
Non-US University

VC Experience
Corporate Researcher
PhD

PhD

Top-Tier University
Executive Experience
VC Experience

Board Member

Big Tech Experience
Top VC Experience

VC Experience

+0.
+0.
+0.
+0.
+0.
+0.
+0.
+0.
+0.
+0.
+0.
+0.
+0.
.001174

+0

+0.
+0.
+0.
+0.
+0.
+0.

034489
005753
004090
003090
002718
002662
002545
002256
002204
002095
001494
001451
001308

001124
001053
001016
001006
000997
000970

.005201
.003321
.003045
.002530
.002233
.002228
.002011
.001863
.001815
.001717
.001713
.001652
.001608
.001608
.001450
.001395
.001322
.001151
.001105
.000994




2021 Top 20 SHAP Interaction Values

Lived in Multiple Countries
PhD

Big Tech Experience
Non-US University
10+ Years Experience
10+ Years Experience
Executive Experience
Executive Experience
Big Tech Experience
Recent Graduate
Career Promotions
Board Member

10+ Years Experience
10+ Years Experience
Job Hopper

3+ Work Experiences
3+ Work Experiences
Job Hopper

Executive Experience
10+ Years Experience

Multiple Degrees
First-Time Founder
Multiple Degrees

Big Tech Experience
Non-US University
10+ Years Experience
Recent Graduate
Executive Experience
10+ Years Experience
Board Member

Board Member
First-Time Founder
10+ Years Experience
First-Time Founder
3+ Work Experiences
Executive Experience
10+ Years Experience
Executive Experience
Board Member

Lived in Multiple Countries
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Non-US University
Recent Graduate
Board Member
Top-Tier University
Job Hopper

3+ Work Experiences
Marketing/Comms
Recent Graduate
Multiple Degrees
Top-Tier University
Job Hopper
Executive Experience
Multiple Degrees
Career Promotions
Top-Tier University
Marketing/Comms
Top-Tier University
Multiple Degrees
Job Hopper
Marketing/Comms

VC Experience

Recent Graduate
Executive Experience
PhD

6-10 Years Experience
VC Experience

VC Experience

Recent Graduate
Top-Tier University
PhD

Non-US University

VC Experience
Marketing/Comms

Big Tech Experience
First-Time Founder
Big Tech Experience
Top-Tier University

Lived in Multiple Countries

Marketing/Comms

.034588
.007124
.006603
.006087
.004396
.003620
.003077
.002737
.002562
.001690
.001676
.001569
.001558
.001391
.001385
.001264
.001241
.001123
.000965
.000945

.006436
.005352
.003843
.003197
.002802
.002649
.002584
.002134
.002133
.002114
.002103
.002080
.001772
.001590
.001576
.001407
.001363
.001316
.001293
.001268




2020 Top 20 SHAP Interaction Values

Lived in Multiple Countries
3+ Work Experiences
Career Promotions
Board Member
First-Time Founder
Big Tech Experience
Career Promotions
Job Hopper

10+ Years Experience
Executive Experience
10+ Years Experience
10+ Years Experience
Non-US University
Job Hopper

1-5 Years Experience
1-5 Years Experience
3+ Work Experiences
First-Time Founder
Career Promotions
Job Hopper

Non-US University
10+ Years Experience
Top VC Experience
Lived in Multiple Countries
Marketing/Comms

3+ Work Experiences
Multiple Degrees
Multiple Degrees
Board Member
Marketing/Comms
Corporate Researcher
10+ Years Experience
Academic Researcher
Big Tech Experience
Big Tech Experience
Job Hopper

1-5 Years Experience
3+ Work Experiences
Board Member

10+ Years Experience

82

Non-US University
Executive Experience
Job Hopper
First-Time Founder
Marketing/Comms

Job Hopper

Non-US University
Non-US University
Career Promotions
Job Hopper

Multiple Degrees
Executive Experience
VC Experience

Recent Graduate
Non-US University
Career Promotions
Big Tech Experience
Non-US University
Recent Graduate

VC Experience

Recent Graduate

VC Experience

Multiple Degrees

Top VC Experience

Lived in Multiple Countries
Non-US University

PhD

Career Promotions

Top-Tier University
Multiple Degrees
Marketing/Comms

Multiple Degrees
Marketing/Comms

Non-US University

Multiple Degrees

6-10 Years Experience

Job Hopper

Lived in Multiple Countries
Academic Researcher

.031852
.007399
.003717
.003114
.002725
.002454
. 002402
.002330
.002123
.002091
.002040
.002034
.001932
.001894
.001885
.001711
.001542
.001339
.001314
.001133

.006904
.005373
.003627
.003042
.003003
.002853
.001848
.001841
.001474
.001440
.001359
.001234
.001194
.001148
.000973
.000949
.000820
.000798
.000759
.000723




2019 SHAP Top 20 Interaction Values

3+ Work Experiences

Lived in Multiple Countries

3+ Work Experiences
Board Member

1-5 Years Experience
Academic Researcher
Board Member

3+ Work Experiences
Board Member

Career Promotions
PhD

Executive Experience
Big Tech Experience
Non-US University

3+ Work Experiences
Multiple Degrees

1-5 Years Experience
Executive Experience
First-Time Founder
Job Hopper

Executive Experience
3+ Work Experiences
1-5 Years Experience
Non-US University
First-Time Founder
Career Promotions
Big Tech Experience
Board Member
First-Time Founder
1-5 Years Experience
Academic Researcher
10+ Years Experience
3+ Work Experiences
Career Promotions
Multiple Degrees

1-5 Years Experience
Academic Researcher
1-5 Years Experience
1-5 Years Experience

Lived in Multiple Countries

83

Job Hopper

Non-US University
Multiple Degrees
First-Time Founder
Career Promotions
PhD

Executive Experience
Big Tech Experience
Job Hopper

Job Hopper

Recent Graduate

Job Hopper

Non-US University
Top-Tier University
First-Time Founder
PhD

Non-US University
Non-US University
VC Experience
Top-Tier University

Recent Graduate

Lived in Multiple Countries

First-Time Founder
Recent Graduate
Non-US University
First-Time Founder
First-Time Founder
VC Experience

Top VC Experience
Recent Graduate
Non-US University
Recent Graduate
Career Promotions
Top-Tier University
Recent Graduate
Executive Experience
Multiple Degrees
Top-Tier University
VC Experience

.030275
.019053
.004940
.004663
.004497
.003306
.003228
.003000
.002681
.002562
.002485
.002472
.002379
.002194
.002141
.002118
.002042
.002001
.001898
.001784

.007072
.004064
.003738
.003731
.003071
.002769
.002505
.001972
.001622
.001520
.001463
.001441
.001360
.001342
.001333
.001211
.001200
.001191
.001178
.001145




2018 Top 20 SHAP Interaction Values

TOP 20 STRONGEST POSITIVE INTERACTIONS

Pl
Q
=]
=

Feature 1

Feature 2

Interaction

O oo ~NOWUL A WN R

Lived in Multiple Countries
Non-US University
Executive Experience
Academic Researcher
Academic Researcher
Multiple Degrees
Multiple Degrees
First-Time Founder
Career Promotions

3+ Work Experiences
3+ Work Experiences
3+ Work Experiences
Executive Experience
1-5 Years Experience
3+ Work Experiences
3+ Work Experiences
6-10 Years Experience
Executive Experience
Multiple Degrees
Executive Experience

Non-US University

Recent Graduate

Recent Graduate

Executive Experience

Lived in Multiple Countries
PhD

Recent Graduate
Marketing/Comms

Non-US University

6-10 Years Experience
Multiple Degrees

VC Experience

Non-US University

Top-Tier University

Big Tech Experience
Executive Experience

Board Member

Multiple Degrees

Non-US University

Lived in Multiple Countries

+0.012110
+0.009546
+0.008889
+0.006559
+0.004741
+0.003851
+0.003081
+0.003080
+0.002981
+0.002956
+0.002726
+0.002579
+0.002435
+0.002401
+0.002336
+0.002220
+0.001816
+0.001647
+0.001456
+0.001402

TOP 20 STRONGEST NEGATIVE INTERACTIONS

X
Q
=
x

Feature 1

Feature 2

Interaction

O o0 ~NOUAE WN R

1-5 Years Experience
Job Hopper

Recent Graduate

3+ Work Experiences
Big Tech Experience
Executive Experience
10+ Years Experience
3+ Work Experiences
First-Time Founder
Board Member

Big Tech Experience
Board Member
First-Time Founder
Non-US University
Job Hopper

1-5 Years Experience
Big Tech Experience
1-5 Years Experience
Job Hopper

6-10 Years Experience

Board Member

VC Experience

Top VC Experience
Marketing/Comms
Top-Tier University
VC Experience
Executive Experience
Job Hopper

Non-US University
Multiple Degrees
Recent Graduate
First-Time Founder
Lived in Multiple Countries
Top-Tier University
Multiple Degrees
First-Time Founder
Non-US University
PhD

PhD

Big Tech Experience

-0.010000
-0.005215
-0.003933
-0.003289
-0.002687
-0.002424
-0.002188
-0.001896
-0.001881
-0.001856
-0.001593
-0.001313
-0.001165
-0.001149
-0.001125
-0.001120
-0.001040
-0.000881
-0.000810
-0.000803

END OF INTERACTION MATRIX REPORT
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Appendix J: SHAP Interaction Matrices

2018 SHAP Interaction Matrix

1-5 Years Experience -
10+ Years Experience -
3+ Work Experiences -
6-10 Years Experience -
Academic Researcher -

Big Tech Experience -

Board Member -
Career Promotions -
Corporate Researcher -
Executive Experience -
First-Time Founder -
Job Hopper -

Lived in Multiple Countries -

Feature (Alphabetically Ordered)

Marketing/Comms -

Multiple Degrees -

Non-US University -

PhD -

Recent Graduate -

Top VC Experience -

Top-Tier University -

VC Experience -

Feature (Alphabetically Ordered)

0.03

0.02

-0.01

-0.00

--0.01

—-0.02

—-0.03

Mean Interaction Effect
(Red = Positive, Blue = Negative)



2019 SHAP Interaction Matrix

1-5 Years Experience -
10+ Years Experience -
3+ Work Experiences -
6-10 Years Experience -
Academic Researcher -

Big Tech Experience -

Board Member -
Career Promotions -
Corporate Researcher -
Executive Experience -
First-Time Founder -
Job Hopper -

Lived in Multiple Countries -

Feature (Alphabetically Ordered)

Marketing/Comms -

Multiple Degrees -

Non-US University -

PhD -

Recent Graduate -

Top VC Experience -

Top-Tier University -

VC Experience -
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Feature (Alphabetically Ordered)

0.03

0.02

-0.01

-0.00

--0.01

—-0.02

—-0.03

Mean Interaction Effect
(Red = Positive, Blue = Negative)



2020 SHAP Interaction Matrix

1-5 Years Experience -
10+ Years Experience -
3+ Work Experiences -
6-10 Years Experience -
Academic Researcher -

Big Tech Experience -

Board Member -
Career Promotions -
Corporate Researcher -
Executive Experience -
First-Time Founder -
Job Hopper -

Lived in Multiple Countries -

Feature (Alphabetically Ordered)

Marketing/Comms -

Multiple Degrees -

Non-US University -

PhD -

Recent Graduate -

Top VC Experience -

Top-Tier University -

VC Experience -
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N
Feature (Alphabetically Ordered)

0.03

0.02

-0.01

-0.00

--0.01

-0.02

-0.03

Mean Interaction Effect
(Red = Positive, Blue = Negative)



2021 SHAP Interaction Matrix

1-5 Years Experience -
10+ Years Experience -
3+ Work Experiences -
6-10 Years Experience -
Academic Researcher -

Big Tech Experience -

Board Member -
Career Promotions -
Corporate Researcher -
Executive Experience -
First-Time Founder -
Job Hopper -

Lived in Multiple Countries -

Feature (Alphabetically Ordered)

Marketing/Comms -

Multiple Degrees -

Non-US University -

PhD -

Recent Graduate -

Top VC Experience -

Top-Tier University -

VC Experience -
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Feature (Alphabetically Ordered)

0.03

0.02

-0.01

-0.00

--0.01

-0.02

-0.03

Mean Interaction Effect
(Red = Positive, Blue = Negative)



2022 SHAP Interaction Matrix

1-5 Years Experience -
10+ Years Experience -
3+ Work Experiences -
6-10 Years Experience -
Academic Researcher -
Big Tech Experience -
Board Member -
Career Promotions -
Corporate Researcher -
Executive Experience -
First-Time Founder -
Job Hopper -

Lived in Multiple Countries -

Feature (Alphabetically Ordered)

Marketing/Comms -

Multiple Degrees -

Non-US University -

PhD -

Recent Graduate -

Top VC Experience -

Top-Tier University -

VC Experience -

&9

Feature (Alphabetically Ordered)

0.03

0.02

-0.01

-0.00

--0.01

—-0.02

—-0.03

Mean Interaction Effect
(Red = Positive, Blue = Negative)
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Absolute Mean SHAP Value across cohorts 2018-2022

Feature 2018 2019 2020 2021 2022
1-5 years experience 0.051 0.0863 0.0807 0.0157 0.015
10+ years experience 0.0163 0.0125 0.0486 0.1052 0.1022
3+ Work Experiences 0.0953 0.1289 0.0328 0.0189 0.0187
6-10 Years Experience 0.0472 0.0245 0.0212 0.0306 0.0318
Academic_Researcher 0.0256 0.0258 0.0254 0.0082 0.011
Big Tech Experience 0.1196 0.1257 0.2102 0.1983 0.2414
Board Member 0.1152 0.1377 0.0705 0.108 0.1274
Career Promotions 0.0324 0.1423 0.1046 0.058 0.061
Corporate Researcher 0.0235 0.003 0.0073 0.0132 0.0194
Exec_Experience 0.1949 0.2769 0.2225 0.2506 0.266
First Time Founder 0.2346 0.3372 0.3192 0.2785 0.2826
Job_Hopper 0.3076 0.2014 0.2818 0.1904 0.1924
Lived_in_multiple countries 0.1378 0.1591 0.1731 0.109 0.1004
Marketing & Comms 0.1283 0.0802 0.1716 0.1707 0.1682
Multiple Degrees 0.1295 0.1178 0.0772 0.0769 0.0849
Non_US Uni 0.4834 0.421 0.3571 0.3326 0.3278
PhD 0.0702 0.0659 0.0678 0.063 0.063
Recent Grad 0.3417 0.2231 0.0672 0.1935 0.1914
Top_Tier Uni 0.109 0.1024 0.0388 0.0947 0.0924
Top VC Experience 0.023 0.0199 0.0449 0.0514 0.0472
VC Experience 0.0692 0.0967 0.0785 0.0989 0.0948
Feature Prevalence (%) across cohorts 2018-2022

Feature 2018 2019 2020 2021 2022

1-5 years experience 21.6 19.3 19.2 19.5 16.4
10+ years experience 43 45.5 45 46.2 46.5

3+ Work Experiences 74.4 78.1 80.1 80.9 85.4
6-10 Years Experience 23.9 24 25.6 24.9 29.5
Academic_Researcher 2.5 2.8 3.1 2.8 4.5
Big Tech Experience 5.9 7.1 6.9 8.1 11.1
Board Member 8 9.8 8.5 7.4 10.4
Career Promotions 27.8 35.2 359 354 41.1
Corporate Researcher 0.5 0.6 0.5 0.5 1
Exec_Experience 21.9 22.5 20 20.8 22.7
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First Time Founder 71.7 72.9 72.8 72.5 72.3
Job_Hopper 44.2 49.6 53.9 53.9 58.6
Lived _in_multiple countries 62.8 65.2 67.1 64.8 66.9
Marketing & Comms 16.2 17.3 18.2 16.1 15.2
Multiple Degrees 36 36.1 38.2 37.6 41.7
Non_US Uni 534 58.1 583 57.1 583
PhD 7.6 6.1 5.7 6.2 6.6
Recent Grad 25 26.6 26.4 26 24.7
Top Tier Uni 7.7 6.9 7.8 9 9
Top VC Experience 1.3 1 1.4 1.4 1.3
VC Experience 3.8 3.9 3.8 4.3 3.9

Median SHAP Value across cohorts 2018-2022

Feature 2018 2019 2020 2021 2022
Recent Grad 0.256 0.157 0.051 0.159 0.167
Job_Hopper 0.209 0.02 -0.0255 -0.178 -0.186
Lived in_multiple countries 0.07 0.129 0.135 0.075 0.055
Marketing & Comms 0.057 0.089 0.136 0.152 0.146
1-5 years experience 0.032 0.091 0.067 -0.0009 0.0004
6-10 Years Experience 0.011 -0.002 0.0008 0.0011 0.0007
10+ years experience 0.002 0.0001 0.0001 0.082 0.064
Top VC Experience -0.003 -0.001 0.003 -0.058 -0.036
Career _Promotions -0.004 -0.098 -0.042 -0.059 -0.037
Academic_Researcher -0.005 -0.005 0.001 0.0001 -0.0002
Corporate Researcher -0.006 0.0008 -0.00001 -0.0004 -0.0004
VC Experience -0.035 -0.078 -0.048 -0.078 -0.061
PhD -0.043 -0.067 -0.05 -0.069 -0.045
Top_Tier Uni -0.075 -0.08 -0.0028 -0.075 -0.059
Board Member -0.077 -0.099 -0.049 -0.081 -0.09
Big Tech Experience -0.079 -0.081 -0.136 -0.089 -0.11
Multiple Degrees -0.081 -0.083 -0.028 -0.064 -0.029
3+ Work Experiences -0.082 -0.101 -0.003 0.0007 0.0005
Exec_Experience -0.09 -0.156 -0.161 -0.167 -0.189
First Time Founder -0.11 -0.172 -0.21 -0.189 -0.203
Non_US Uni -0.241 -0.272 -0.24 -0.21 -0.22
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Global Feature Importance based on Absolute Mean SHAP value across cohorts

Feature 2018 2019 2020 2021 2022
1-5 years experience 15 14 9 19 20
10+ years experience 21 20 15 10 9
3+ Work Experiences 12 9 18 18 19
6-10 Years Experience 16 18 20 17 17
Academic_Researcher 18 17 19 21 21
Big Tech Experience 9 10 5 4 4
Board Member 10 8 12 9 8
Career Promotions 17 7 8 15 15
Corporate Researcher 19 21 21 20 18
Exec_Experience 5 3 4 3 3
First Time Founder 4 2 2 2 2
Job Hopper 3 5 3 6 5
Lived_in_multiple countries 6 6 6 8 10
Marketing & Comms 8 15 7 7 7
Multiple Degrees 7 11 11 13 13
Non US Uni 1 1 1 1 1
PhD 13 16 13 14 14
Recent Grad 2 4 14 5 6
Top Tier Uni 11 12 17 12 12
Top VC Experience 20 19 16 16 16
VC_Experience 14 13 10 11 11
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Appendix L: AI Usage Report

Throughout the development of this thesis, several Al tools were used in a controlled, transparent, and
narrowly defined manner. Generative Al models—including ChatGPT (GPT-5.1), Claude, and Gemini 3—
were employed exclusively for linguistic refinement, while Grammarly and Google Docs spell-check were
used continuously to identify grammatical errors, spelling issues, and minor stylistic inconsistencies. None
of these tools were used to generate theoretical ideas, empirical insights, methodological logic, or interpre-
tations of predictive-model results. Their role was confined to improving clarity, conciseness, and termino-
logical consistency. All Al-generated suggestions were critically reviewed and incorporated only when
fully aligned with the authors’ intended meaning and analytical reasoning.

GPT-5.1, Claude, and Gemini were applied in three strictly limited ways. First, they assisted in rephrasing
individual sentences or short passages to improve readability without altering substantive content. For ex-
ample, during revision of the methodological section describing the construction of training and prediction
datasets, GPT-5.1 was used to refine dense passages developed through multiple restructuring rounds. One
such passage began: “For the 2021 prediction dataset, the process begins by collecting all ventures founded
in 2021 from Specter, PitchBook, and Crunchbase....” GPT-5.1 produced stylistic alternatives that tight-
ened sequencing, clarified exclusion criteria, and reduced redundancy, while preserving technical accuracy.
Second, generative models were used to provide formal synonyms or alternative formulations of specific
methodological terms to ensure precision and consistency across chapters. When standardizing terminology
in the Theory section, a prompt was used to request alternatives to the term “predictive stability,” accom-
panied by the sentence “Predictive stability is essential for determining whether founder signals retain ex-
planatory value across previously unseen cohorts.” Al-generated suggestions such as “temporal robustness”
and “out-of-sample consistency” were incorporated selectively when they fit the conceptual intent. Third,
generative Al supported refinement of terminology where definitional accuracy mattered for core constructs
such as “human-capital signals,” “configurational effects,” and “temporal generalization.” When refining
phrasing in the Analytical Framework section, a prompt requested alternatives to “temporal holdout de-
sign,” using the sentence “Predictive modeling requires temporally valid datasets...” as context. Sugges-
tions emphasizing “forward-consistent sampling” or “founding-year-anchored generalization tests” were
integrated only when conceptually appropriate. In all cases, outputs were treated strictly as optional stylistic
proposals. No conceptual mechanisms, no theoretical insights, and no interpretations of empirical findings
were generated by Al; all substantive reasoning—including the formulation of predictions, feature-engi-
neering logic, temporal holdout design, SHAP-based interpretation, and theoretical contributions—remains
entirely the authors’ work.

Al tools also improved academic prose by removing redundancies, smoothing transitions, and aiding con-
sistency of terminology. For example, when refining phrasing around theoretical constructs, prompts such
as “Propose alternative formulations for the term ‘predictive stability’ suitable for an academic methodol-
ogy section” were used. Suggestions were adopted only when they enhanced clarity without altering theo-
retical content. Likewise, GPT-5.1 and Claude were occasionally used to generate synonyms for formal
expressions (e.g., “hereinafter””) to ensure stylistic coherence, again under strict manual oversight. Gemini
3 was additionally used in a verificatory role to double-check computational steps such as descriptive sum-
mary statistics and Python logic in the data-processing pipeline, ensuring that code execution aligned with
the methodological descriptions. Importantly, Gemini did not participate in statistical interpretation or
model evaluation; its role was limited to verifying implementation accuracy.

In isolated cases, GPT-5.1 and Claude were used to refine wording for example-based explanations—for
instance, phrasing short illustrative descriptions in the SHAP-interpretation section. Even there, the exam-



94

ples themselves were entirely derived from empirical results; Al assisted only with smoothing the surround-
ing language. Across the entire thesis, Al tools never generated content related to predictive-model design,
theoretical argumentation, feature logic, policy-induction interpretation, or empirical conclusions.

Using Al tools surfaced several risks and led to purposeful mitigation strategies. The primary risk was
distortion of analytical meaning: generative models occasionally proposed stylistic revisions that subtly
shifted theoretical or methodological intent. This was mitigated by manually reviewing every suggestion
and rejecting those that altered substance. A second risk was fabricated or ungrounded content. To avoid
this, Al was never used to generate theoretical ideas, empirical claims, or interpretations; all such content
was author-produced. A third risk concerned over-reliance on Al phrasing, potentially diluting the authors’
academic voice. To address this, Al use was restricted to sentence-level refinement, with no paragraph- or
section-level generation allowed. Finally, because LLMs may introduce stylistic homogeneity, all outputs
were critically evaluated for tone consistency and adjusted where necessary.

Several insights emerged from using Al tools in the thesis-writing process. First, generative Al is highly
effective at micro-editing—clarifying complex methodological descriptions, reducing redundancy, and en-
hancing conceptual readability—but it is unsuitable for macro-level reasoning or theory development. Sec-
ond, the tools were particularly helpful in maintaining terminological precision across a thesis that spans
predictive modeling, signaling theory, and configurational analysis. Third, the process underscored that Al
is most valuable when used as a linguistic assistant under close human supervision, not as a source of
conceptual content. Ultimately, the experience demonstrated that, when applied responsibly, Al can en-
hance the communicative quality of academic writing without compromising originality, theoretical rigor,
or analytical integrity.



