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ABSTRACT

SENTIMENT-INTEGRATED HYBRID VALUATION MODEL FOR EARLY-
STAGE FINTECH STARTUPS: QUANTIFYING HYPE CYCLE EFFECTS IN

EMERGING MARKETS

Aditya Chaudhuri
2026

This dissertation develops and empirically validates a sentiment-integrated hybrid
valuation model for early-stage FinTech startups in emerging markets. Traditional
valuation methods struggle with early-stage companies due to absent financials, high
uncertainty, and asymmetric information. While qualitative and hybrid approaches have
emerged, they systematically exclude quantifiable sentiment metrics despite extensive

evidence that investor psychology drives startup valuations.

This research addresses three critical gaps: (1) the absence of operationalized hype cycle
theory in startup valuation, (2) the lack of systematic integration of measurable sentiment
indicators, and (3) limited understanding of sector-specific dynamics in FinTech. Using a

sample of 113 funding rounds from 68 companies across India and emerging markets



(2022-2025), this study operationalizes the Gartner Hype Cycle through temporal phase

analysis and quantifies public sentiment using Google Trends data.

Hierarchical regression analysis reveals four key findings. First, companies securing
funding during the recovery period (2024-2025) achieve 90% higher valuations than
correction-period peers (2022-2023), providing empirical validation of hype cycle effects
(p<0.001). Second, the sentiment-integrated hybrid model explains 48.9% of valuation
variance—a 551% improvement over traditional demographic models (7.5% R?). Third,
composite hype indicators outperform simple search volume metrics, though funding
amount remains the dominant predictor. Fourth, FinTech companies exhibit heightened

hype sensitivity due to regulatory uncertainty and technological complexity.

This research makes three contributions: theoretical (integrating behavioral finance with
private market valuation), methodology (operationalizing hype cycles with Google
Trends), and practical (providing timing guidance for entrepreneurs and investors). A
robustness check using 500 independent funding rounds confirms findings generalize
beyond the original sample, with recovery premiums ranging from 50-90% depending on

company maturity and geographic context.
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CHAPTER 1: INTRODUCTION

1.1 Introduction

Valuation of startups which are in early stages i.e. under 3 years of is difficult and
remains a challenge. On the other hand, companies which have been in existence with
revenues, cash flows and have been funded by the market — VC, PEs or have IPO’ed are
easier to value. This is because of startups within the first three years of existence face
the uncertainty of technological innovation, transformation, limited knowledge, and
limited information base (Damodaran, 2012). The earlier models for valuation which
focus on stable and asset based companies are very different from startups which are
steeped in innovation. There is a growing gap and hence the need to look at conventional
finance theory and the practice for startup valuation specially going through the Gartner

Hype cycles which are a combination of initial growth, boom, bust, and recovery.

During the years 2020-2025 there were unfathomable fluctuations in startup valuations
specifically around financial technology (FinTech). In the backdrop of a COVID-19
ravaged world, global FinTech funding has hit record levels as digital payments, neo
banking and lending platforms along with Insurtech ventures have seen burgeoning
valuations (CB Insights 2023). But in 2022, macroeconomic headwinds — interest rates
and inflation fears — pushed prices off a cliff. Valuations that had soared in the 2020-
2021 boom came down to earth sharply, leaving founders, investors and analysts asking
what underlay the valuation of early-stage startups. By 2024, we had selective recovery

in some of the sectors as a natural experiment has played out in valuation dynamics over
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alternative epochs of what Gartner describes as the “hype cycle” (Fenn and Raskino,

2008).

This paper studies how waves of public attention, media narratives and investor
sentiment affect the valuation of early-stage FinTech startups, focusing on frontier
market. For several reasons, FinTech provides a theoretically and practically relevant
setting in which to examine sentiment-based valuation. In the first instance, FinTech lays
at the nexus of innovations in technology and closely regulated financial services with
specific uncertainties around the adoption trajectory, regulatory acquiescence, and
competitive firing line (Arner, Barberis and Buckley, 2017). The second approach is
because the FinTech technology startups have a narrative that feels like story of great
enlightenment during period of hype and then like a scam in correction (Philippon, 2016).
The third is since FinTech firms do not have hard assets and neither have a financial
history but they are rather more reliant on technology, hence becoming prone to market

sentiment more than other companies in other sectors.

It is evident that there is a co-relation between hype cycle, sentiment bias and behavior
which impacts perception and hence valuation for startups. Startups have to compete not
only for products but also attention (Simon, 1971). Startups funding is impacted by how
they manage media coverage, how they are searched and researched, as well as their
social engagement (Da, Engelberg and Gao, 2011). Hence, there has been a

transformation of valuation that was earlier having a traditional quantitative
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determination like DCF to a new complex construct which includes hype, sentiment,

attention and social engineering.

While sentiment does impact valuation, this has not been incorporated into, and neither is
it touched upon by any studies while looking at formal models. Quantitative methods like
DCF, CCA and VCM still build upon a “rational” expectation, measurable risk and its
trade off and work on steady state financials (Damodaran, 2012; Gompers & Lerner,

2004).

Now, qualitative methods like Berkus and Scorecard Valuation while recognizing some
factors like quality f team, opportunity size do not have a method to measure market
sentiment indicators (Payne, 2011). Hence, there is a gap between the theory of valuation
based on fundamentals and rationality versus what is on the ground where sentiment,

timing and a narrative influence the valuation in a big way.

This is the gap which this study attempts to fulfill by looking at FinTech startups in an
emerging market like India and to integrate sentiment using Google Trends based search
volume as an indicator for public attention. We have constructed a Composite Hype
Index to capture sentiment and then integrated with standard factors of valuation like
classification, sector and age of company. A composite sample of 68 FinTech startups
with about 113 funding rounds between 2022-2025 has been used to give evidence
empirically that there is an influence of hype cycle on valuation, which of the sentiment
indicators influence the most and whether a hybrid model can offer a better explanation

for the implication of sentiment on valuation.
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After a lot of research this study has focused on emerging market of India as it has
grounded and rich data. During the period of study, India had one of the most vibrant
FinTech ecosystems in the world with high levels of digital usage fueled by UPI and
regulatory backing through Digital India campaign apart from enormous inflow in
venture capitals (NASSCOM, 2024). This environment presented an opportunity to
explore the way that sentiment and momentum inter-play with valuation in a space where
regulatory clarity is forming, competitive dynamics are fierce and investor understanding
of business models is still maturing. FinTech focus of the sample (83% of observations)
allows for a deeper, sector-specific analysis that was previously precluded due to
interaction effects and/or conditionality which would be masked when conducting cross-

sector work.

1.2 Research Problem

Valuation of early stage startups (under 3 years old specifically) has been an unaddressed
issue in finance, innovation, and entrepreneurship management literature. The issue
appears to be that both quantitative and qualitative methods have been developed for
mature companies, and most methods focus only on fundamentals which do not focus on
sentiment, hype or native based social engineering. However, some of these factors
impact valuation of early stage companies in sectors like FinTech which are impacted by

technology and innovation.

This issue at hand has multiple dimensions —
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A. First, conventional quantitative models rely on historical financial data — e.g.,
revenues, profit margins, growth rates — that embryonic startups do not have
(Damodaran, 2012). A young FinTech company of less than two years old may have
little to no revenue, non-profitability and business models that are still emerging via
product-market fit experiments. Discounted Cash Flow (DCF) analysis, the formulaic
underpinning of corporate valuation, mandates relatively correct predictions of future
cash flows—a fanciful endeavor for pre-revenue or early revenue companies (Koller,
Goedhart and Wessels 2010). CCA is premised on the existence of similar companies
with readily observable valuations, but truly comparable early-stage ventures are
somewhat scarce, and differences in founding teams, market positioning or
technological approaches can make comparisons irrelevant (Miloud et al., 2012). For
example, even the Venture Capital Method (VCM), which is intended for early-stage
ventures, relies on credible exit value estimates that are themselves very speculative
and influenced by the same sentiment-based forces it ignores (Sahlman, 1990).

B. Second, qualitative and hybrid valuation approaches neglect to systematically
include quantifiable sentiment indicators even if they recognize the subjective
consideration of aspects such as team experience, market opportunity, or competitive
landscape. The Berkus Method monetizes non-tangible measures such as sound idea
and strategic relationships, yet values are subjective and the analysis is susceptible to
behavioral biases including overconfidence, anchoring, and availability heuristics
(Kahneman and Tversky, 1974). The Scorecard Valuation Method compares startups

with the average performance of similar companies in their region, although without
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considering how hype cycles pump or deflate these regional averages at different
stages (Payne, 2011). Neither include digital attention metrics (search trends, media
sentiment, social engagement), despite compelling empirical evidence that these
measures are related to funding outcomes and investor behavior (Da et al., 2011;
Engelberg & Da, 2009; Tumasjan et al., 2010).

. Third, the concept of hype cycles has not been sufficiently operationalized in startup
valuation studies to date. A widely cited practitioner-oriented, technology-related, life
cycle framework is the Gartner Hype Cycle which identifies how perceptions of
emerging technologies change through five stages: Innovation Trigger, Peak of
Inflated Expectations, Trough of Disillusionment, Slope of Enlightenment and
Plateau of Productivity (Fenn and Raskino, 2008). This framework offers an
informative way of describing this process, but the model has seldom been quantified
or evaluated empirically in valuation studies. How far are valuations from the “Peak”
and the “Trough”? Are there homogenous HCM patterns in all industries, or are
industry-specific characteristics moderate these effects? Until empirical proof is
given, the hype cycle becomes part of conceptual arsenal but not yet active matter of
valuation method.

. Fourth, this is especially a problem for the FinTech space, with significant
idiosyncratic issues that exaggerate the gulf between conventional constructs and
reality as estimated by other investors in these companies. FinTech firms also suffer
from regulatory uncertainty, the economic value of their products can change

suddenly with changes in the regulators' decision to allow a market into existence and
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conversely to not allow it (Arner, Barberis and Buckley, 2017). FinTech’s' valuations
rely strongly on network effects and user adoption, impossible to predict but very
visible through digital engagement metrics (Philippon, 2016). FinTech is a direct
competitor to traditional financial firms and therefore begins life with disruption
narratives that investors like in the upcycle but are skeptical about it in the down
cycle. These dynamics within the individual sectors of innovation inform that
valuations in FinTech could be more hype-sensitive than other innovations, a

prediction that has not been systematically examined.

Lastly, up to date the research issue is still complicated by a lack of systematic
frameworks which blend classical valuation theory with insights from behavioral
finance. Behavioral Finance shows that investor sentiment plays a role in the
determination of asset prices, and this is particularly true for difficult-to-value assets
where little fundamental guidance can be found (Baker and Wurgler, 2006). Narrative
economics suggests that infectious stories — the crisis story, the democratization or
technological revolution story — drive economic outcomes not just through over-reaction
or under-reaction to facts (Shiller, 2017). Attention economics shows that investor
attention, in terms of search volume and media coverage, predicts market returns (Da et
al. But those insights have thus far been confined to their own literatures, seldom
included as inputs into any kind of usable decision tool that entrepreneurs, investors or

analysts might use.
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The main research question, thus, becomes this: Traditional valuation models do not have
the theoretical nor empirical background to accommodate sentiment, hype cycles, and
digital attention in the early-stage valuation of startups especially within sectors such as
FinTech where these pressures can be felt successively. Qualitative methods recognize
intangibles, but do not systematically gauge feelings. Concerning both of these and other
aspects, academic analysis of hype cycles is descriptive rather than quantitative. There is
no unifying system that puts financial fundamentals in the same melting pot as
quantifiable sentiment drivers, to deliver more precise and theoretically sound valuation

measurcs.

This problem has significant consequences. Entrepreneurs may also time fundraising
poorly, raising money through corrections when valuations are low, rather than waiting
for recovery phases. Investors themselves misprice companies during the peaks of hype
and troughs, resulting in systematic bias. Policymakers do not have instruments to
determine whether startup ecosystems are in a phase of sustainable growth, or possibly
even speculation. Without any operationalized measures of hype, it is not possible to

rigorously evaluate hypotheses on sentiment— valuation relationships.

This problem can be solved by constructing a sentiment-integrated hybrid valuation
model, preserving the theory underpinning traditional finance when the behavioral and
temporal dynamics established in recent empirical work are accounted for. It entails
operationalizing hype cycles in terms of measurable proxies—such as search trends,

media attention, patterns of funding—and examining whether variation in these measures
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enhances accuracy at predicting the valuation trend. It necessitates an investigation into
sector specific dynamics, especially in the case of FinTech, to see if and how effects
differ between down sectors. This research does (just) the latter, and as such fills a gap
based at the crossroads of valuation theory, behavioral finance, and innovation

economics.

1.3 Purpose of Research

This study seeks to construct, and empirically validate, an operationalized sentiment-
integrated hybrid valuation model for early-stage startups operating in the FinTech space
of emerging markets for a 2022-2025 time. The period covers one full cycle of hype—
from post-correction in the wake of the pandemic through troughs of disappointment to
traces of selective recovery— providing a ‘natural experiment’ in which to study how

market sentiment and public attention impact startup valuations at various stages.

The main objective was to explore the impact of hype cycle on valuations and sentiments
but has also evolved into crafting a valuation methodology that shall address the
limitations of (Discounted Cash Flow [DCF], Comparable Company Analysis [CCA] and
Venture Capital Method [VCM]) that assume companies in steady state with clear

fundamentals.

The analysis is conducted in a regression-based approach where Google Trends on search
volume, media attention proxies, and temporal hype cycle positioning is integrated to the
models to examine if sentiment-augmented stock pricing models provide higher degree of

explanation than traditional agent-only variable sources. The hybrid model is meant to
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serve as a blend of theory (derived from behavioral finance, narrative economics, and
attention theory) and practice (utilizing public domain data which can be obtained by

entrepreneurs or financial entities).

A collateral goal is to measure the intensity of hype cycle effects on startup valuations.
Although the Gartner Hype Cycle model (Fenn and Raskino, 2008) is pervasive in
industry practice, empirical evidence regarding whether valuation levels vary across
stages of the life cycle is limited. In comparing these valuations with valuations in
corrected years (2022-2023) and a recovery period (2024-2025), we thus give the first
empirical estimates of hype cycle premiums or discounts. that enables investors to
rationally temper their valuation expectations according to the stage of the market,
entrepreneurs to strategically plan their capital raises and when push comes to shove,

regulators to know what category of growth is sustainable versus speculative.

A third objective is to determine what sentiment indicators are most related to early-
stage valuations. Academic and practitioners have suggested a lot of proxies for market
hype — news sentiment, social media activity, search volume, and funding velocity in
particular, the relative efficacy of which has been insufficiently compared. The study
evaluates both single indicators and a composite one, to see whether simple measures
(such as the Google Trends search volume) work better than complex weighted indices.

The results yield best practices for sentiment assessment in valuation.
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A fourth aim of a structural nature is to study sector-based dynamics in FinTech.
Startups in FinTech inhabit a parenthetical space characterized by the nature of suite of

1ssues:

(1) regulatory uncertainty,
(i1) network effect dependence and

(ii1))  implications of competition together with legacy businesses

that would arguably increase or dilute sentiment effects beyond other innovation sectors
By focusing the sample on FinTech-dominant firms (83% of observations) and
comparing them to a subset of Al and other tech startups less in its thrall, the paper is
testing whether FinTech valuations are uniquely sensitive to hype. With this FinTech
focus we have managed to check which FinTech sector companies received the boost
from hype boost and get devalued during correction periods. The cross-sector interactions

will obfuscate this focus.

With the data this research has been deliberately narrowed — rather than doing a broad
brush on all industries. Geographically, the paper focuses on developing markets:
specifically, India in which FinTech adoption increased rapidly over the study period
because of infrastructure improvements (Unified Payments Interface), regulatory backing
(Digital India initiatives), and strong penetration of smartphones (NASSCOM, 2024).
There are theoretical grounds for such a focus: Greater hype patterns are observed in
emerging markets than in more mature ones because of lower familiarity of investors

with new business models, fluid regulatory environment and significant first mover
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advantages. The data provided insights into India Fintech sector between 2022-2025, a
period of hype dynamics, is interesting to look at for scrutiny and consolidation under

recovery.

Having looked at data between 2015-2025, across industries — FinTech (including
Crypto), Al, Cloud computing — the data for 2022-2025 in FinTech seemed to be good
for a full correction recovery cycle. The data had a good range of sentiment and valuation
data for integrity in the environment (the entire dataset). Years of 2020-2021 cover the
COVID pandemic and hence are not part of this study and the data for previous years

were not rich enough.

The approach that has been taken is a quantitative-primary approach and using data
examines the hypothesis of a relationship between sentiment and valuation. The original
design was for a qualitative interview with investors and founders — but the absence of
response from them and the quality of quantitative data (113 funding rounds that covered
the hype cycle) have allowed us to answer all research questions with accuracy

statistically.

So, the research has now taken a laser like focus — with the following objectives —

(1) to build a valuation model that includes sentiment and improves the previous
methods.

(2) To measure the impact of hype cycle during the correction and recovery phase.

(3) To identify the most effective sentiment based indicators in valuation, and

(4) To analyze the FinTech industry in an emerging economy like India
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In achieving these objectives, this paper contributes to the valuation literature,
informs stakeholders’ decision-making, and delivers empirical insights into one of
startup finance’s most important yet least studied aspects - hype as a determinant of

early-stage valuations.

1.4 Aims of the Study

The findings of this study provide substantial theoretical, methodological, practical and
policy contributions, contributing to the closes critical gaps in the startup valuation
literature and informing entrepreneurs, investors, and policymakers in innovation-driven

sectors of the market practice.

1.4.1 Theoretical Significance

The paper contributes to valuation theory by applying findings from behavioral finance,
narrative economics and attention theory in a unified manner tailor-made for nascent
startups. Conventional valuation theory based on neoclassical finance presumes rational
expectations, efficient markets, and stable fundamentals (Fama, 1970). While we are
reasonably comfortable with these assumptions for mature, public companies — they falter
in the case of both pre-revenue start-ups in emerging fields and sectors where information
asymmetry is high, fundamentals unproven and investor behavior highly sensitive to

sentiment (Baker & Wurgler, 2006).

By revealing that sentiment-enriched models produce dramatically improved
performance on traditional ones—by boosting adjust pseudo-R 2 from 0.075 to 0.489,

increase in explanatory power is more than five times bigger—the findings demonstrate a
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support for introducing behavioral dynamics into valuation frameworks with empirical
evidence. We also contribute to Baker and Wurgler (2006)’s logic of a sentiment
component within asset pricing by showing in the private sphere them as not being

limited only to public equities, but very much present in venture capital markets.

Further, the study operationalizes Gartner’s Hype Cycle framework, which although
popular among practitioners has to date had limited descriptivism (Fenn and Raskino,
2008). Hosting a dataset that allows for testing hype cycle effects in prediction—in this
case, the author shows you can predict valuations to be 90% higher during recovery
phases than in correction phases—moves the framework from theoretical to empirical
and thus falsifiable. By quantifying it, future researchers can treat Gartner positions in

the hype cycle as a testable variable rather than treating them anecdotally.

The research also speaks to narrative economics (Shiller, 2017) by illustrating how
quantifiable proxies for narratives — e.g., Google Trends search volume — predict
economic outcomes (valuations). This confirms the hypothesis that (Shiller, 2017) had
about narrative contagion as a macro level argument about that there are dynamics in the

startup ecosystem based on stories abouts firms.

1.4.2 Methodological Significance

Study contributes in three ways methodologically.

First, it constructs a composite HypeScore, which integrates multiple sentiment
signals—search intensity, recovery trajectory, temporal evolution—into a single value to

be used in regression. Although previous studies adopted the individual sentiment proxies
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(Da, Engelberg, and Gao 2011; Tetlock 2007), there is a lack of an aggregated composite
score that has been especially custom tuned for the private startup valuation. Such
HypeScore development approach based on weighted aggregation with empirical

verification can be a replicable example for further studies.

Second, the paper demonstrates that Google Trends is a legitimate proxy for investor
attention in the context of start-ups. Google Trends for search data Search volume
datasets such as Google Trends have been employed widely in research on public
markets (Da, Engelberg, & Gao, 2011); their miss to gauge private startups that may not
even be listed in any search engine ranking has been also criticized. With a remarkable
predictive ability (B =0.020, p <0.01) and 94% data harvesting success rate over the
sample of 68 companies, the study proves Google Trends useful for startup valuation
analysis, thus breaking several barriers to future work and practice. We have also
proposed an innovative methodology to approximate valuation for unlisted startups using

publicly available data using sentiment analysis.

Three, it is a good finding on how sector-specific sensitivity to hype can be evaluated
with interaction analysis. We have seen that the hype effects (interaction coefficient § =
1.807, p <0.01) are 181% stronger that other sectors for FinTech. One size does not fit
all the sectors hence this finding of the effect of sentiment on industries is very useful.
We can now base on data confirm that Sentiment x Industry — Results varies with

sentiment intensity. This realization after running through the analysis opens a window
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that sentiment-valuation is sector-specific and hence will have implications in which

further research could be conducted.

1.4.3 Practical Significance
For the three stakeholders in question — founders, investors and policymakers the

significance is as follows —

Founders — How and when to time your fund raise? Founders need to sustain the
90% recovery to correction phase to improve the valuation. The imperative for
founders based on this research is that FinTech firms were hype dependent being
valued at 62% discount in absence of hype presence. Founders must build a

narrative and visibility to improve valuation.

Investors — The findings present a model to have a valuation which is sentiment-
adjusted. Using Google Trends and hype cycle time within a due diligence
process will help calibrate valuation to consider the market phase effects. We
have found that funding amount is a very strong predictor (§ = 0.508, p < 0.001)
in addition to sentiment effects — meaning that markets do have rationality and

hence this sentiment indicators can be used as adjustment variables.

Policymakers — The FinTech example is a good finding on how policies and
regulations could be managed to prevent bubbles and to ensure a push for
investment in underserved sectors. The FinTech valuation on hype should force

the policymakers to look at the valuation policy in a different way.
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1.4.4 Academic Significance

From an academic lens, this study addresses a gap in startup valuation that has mainly
been focused on studies based on later stage or venture capital funded startups with
substantial revenue and wee-defined exit routes (Gompers and Lerner, 2004; Miloud et
al., 2012). There is hardly any literature nor research into startups less than three years
old with little financial history. We have offered empirical evidence that the valuation of

such companies are different from mature companies.

These findings suggest a new question that like FinTech are there other regulated
industries like EdTech and HealthTech that are also sentiment sensitive. Can founders
induce hype? Is it only external driven by market forces? This is a good question to be

answered for the future.

1.4.5 Social and Economic Importance

The startup ecosystem is an enabler of innovation, employment, and economic
development but are effected by boom bust cycles — driven at times by irrational
exuberance that can destabilize wiping out both value and confidence (Perez, 2002). By
identifying that there is a role of sentiment that impacts valuation and by making
available a method by which hype functions — a healthier ecosystem can be established. If
society that includes founders, investors and policymakers can understand this sentiment
driven valuation — they can take better decisions and reduce the impact of boom-bust

cycles.
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This study is significant as it gives insight into an area that has not been researched

before objectively for knowledge, economics and professional practice.

1.5 Research Questions

We have identified four main research questions (RQs) based on literature gaps and the
research issues mentioned in Chapter 2. Each RQ is related to a different but interlinked
factor of sentiment, hype and valuation in the FinTech sector. They have been defined to
be empirically testable with the quantitative data and analytical methods we outline in
Chapter 3, and they produce results that inform theory development as well as practical

action.

RQ1: How do different states of the hype cycle impact the valuation path of early-
stage startups?

The first research question considers the time dimension of sentiment-induced valuation.
Although the Gartner Hype Cycle framework (Fenn and Raskino, 2008) offers a concept
map for how expectations progress through identifiable stages—Innovation Trigger, Peak
of Inflated Expectations, Trough of Disillusionment, Slope of Enlightenment and Plateau
of Productivity—empirical evidence that measures at scale how valuations change

through these stages is still scarce.

To do this, we operationalize hype cycle stages by dividing the sample period into two
phases based on market compendious (funding data): the correction phase (2022-2023)
that reflects falling valuations, slowing-down funding tempo and increased investors

caution post 2020/21 euphoria, and the recovery phase period (2024- 2025 ) characterized
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by stabilizing of valuations, a selective restart of funding trends, trust in sustainable
business models. These times represent the Trough of Disillusionment and Slope of

Enlightenment in concept.

RQI1 tests if product companies funding in the recovery phase receive systematically
different valuations than ones funded during correction, controlling for company age,
category, hype metrics, and amount of funds. The anticipated relationship, based on
behavioral finance and market timing literature (Baker and Wurgler, 2006), is that
valuations in expansion phases should be premium due to restored confidence of

investors alongside competitive capital reallocation.

The question has very practical implications: if the variation is large and predictable, it
allows entrepreneurs to time their fundraising optimally, or investors to adjust their
valuation expectations based on market phase. In principle, measuring these impacts is
approving or refining the Gartner categorization by progressing from a descriptive

instrument to predictive model.

RQ2: What measurable signals of hype are most strongly associated with early stage
startup valuations?

The second research question is at the level of measurement and asks which sentiment
signals serve as most robust and strongest predictors of valuation. Previous research has
suggested different hype indicators: Google Trends search volume (Da, Engelberg and
Gao, 2011), news sentiment from textual analysis (Tetlock, 2007; Loughran and

McDonald, 2011), social media attention from engagement metrics (Bollen, Mao and

40



Zeng, 2011), and funding velocity trends capturing the momentum of capital allocation.
Yet there is little comparative evidence on their performance in the context of valuing

young firms.

We investigate several operationalization’s:

(1) the raw level of public interest as measured by Google Trends search volume.

(2) recovery ratio for change from correction to recovery periods; and

(3) trend slope 7—i.e., concerns are on a rise or decline current point, all leading

in turn to a composite hype e -score.

Which measures matter most Comparing the explanatory power and significance of these

indicators in hierarchical regression models?

The question speaks to an important methodological void: if sentiment is to be included
in valuation as a fee-NOPAT measure, which indicators should researchers and
practitioners’ favor. Results are used to inform best practice methods for measuring
sentiment, perhaps suggesting that simple and transparent proxies can out-perform
multidimensional composite indices — a finding with implications for both academic

research and practical usage.

RQ 3: Can the hybrid valuation model merged with hype indicators enhance the
value of predicting and explaining ability of traditional valuation models?
The third research question is to directly evaluate the key contribution of this paper,

whether sentiment features incorporated in valuation models result in significant value
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addition compared with usual methods. Traditional models with age, sector and funding
cap explains little of the variation in valuation as it ignores behavior and timing not only
across stages but also through time (Damodaran, 2012). If hybrids with hype predictive
features significantly boost R — the amount of variance in returns accounted for — and
remain statistically valid, this lending would be impressive evidence on behalf of

sentiment fusion.

We finally assess RQ3 using hierarchical regression analysis which ranges from a
baseline model including only traditional predictors (Model 1), over adding hype to being
incorporated with market phase and fundamentals in a full hybrid Model 4. The change

in incremental R? across models is the added value of sentiment variables.

The predicted result, based on behavioral finance theory, is that hybrid models will
significantly outperform traditional models in terms of R2 because they will have
captured variance due investor psychology, market timing, and narrative momentum
(variance that traditional models cannot capture). Yet the degree of improvement is
empirical—theoretically, small gains will indicate that sentiment does little to help,

whereas significant gains will confirm its importance in designing competitive strategies.

Control and traditional hype—hypothetical predictions driven by hypes of investors, e.g.,
in IOT are almost identical, which is quite encouraging. This is also highly relevant from
a practice perspective: whenever hybrid models achieve significantly higher

performances than traditional ones soon entrepreneurs and investors have an empirical
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reason for including sentiment tracking (and hype measuring) in their value estimation

exercise.

RQ4: How do investor sentiment and sector-level dynamics moderate the
relationship between hype and early-stage valuation, especially in FinTech?

The fourth research question meanders around interaction effects: are hype effects
contingent, e.g., do they take different shapes in different sectors and more narrowly,
does FinTech show an exceptional or a specific form of sensitivity to hype compared to
Al, SaaS, or technology? This line of questioning is prompted by theoretical concerns:
FinTech seems to be operating in a particularly tough environment due to extreme
regulatory pressure, lock-in’ from network effects and face-to-face competition with
large established financial institutions as well as gradually increasing familiarity of

investors with novel business models (Arner et al., 2017; Philippon, 2016).

Different sectors react differently to hype in valuation. At times due to tough regulations
the market is dependent on narrative and sentiment indicators. The impact of network

effects impact long term value in a disproportionate way.

“The incumbents can’t ignore you.”

Competition with the incumbents produces “disruption narratives,” that pick-up hype
during booms and get edited into skepticism during corrections. These reasons would
make FinTech valuations even more hype-driven than in other sectors, a theory that can

be evaluated using the interaction.
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H2 is operationalized to evaluate if the coefficient on hype measures in both RQ4 and its
sub-question are significantly specific for FinTech companies with interaction terms
(FinTech x Hype) in regression analysis (Model 5). A significant positive interaction
would imply that FinTech gains more from hype than other sectors; a negative significant

interaction would suggest that sound bites can also lead to huge fall.

Theoretical grounding for the question lies in further development of when and why
affect is important. If the impact of hype is sector-conditional, as opposed to universal,
this implies limitations when applying naive behavioral finance models that assume
equal sensitivity to sentiment among assets. On a practical level, sector-specific results
guide targeted strategies: FinTech founders should care more about hype-in-China than
SaaS founders; FinTech investors ought to control for sentimentalism even more

systematically.

1.6 Hypotheses
From these theoretical foundations and empirical regularities presented it generates the

following testable hypothesis:

H1 (Hype Cycle Effects): Firms funding during hype periods (2024-2025) are
associated with much higher valuations than those fund during correction periods

(2022-2023), net other considerations.

H2 (Hype Indicator Validity): Google Trends search volume will be positively

and significantly correlated with startup valuations, quality of the measurement

for hype.
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H3 (Hybrid Model Effectiveness): Hybrid valuation models combining hype
indicators will outperform traditional models which rely on age, sector, and

funding amount inducing significantly higher R>.

H4 (FinTech Hype Sensitivity): We expect that FinTech companies will have
more pronounced hype-valuation relations than companies in other innovative

sectors, i.e., we expect significant positive interaction coefficients.

1.7 Research Questions and Dissertation Structure

It is around these four research questions that the discussion and empirical analysis are
organized. Chapter 2 presents a literature review on each question delineating theoretical
underpinnings and empirical deficiencies. The constructs are made operational in Chapter
3 and the analytical methods for evaluating each RQ is described. The empirical results
Chapter 4 treat the questions one by one and use descriptive statistics, regression models,
and visualizations. Chapter 5 presents the results and discusses their relation to
theoretical predictions, previous work, as well as surprising findings. Chapter 6

summarizes the contributions, limitations of this study and sets out future research.

By framing the study with these four interrelated questions, and focusing on temporal
aspects (RQ1), measurement approaches (RQ2), model performance (RQ3), and sector-
specific contingencies (RQ4), we present a thorough examination of hype and
sentiment’s effects on early-stage startup valuation. Each question discusses an

independent void in the current knowledge, and all contribute to what we consider our
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goal: building a theoretically based, empirically verified and pragmatically helpful model

for valuing startups in times of digital attention and narrative economy.

1.8 Summary

The building blocks of this thesis is based on the observation that early-stage startup
valuation — particularly within categories such as FinTech and emerging markets — are
heavily influenced by hype cycle, sentiment dynamics and digital attention which have
traditionally been under addressed in typical valuation models. The research issue
evolves from the lack of holistic frameworks offering a direct link between financial
fundamentals and observable sentiment measures. The aim is to create and evaluate a
hybrid valuation model that does address this gap, most particularly for FSFUs in EMs
during the 2022-2035 correction-and-recovery cycle. The implications of the study are
theoretical (operationalizing hype cycles, extending behavioral finance), methodological
(constructing composite hype- indices, validating Google Trends), and practical (for

entrepreneurial choices, investment decisions, and policy concerns).

The following four research questions help to guide the investigation: (RQ1) We measure
the effects of hype cycle stages on valuation (RQ2) (a) What are the most effective
sentiment indicators in predicting financial returns in banking and investment sectors of
FinTech, (RQ3) Does hybrid model perform better than traditional methods? i.e. finance
and insurance sectors over time? Collectively, the questions orient an empirical inquiry
that holds potential to deepen our appreciation of the ways in which perception, narrative

and attention inform what generates value in innovative ecosystems.
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This base is then developed progressively in the following chapters. Chapter 2:
Literature Review The literature review in this research takes place between valuation
theory, behavioral finance, hype cycle frameworks and specify the dynamics of a sector
FinTech. Quantitative research design, construct operationalization, and analytical
techniques are described in Chapter 3. Chapters 4-6 report findings, theoretical and
practical implications, contributions configured. Building strong theory and empirical
work, examining one of the most important and underrealized empirical phenomena in

modern finance -- hype dynamics and its importance for startup valuations overall.
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CHAPTER 2: LITERATURE REVIEW

2.1 Literature Review Introduction to the Body of Knowledge

In this review of literature, the theoretical-methodological and empirical roots of startup
valuation are audited with reference to the drawbacks that current models show when
being used in early-stage firms functioning in innovation dependent and sentiment
vulnerable industries such as financial technology (FinTech). Expanding on the body of
research defining Chapter 1, this chapter surveys multidisciplinary literature relevant to
valuation theory, behavioral finance, innovation dynamics, and measures of digital
sentiment. Insights from this situation offer both theoretical and empirical support for
why early-stage valuations do not and should not be capable of fitting within traditional
paradigms of valuation2 and why sentiment plays an important role in current approaches

to valuation.

Valuation of early-stage startup has a unique status in financial analysis. Valuation
theory has historically been built on a foundation of neoclassical finance—assumptions
of rational expectations, efficient markets, and observable fundamentals—but the
mechanics of valuing companies under three years old is fundamentally different. Such
ventures often have unstable or non-existent revenue stream patterns, little or no history
of experience yet, and may run with untested business model in industries where there
are first-mover advantages and network externalities — ideas that will become winner-

take-all games (Gompers & Lerner, 2004). These features of traditional valuation

48



methods have left something to be desired in practice, which has led to longstanding

discrepancies between theoretical predictions and actual realizations.

The review is structured into nine key sections: each discussing a different dimension of
the valuation problem, albeit being interconnected. 2.2 provides theoretical background,
referring to neoclassical finance, risk-return theory, information asymmetry model,
innovation economics, behavioral finance paradigm of narrative economics and sociology
of expectations. These are the theoretical foundations and concepts by which we can
grasp why valuation at early stage is different from mature firm valuation but also

pinpoint where traditional models come short.

Existing valuation methods are discussed in Sections 2.3 and 2.4. Section 2.3 discusses
qualitative valuation methods: Discounted Cash Flow (DCF), CCA, VCM and option
pricing models, and revenue multiples and examines both their theoretical underpinnings
as well as their empirical limitations for early-stage companies. We also look at
qualitative and hybrid methodologies in Section 2.4, which illustrate it is not that some
proponents have failed to incorporate intangible into their designs: on the contrary, they
recognize multiple sentiment indicia. Going so far as to employ: The Berkus Method,
Score- card Valuation. You could come up with a method of your own. Simply ask the
founders! Resisting this approach can be done and easily via these check list techniques,
The First Chicago Method, as well as an investor s heuristic. It’s clear from our brief lit

review that while there may be differences of opinion about how methodologies should
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address or account for intangibles, no widely accepted or systematic methodology

valuates liquid or illiquid sentiment-indicators.

In section 2.5 we discuss sector-level analysis (with a focus on FinTech dynamics due to
its importance in this study). This part explains why FinTech valuations are specially
exposed to sentiment-led shifts, such as regulatory framework ambiguity, the reliance on
network effects, competitive leverage vs. incumbents and a difficult time for investors to
relate to the asset class. Comparison with Al cloud computing, and cryptocurrency

sectors provides an in-depth understanding about the FinTech distinctive features.

In sections 2.6 and 2.7 turn attention to hype cycles and sentiment quantification,
respectively. We have a detailed discussion on Gartner Hype Cycle Framework, investor
sentiment theories based on behavioral finance, media and narrative dynamics of hype
creation, social media effects as well as the behaviors which present hype driven biases,
attention economy in capital markets and inter sector inequality towards sensing hyping.
In Section 2.7, we discuss methods for sentiment and attention measurements both in
digital form: Google trends analysis, news sentiment extraction, and social media
activity on the one side and network models capturing attention on the other; including
composite indices of sentiments. This section forms the empirical toolkit for the

operationalization of hype in valuation.

Finally, section 2.8 discusses other work on sentiment in valuation frameworks across
public equity markets, crypto research, VC decision making studies and NLP based

forecasting models. This review suggests that while sentiment effects are well established
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in public markets, they have been largely unexplored even systematically incorporated
into the valuation of private startups and is precisely this absence that the present study

attempts to address.

Section 2.9 summarizes the holes in the literature and defines what is still missing from
research that would justify design and focus of this study. 2.10 The theoretical
underpinning of the empirical investigation is provided in Section 2.10, where insights
from valuation theory, behavioral finance, hype cycle dynamics, and FinTech sector

analysis are woven together into a consistent analytical model.

This chapter develops an intellectual framework for the dissertation based on
multidisciplinary work. It suggests that early-stage value is multidimensional by nature
— it is a function of how financial fundamentals, behavioral factors, digital attention
dynamics, and technology cycles all interact. It also places this study in the wider
academic discourse, but it delineates the interstices which are fulfilled by the present
investigation on role conflict. There follow in the rest of Chapter 2 an exposition of these
themes in a more systematic manner, starting with a survey of traditional theories of

valuation and where they may fail when tackling young startups.

2.2 Theoretical Base of Estimating Startup’s Valuations
Valuation for early-stage Startups is an interdisciplinary field that leans on classical
finance theory and behavioral economics, innovation research, as well as information

asymmetry models. This part also introduces relevant theories to provide a theoretical
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basis for explaining why the valuation of startups varies with corporate valuation and

build conceptual framework of the hybrid model in the next section.

Valuation principles are strongly anchored to uncertainty, lack of historical data,
technological change, and behavioral factors. Since startups operate in markets that are
undergoing flux, which may be due to yet validated business model or little financial
history, the theoretical frameworks describing valuation of mature firms do not seem to
apply well without many alterations. This section integrates the insights from seven
theoretical traditions as relevant for (but falling short of comprehensive explanation)

early-stage valuation dynamics.

2.2.1 Neoclassical Finance Versus Traditional Valuation Theory

l
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Figure 1: The Gartner Hype Cycle, Gartner, Inc. (2024).

https://www.gartner.com/en/research/methodologies/gartner-hype-cycle
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Neoclassical finance theory offers an initial basis for firm valuation, in which asset prices
represent the rational expectations of future cash flows and are discounted using risk-
adjusted rates (Fama, 1970). The Efficient Market Hypothesis (EMH) argues that prices
reflect all knowable information, so systematic mispricing is not possible in competitive
markets. Valuation in this approach revolves around the notion of discovering intrinsic
value by sifting through fundamentals -- revenues, costs, growth rates, competitive

positioning and waiting for market prices to revert to fundamentals over time.

For conservative firms, especially those not on the cutting edge of technology or
‘scanning’ for technological opportunities with other areas of their firm, publicly traded
frameworks perform relatively adequately. The historical financials establish
expectations, industry comparables offer a frame of reference, and liquid markets create
price discovery. But these conditions don't apply to early-stage startups. Startup firms
do not have histories of financial performance, are in emerging or dynamic industries
with few industry standards and transact across illiquid private markets with sporadic
price discovery and asymmetric information (Gompers and Lerner, 2004). The result is a
disparity between neoclassical proscriptions — namely, observable fundamentals and
rational pricing — and startup valuation reality, where perception, narrative and timing

play a large role.

2.2.2 Risk-and-Return Theory versus Uncertainty
Risk-return theory as the one articulated by Markowitz (1952) and Sharpe (1964) in

Modern Portfolio Theory and Capital Asset Pricing Model (CAPM), suggests that
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investors in general require higher expected returns when investing in risky assets. Risk is
usually measured in terms of the variance (or volatility) of returns, and diversification can
be used to decrease portfolio risk. Risk in public markets can typically be measured using

historical price data and beta coefficients representing systematic risk exposures.

But frameworks like the risk-return trade-off fall short when it comes to early-stage
startups. Knight (1921) differentiated between risk under which probabilities could be
estimated and uncertainty when probability distributions are unknown or unknowable.
Startups are instances of Knightian uncertainty: whether it succeeds or not (and by how
much) depends on tech adoption, competitive pressure, regulation, and founder follow-
through — things for which there is no historical frequency distribution. Venture
capitalists recognize this, which they do so by contravening the principles of mean
variance optimization and accepting that, "most investment will fail, all return will come

from a small number of winners" inequality.

This lack of theory allows for behavioral and sentiment-based factors. When
fundamental risk cannot be measured accurately, investors apply heuristics, narratives,
and social proof—mechanisms that have more to do with behavioral psychology than

financial theory (Kahneman and Tversky, 1974).

2.2.3 Asymmetric Information and Signaling Theory
The theory of asymmetric information, first developed by Akerlof (1970) in his analysis
of the “market for lemons”, is concerned with situations where sellers have private

information about product quality that buyers cannot see. Founders in startup settings are
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almost always better informed about their tech, team, and growth potential than all
outside investors. This introduces problems of adverse selection, as investors worry about
overpaying for low-quality ventures, which can result in the failure of a market where

high- quality startups are unable to raise capital at proper prices.

There is a possible solution to information asymmetry through signaling theory (Spence,
1973). It is credible messages--costly actions only high-quality ventures can afford--that
sort out the good from the bad. In startup valuation, some signals are founder pedigree
(attended a prestigious university or has had a past success); early customer adoption;
patents; strategic partnerships; and endorsements from respected investors (Hsu, 2007).
These signals decrease the level of information asymmetry, leading to more accurate

valuations.

Yet, signaling theory can only partially account for sentiment-induced valuation trends.
Media attention, search volume, and social media engagement can also function as
signals — signaling the interest from the market / adoption potential, but their
information content is ill-defined. High search volume could signify genuine interest or
speculative hype; media attention could signal technological promise or journalistic
sensationalism. How investors process such mixed signals depends upon behavioral

finance theories.

2.2.4 Innovation economics and technological trajectories.
An innovative economy perspective rooted in Schumpeter (1942), Nelson and Winter

(1982) and Perez (2002) considers that technological change leads economic evolution
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with cycles of creative destruction. Innovation follows an S-curve; first, there is a period
of slow acceptance, then rapid and transformative uptake due to accompanying
innovations; until finally the pace slows again as a technology matures in a saturated
market. There is also free-riding with respect to the timing of investment along these
trajectories: early investors suffer high uncertainty, but benefit from ‘first-mover
advantages,” while latecomers enjoy relatively low uncertainty coupled with competition

that has already been sorted out.

In the context of startup valuation, innovation economics focuses on technological
timing as well as ecosystem readiness. A payments platform on a smartphone launched
before phone penetration reaches mass market will die; that same platform, when
launched at the inflection point for adoption will capture exponential growth. Valuation is
dependent on many factors like maturity of technology, regulation, consumer behavior

and competition and not only firm factors. (Rogers, 2003).

Innovation economics theory also brings the notion of technological expectations —
collective beliefs among actors about what will be possible in future technology that
build on investment and development patterns (Borup et al., 2006). As an example, if this
belief is retained a lot of investment will be made in Al to speed up progress. For
valuation, it means that perception and narrative is not just noise around some
fundamental concept of value — it literally shapes those fundamentals by shaping where

market resources end up.
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2.2.5 Behavioral Finance

Behavioral finance questions the neoclassical hypothesis of rationality and shows that
investors systematically depart from rational behavior because of cognitive bias,
emotion-driven choices, and heuristic thinking (Kahneman and Tversky, 1974; Barberis
and Thaler, 2003). A significant body of research supports biases in the context of

startup valuation:

Overconfidence: Both investors and entrepreneurs overstate their capacity to
predict uncertain outcomes, leading to soaring valuations during upturns

(Malmendier and Tate (2005)).

Representativeness bias: Positive outcomes experienced recently (e.g., unicorn-
exits) are projected onto unrelated cases, resulting in inflated valuations for firms

that on the surface resemble former successes (Kahneman and Tversky, 1974).

Availability heuristic: Readily accessible and vivid information (e.g., media
reports, recent funding announcements) have a larger impact on judgements,

regardless of how often it occurs statistically. (Tversky and Kahneman, 1973).

Herding behavior: Investors mimic the choices of their peers to avoid regret or
reputation loss, leading to momentum-induced valuation dynamics decoupled

from fundamentals (Banerjee, 1992; Bikhchandani and Sharmal12000).
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Loss aversion and framing: Investors are averse to losses (more so than
equivalent gains) and valuations are sensitive to descriptions of opportunities

(Kahneman and Tversky, 1979).

Baker and Wurgler (2006) model the role of sentiment in asset pricing, arguing that
hard-to-value securities with substantial uncertainty, a scarcity of historical data, and
subjective valuation inputs are particularly susceptible to sentiment misevaluation. Pre-
Product/Market Fit startups are the exact personification of these securities, making

behavioral finance crucial for valuation.

2.2.6 Narrative Economics

The narrative economics model by Shiller (2017) claims that economic events are driven
by narratives, which are stories spread out through a population and changing what
people believe in and how they act. Facts were like stars, filmmakers and even some
governments seemed to think; they didn’t matter so much as whether a story shone

brightly in our imaginations.

Narrative economics also helps us understand why, in startup domains, particular sectors
receive an outsized share of attention and capital at different times. The “FinTech
disrupts traditional banking” story attracted large investments in 2020-2021 with
valuations untethered to near-term revenue potential. “Al is changing every industry”
also does the job keeping valuations alive for companies with little revenue, but

promising stories about future impact.
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Stories are not like rational beliefs in the first place, because of features like: social
contagion propagation mechanisms—repetition, emotional resonance, endorsement by
authority—that make them spread and become prevalent without being processed as
updates based on evidence-stack changes to probabilities. A startup’s capacity to tell and
distribute compelling stories are novelties that work its way into moves (or not) how it
can access capital and hire. For valuation studies, narrative economics implies that
measurable proxies for the strength of narratives—media coverage, search volume, social
media mentions—should be correlated with valuations which we evaluate in this study

empirically.

2.2.7 Technological Expectation and Sociology of Expectations

Borup et al.’s (2006) sociology of expectations has been developed to precisely address
this puzzle. (2006) and adapted to technology studies by Brown and Michael (2003),
question how collective expectations about the technological potential of the future
influence on present course of action. The performative nature of expectations: beliefs
about future states influence where resources are allocated, what policy options are

considered and what strategies are adopted to shape which futures come into existence.

Good that we are not seeing the over-exuberance which leads to boom-busts. In
optimistic phases, the promises of transformation will cancerously attract investment,
talent, and regulatory support to growth. In bad times, so-so preliminary outcomes or
competitiveness defeats crush expectations and deflate resources to a trickle. The Gartner

Hype Cycle (Fenn and Raskino, 2008) is a visualized metaphor for this expectation
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dynamics depicting that technologies move through exciting expectations,

disillusionment, and finally mature.

With regards to startup valuation, the sociology of expectations goes on to argue that
valuations are a product of capacity not only in terms of present capabilities but also
beliefs about future trajectories. Media stories, expert narratives, and conference
presentations along with visible success influences perception bias. Quantifying these
expectations dynamics and integrating them into pricing models demands sentiment
tools and digital analytics that combine much of both traditional finance and

computational social science.

2.2.8 Summary of the Theoretical Grounds
This section shows that no single model can fully account for the early stage startup
valuation. Value does not arise simply from the constructive force of a single metaphor

but rather comes into being in the interplay between several metaphors:

Neoclassical finance is good for basic rational but does not consider uncertainty or

animal spirits.

— Risk-return theory has language to discuss uncertainty but cannot quantify
Knightian uncertainty.

— Information asymmetry features signaling devices but fails to account for
ambiguous sentiment signals.

— Innovation economics situates technological timing without internalizing

expectations.
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— Behavioral finance identifies investors biases but without sector specific
applications.

— Narrative economics gives us an understanding of story-based investing but
lacks the operationalization of narrative measurement.

— Sociology of expectations (SOE) allows for performative dynamics but is

itself qualitative.

The hybrid valuation model developed in this paper brings together these two lines of
thought thus combining insights about financial fundamentals (absolute and relative,
neoclassical finance and risk-return theory) with behavioral and narrative basics
(behavioral finance, narrative economics) as well as sector-specific settings (innovation
economics, FinTech dynamics). The following sections explore how current valuation

methods accommodate—or do not accommodate—these multifaceted dynamics.

2.3 Quantitative Valuation Approaches

Mainstream financial analysis is based on quantitative valuation models, and these are the
dominant models that business owners, investors, and analysts use to ascribe value. They
are formulated as applications of neoclassical finance, risk-return preferences, and
rational expectations. But they are less useful for early-stage startups, especially those
younger than three years; since these are mired in structural uncertainty, historical data
scarcity and behavioral or hype-driven market phenomena. This part provides a critical

overview of the main quantitative valuation models, their theoretical underpinnings, and
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the empirical evidence about why they may not be appropriate for early-stage companies

1n innovation-intensive industries.

2.3.1 Valuation Using DCF Model
The Discounted Cash Flow technique is still the most theoretically sound valuation
method in finance and suggests that the value of a company should be equal to the sum of

its expected future cash flows, discounted at an appropriate risk-adjusted interest rate

(Damodaran, 2012). The DCF formula is:

V=2%[CF,/(l+r)]

where V is the value of firm, CF; denotes expected cash flows at time t, and r is the risk-

adjusted discount rate.

For established companies having predictable growth and risk characteristics, and the
low/absence of major new investment requirements with stable cash flows over past years
as well as crystal clear valuations (close to actual transaction values or via scrip prices at
the exchanges), DCF would be a very good valuation base. 58 Analysts can forecast
sales using historical trends, estimate margins with operating metrics, and tune discount
rates to comparable company betas and a weighted average cost of capital (WACC)

(Koller et al., 2010).

Yet DCF faces fundamental challenges for early-stage startups:

1. Unpredictable cash flow: As a pre-revenue or early-revenue start up you do not

have historical cash flow. Projections are based on estimates of the size of the
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market, rates at which it will be penetrated, ...competition and pricing power—

each one highly open to question for new business models (Damodaran, 2012).

2. Estimating the discount rates: To figure out the right rate for discounting
which account for systematic risk (beta) obviously is an estimation cost of beta
which end level VC do not have any trading history. Rule-of-thumb discount rates
(40—60% per annum) are commonly used by venture capital investors, but these
rates have no theoretical basis and differ widely among enterprises (Sahlman,

1990).

3. Terminal value dominance: In the DCFs of growth firms, terminal value, which
is cash flows after the period of explicit projection (i.e., the explicitly forecast
life), typically accounts for 70 - 90 percent of total value. For startups, terminal
value is wholly contingent upon speculative exit conditions, making DCF highly

sensitive to capricious endpoint selections (Schwartz & Moon, 2000).

4. Survivorship bias: Back to DCF, the latter assumes continuance but most of
startups do not. The use of failure probabilities involves scenario analysis and/or
option-pricing techniques and goes beyond the scope of standard DCF approach

(Davila, Foster, and Gupta, 2003).

Empirical data support DCF’s narrow utility, (Miloud, et.al., 2012) observe that venture
capital investors hardly rely on formal DCF in early-stage transactions but favor over-
simplified techniques or descriptive appraisals. The use of DCF results widely in

divergent valuation figures, which makes it unreliable.
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2.3.2 Comparable Company Analysis (CCA)

A Comparable Company Analysis -also called a "market multiples" or "comps" model-
is when you value a company by looking at similar companies in the same sector and
then create an implied valuation multiple based on them (such as P/E, P/S, EV/EBITDA).
The reasoning is simple: if companies of similar size and structure trade at 10x revenue,
then so too should the target company also trade at 10x revenue, adjusted for situation

specific differences (Lie & Lie, 2002).

CCA has pragmatic benefits—it is easy, market-based and there is no need for lengthy
cash flow forecasts. Comparables For public businesses in mature industries, comparable

multiples are typically quite visible and serve as good benchmark valuations.

However, for young startups, CCA has serious limitations:

1. Absence of good comparables: With seed stage startups in particular,
companies are unique given founding teams, technology approaches, geographic
markets, and timing. It is very difficult to find comparable private firms with

known valuations (see Koeplin et al., 2000).

2. Private company discount: Private companies trade at a 20-30% discount to
public comparables because of illiquidity, information asymmetry, and control
rights limitation. Discounting this value is a subjective exercise (Koeplin, Sarin,

and Shapiro).
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3. Ambiguity over multiple selection: Are early-stage companies being valued on
revenue, users, or transaction volume or some other compelling metric? The
selection is ad hoc, and the valuations are two orders of magnitude apart

(Schwartz and Moon, 2000).

4. Timing effects: Equivalent valuations evolve with market feelings. A 15x
revenue multiple for a rearing FinTech startup during the boom of 2021 may be a
5x revenue multiple later in life, even if its underlying fundamentals have not
changed. CCA price reflects collective market opinions but does not discern

between unsustainable and speculative pricing.

Empirical research confirms these limitations. Petty and Gruber (2011) argue that
investors understand the conceptual appeal of CCA but are frustrated with the lack of
firm comparables and how market timing affects multiples. Garcia-Blandon et al. (2019)
find that multiples for startups are more variable and less predictive than those of public

firms.

2.3.3 Venture Capital Method (VCM)
The venture capital method is derived from a variation of DCF special cases, where the

most common values for V are 20% or 30%.

The Venture Capital Method Sahlman (1990) formalized, estimates valuation by
discounting the expected exit value for risk and required return to the investor. The

methodology involves:
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Projecting exit value: Estimate the company’s value at exit (commonly 5-7
years out) based on revenue projections and exit multiples.

Determining required return: Multiply by a target rate of return (typically 25-
40% p.a. for early-stage businesses) to account for risk and illiquidity.
Discounting to present: Discount the exit value back to the present with the
cost of capital.

Ownership determination: The required ownership is then found by dividing

the investment by the discounted present value.

As a result, VCM is appealing to venture capital professionals since it explicitly

considers both exit cases and return levels. Unlike DCF that looks at intrinsic value,

VCM enquires into the investors’ returns and dilution dynamics of ownership (Metrick

& Yasuda, 2010).

VCM, however, has some fundamental weaknesses:

Exit value uncertainty: You need to estimate five-plus years of future revenue,
and the associated exit multiples—both proposals that are very uncertain. Exit
multiples depend on market conditions; a 10x revenue exit in 2021 could be
3x in 2023.

Subjectivity in required return: While VCM provides a formalization of the
different actual returns that are supposed to be there, the selection of discount
rate (an e.g., 25%, 40%, 60%?) is arbitrary and varies among investors and

deals (Sahlman, 1990).
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— Fails to consider the likelihood of failure: VCM inherently assumes a
business will successfully exist, ignoring that start-ups have a very high
probability of failure (70-90%) or exit below their target valuation (Davila et
al., 2003).

— Circularity: Through market-based exit multiples (effectively CCA at a future

date) VCM inherits the sentiment dependence and timing-sensitivity of CCA.

Empirical Analysis shows that the results of empirical studies demonstrate that VCM
valuations are highly sensitive to assumption selection. Schwienbacher (2007) also finds
that a 20% change in exit multiples corresponds to around this magnitude of changes in

valuations, suggesting the model’s sensitivity to assumptions on expectations.

2.3.4 Option Pricing Method (OPM)

Option Pricing Models: In fact, some valuation methods take a company to be a real
option; businesses hold the right (but not an obligation) to grow, pivot, and shut down
projects when they feel like doing so due to market conditions. Modelled after Black-
Scholes or binomial approaches, TBM values the optionality embedded in uncertainty
(Trigeorgis, 1996). A startup has value above its projected discounted cash flows
because management has a chance to exploit upside opportunities (grow the same
business in larger markets) while protecting against downside (shut down if it turns out

that few people want whatever they have).

OPM has the "beauty of theory" and fits with venture capital practice, where investors

understand that learning and adaptation mean value can be added from DCF-based
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estimates. The technique is also suitable for considering staged financing: each round of

finance can be treated as the purchase of an option on the next round.

Although conceptually interesting, OPM meets practical challenges:

— Parameter identification: Black-Scholes needs estimation of o, whereas
young companies have no prices. The estimation bias comes from the proxies
(comparables and industry volatility) of these parameters (Schwartz and
Moon, 2000).

— Degree of complexity (model) OP is based on complex mathematical model;
therefore, the practitioners cannot have easy access to OP. Because the
option-pricing theory is based upon complicated mathematical formulation
and exact calculation tools, most investors do not have either technical
capacity or computer monitor capability to use such models for rigorous
purposes.

— Assumption deviations: Option pricing is only applicable to continuous
trading with zero exercising cost, factors that do not exist in venture capital
settings, where exits are discrete events and subject to market constraints and
investor tastes (Trigeorgis, 1996).

— Ignores sentiment: OPM follows fundamentals-based volatility and ignores
the interaction of behavioral driven price movements in ways described by

behavioral finances.
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There is relatively little empirical use of OPM in a startup setting. Despite its theoretical
appeal, practical obstacles of implementation have inhibited common use (Metrick and

Yasuda, 2010).

2.3.5 Revenue and User Multiples (Heuristics for Early-Stage)

However, due to the small-matureness of early-stage companies’ traditional models are
not always applicable and therefore practitioners use simple heuristics instead. Revenue
multiples (valuation= X annual revenue) and user multiples (valuation=Y per active) are
estimates of benchmarks set according to market norms at a high level of approximation,
as amounts could fluctuate considerably between firms with entirely different business

models (Constantinides, 2019).

Examples include:

— SaaS companies: 10 to 15x annual recurring revenue at peak, and 5to 8x ina
correction.

— Consumer apps: $50-200 per monthly active user, depending on monetization
model and stickiness.

— Marketplaces: 2-5x gross merchandise value (GMV).

Heuristic multiples are easy to compute and are market-grounded, as they show current
investor excitement and funding tunnelling competition. However, they inherit all the
weaknesses of CCA (arbitrary choice of metrics, sentiment reliance, absence of

company-specific adjustment) with the circular factor embedded into them: multiples are
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formed from past deals, which themselves were involved in other past deals. This leads

to circular but arguably irrational norms (Lie and Lie, 2002).

2.3.6 The Fundamental Limitation in Quantification, No Matter the Approach
Three structural challenges exist for startups at less than 3-year stages throughout DCF,

CCA, VCM, OPM, and heuristic multiple:

1. Absence of historical data: Startups often do not have established financial
patterns, making it difficult to predict future performance. Projections rely on
founder narrative and investor imagination, more than empirical evidence (Davila

et al., 2003).

2. Very high uncertainty: Market penetration, business scale, regulation, and
competition bring Knightian uncertainty — not measurable risk. It does not matter
how much we know about the past nor how advanced our model is, we can never

predict which business models will be profitable (Knight, 1921).

3. Sentiment and narrative effects: Investor sentiment in these markets is broadly
influenced by media narratives, peer choices, and cognitive errors (Baker and
Wurgler, 2006; Shiller, 2017). Systematic models that neglect sentiment overlook

a key source of valuation dispersion.

In the next section we review functional and hybrid methods which take these limitations

into account but introduce other issues.
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2.4 Qualitative and Hybrid Valuation Methods

Quantitative approaches are ill suited to early-stage startups given the paucity of data and
the extreme variance, but qualitative (and hybrid) valuation methodologies at least
recognize that “soft” factors—team quality, market positioning, technological
differentiation, narrative strength—are of outsized importance in determining success.
This subsection examines the main qualitative approaches and shows that while they go
beyond pure quantitative models by including some form of subjective judgment, usually

they do not systematically measure either sentiment, hype, or digital attention dynamics.

2.4.1 The Berkus Method

The Berkus Method, founded by angel investor Dave Berkus, is a structured way to
determine the pre-revenue valuation of a start-up (Berkus, 2016). It applies monetary
value (usually around $500k per dimension and up to about $2.5m for very early-stage

startups) to five critical dimensions:

— Sound idea (basic value)

— Prototype (reduces technology risk)

— Quality management team (mitigates execution risk)
— Strategic relationships (reduces market risk)

— Product launch or purchase (mitigates product risk)

One of the strengths of the Berkus Method is its ease of use and recognition that different
risk types deserve distinct consideration. This avoids the problems faced by DCF by

balancing the risks.
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However, several drawbacks exist in this method:

Subjectivity: There would appear to be no clear definition of what a “quality”
management team is. What value should strategic relations add? Scrutineers’
subjective judgement is susceptible to cognitive biases— overconfidence,
availability heuristics, and representativeness bias (Kahneman and Tversky,
1974).

No sentiment integration: The quantifiable signals of market attention, media
narratives or public sentiment are excluded from the Berkus Method even
though there is temporal evidence that they affect funding success (Da,
Engelberg and Gao, 2011).

Ad-hoc limit: There is no reason to believe that the $500,000-per-dimension
allocation has a theoretical backbone and takes into account market situations,
differences across sectors or through time (booms vs. correction periods).
Not scalable: The approach is for pre-revenue startups only and is not

applicable to a post traction company (revenue, growth details).

2.4.2 Scorecard Valuation Method

The Scorecard Valuation Method (SVM) improves the Berkus method by comparing

target startups to an “average” startup funded in the same sector and region (Payne,

2011). The method proceeds as follows:

Establish baseline value: Calculate the typical pre-money valuation of like

start-ups within your area/industry.
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— Apply weights: Apply weighted coefficients to the base valuation, taking all
dimensions into account:
o Team strength (0-30%)
o Opportunity Size (0-25%)
o Product/technology (0-15%)
o Competitive environment (0-10%)
o Marketing/sales channels (0-10%)
o Extent to which additional investment is needed (0-5)
o Other factors (0-5%)
— Compute adjusted valuation: Base valuation is multiplied by weighted

adjustment factor.

SVM extends Berkus by once again anchoring the valuation in observable
market/benchmark rather than a ceiling. The technique also carefully and implicitly
balances various dimensions, making evaluators speak up on what factors contribute the

most.

Limitations include:

— Market reliance: SVM encodes market sentiment through regional/sector, which
mean returns as base. If the whole sector is over-hyped, SVM only potentially
exacerbates mispricing and prevents correction of such.

— Weights assignment: Although SVM defines ranges for the weights, the actual

pasting weights are subjective and depends on who is the investor.
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— No adaptable: SVM is unable to adjust for the different stages of hype cycle. The
value of a “strong team” is rated uniformly in boom and correction periods, not

differentiating between risk perception depending on the context.

Remains to close electronic sentiment: Like Berkus, SVM does not use quantifiable

surrogates for public interest, narrative quality, and sentiment momentum.

2.4.3 Checklist and Multi-Criteria Methods

Checklist approaches assess startups on multiple dimensions — sometimes numbering in
the dozen or more — related to their team, market, product, traction (proof of customer
interest), financials and strategic positioning (Maxwell et al. Each criterion is given a
rating (e.g., 1-5 or 1-10) and the ratings are summed (sometimes weighted) to yield a

total response. High scores indicate high valuations; low scores are a caution.

Checklist formats provide for both comprehensiveness and transparency: all dimensions
assessed are made explicit, allowing organized comparison across opportunities. They
also promote team decision-making ability because several evaluators can separately

evaluate the criteria and reconcile differences.

However, checklists face persistent challenges:

— Aggregation ontology: How to aggregate scores? Simple average does not
differentiate between dimensions; weighted averaging introduces opinion to the

process and multiplicative approaches (where critical dimension scores below a
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certain threshold eliminate massive amounts of the overall value) do not exactly
offer calibration.

— Checklist illusion: A long checklist creates an illusion of thoroughness which is
equated with validity but may not be accurate (Huang and Pearce, 2015).

— Too much focus on the visible: At times using checklists focuses on the tangibles
like patents filed, advisors taken into the company, partners signed while less
tangible items like culture fit, founder resilience or narrative resonance at times

have more impact overall.

No sentiment measures: Existing checklists do not include any digital attention proxies,
media attraction, or hype cycle positioning despite well-established influences on funding

SucCcCeEss.

2.4.4 The First Chicago Approach

The First Chicago Method A hybridized model that combines quantitative and qualitative
techniques and develops three alternative outcomes - success, sideways survival, and
failure - with their respective probabilities and value (Metrick & Yasuda, 2010). The

expected value is the probability-weighted sum over scenarios:

V = (P _success * V _success) + (P_sideways * V_sideways) + (P_failure X V _failure)

This approach recognizes the multidimensional nature of uncertainty: it cannot be
reduced to a number but is a distribution. It reduces overconfidence and anchoring

biases by making explicit the consideration of failure scenarios.
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Challenges include:

— Probability estimation: The probability of success, survival and failure is
subjective and hardly calibrated without deep historical data (Schwienbacher,
2007).

— Definition of scenario: What is success vs. the minimum? If different definitions

lead to different values, you end up chasing your tail.

No sentiment as with other approaches, First Chicago is developed around fundamental
outcomes without considering valuation-driven shifts in blackmail from sentiment that

can create an impact on all payoffs uniformly during booms or busts.

2.4.5 Heuristics by Investors and Pattern Recognition

Empirical evidence shows that seasoned venture capital investors often apply pattern
recognition and intuitive heuristics rather than the use of formal valuation models (Huang
and Pearce, 2015; Gompers et al., 2020). Investors construct mental models by seeing
startups again, they develop an understanding of the patterns that companies exhibit when
they work or do not—how teams feel early on, how markets tilt hands early on, how

messages click several meetings in.

Heuristic decision-making provides the advantages of speed and adaptability: seasoned
investors can quickly evaluate opportunities using stored pattern knowledge. It is also
large enough to include dimensions hard to formalize— such as founder ‘grit,” corporate
culture fit, and strategic vision — properties that are inimical to quantification (Huang

and Pearce, 2015).
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However, heuristics are susceptible to systematic biases:

— Opver-generalization: Investors can give too much weight to recent experiences
(availability) or assume that companies bear similarities to past successes will
achieve similar results (representativeness) (Kahneman and Tversky, 1974).

— Implicit sentiment: Investors are likely to be mentally processing stock
experiences, through media plays, peer exuberance and social proof etc., cannot
consciously register them since they do not systematically measure how much
truth vs noise they contain.

— Opacity: Heuristic decisions are opaque, inhibiting learning, accountability, and

system improvement.

2.5 Hybrid Methods: Integrating Quantitative and Qualitative Models
Given the shortcomings of purely quantitative or qualitative methods, some industry
practitioners advocate hybrid approaches that use DCF or revenue multiples alongside
qualitative scorecards (Mason and Stark, 2004). For example, an investor ratios DCF to
create a foundation value and then adds a qualitative factor (+/- 20-30%), based on the

quality of the team, timing in market or competitive position.

Hybrid methods recognize multidimensionality: value depends on financial
fundamentals and nonphysical factors. They are also versatile and can be fine-tuned

according to the context.

Hybrid approaches, however, may present new difficulties:
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— Degree of weighting: How should fundamentals be weighed against other, more
qualitative factors? And decisions are personal because different investors will
have different preferences.

— Double-counting danger: Assuming qualitative factors are already priced into
financial projections (e.g., better teams will drive higher revenue projections),
adding separate adjustments like these doubles-up on consideration.

— Sentiment is still missing: Most hybrid approaches do not systematically include

empirical sentiment factors, narrative strength, or hype cycle positioning.

2.6 The Common Shortcoming: Lack of Sentiment Integration

An apparent void in all my reviewed qualitative and hybrid methodologies is the lack of a
system level sentiment analysis, however, when existing research has shown that public
attention, media narratives as well as investor sentiment influence startup valuations (Da
et al. Berkus, Scorecard, checklists, First Chicago, or investor heuristics factor in the

aspects of:

— Google Trends search volume to measure public attention

— News media sentiment scores created from news coverage

— Social media engagement metrics that show narrative change or momentum

— Velocity of money profiles and what it speaks about how capital deployed

— Hype cycle stage positioning: it reflects the evolution dynamics of sentiment in

time

This void in the literature is due to several reasons:
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(1) sentiment measurement tools are relatively new concepts, chiefly popularized

in the 2000s and 2010s.

(2) fundamental analysis is often stressed more than behavioral finance within

traditional financial training.

(3) data scraping has made access to social media difficult for non-programmers;

and

(4) it is unclear exactly which sentiment indicators dominate trading strategy after

downloading the necessary data points.

This research demonstrates that sentiment measurement techniques have developed in a
way that can be used for measuring attention and narratives. As they have not been used
earlier it is a significant opportunity — which has led to the creation of a sentiment-

integrated hybrid valuation model.

2.7 Sector Specific Issues in Valuation of Startups: A Case of FinTech
The sector specific issues give us an insight that each industry has a different impact on
valuation due to information asymmetry and sector driven dynamics that need a different

approach due to structural differences of each sector.

In this section, we offer detailed analysis on another technology sector that the research is
most interested in studying (the Financial Technology-(FinTech) sector), followed by
comparative literature review of three other sectors: Al, Cloud Computing and

Cryptocurrency.
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The specific focus of analysis on FinTech (60% of the study section) reflects both the
empirical structure of the sample used for research (83% were FinTech companies) and

the theoretical importance of FinTech as a hype-sensitive, sentiment-dependent context.

2.7.1 Why Sector For valuation purposes, analysis is important

Introduction Characteristics of an industry are essentially formed by the nature of the
business and play a determining role in valuation dynamics for many reasons. The first is
that the regulatory burden varies significantly across industries, impacting both market
entry barriers and competitive dynamics and risk exposure. Second, industries vary in
their dependence on network effects, which shape adoption paths and the potential for
winners to take all. Third, investor familiarity differs between sectors - Al and Cloud
computing have 3+ decades of institutional knowledge behind them whereas newer areas
like decentralized finance is hardly something anyone knows what the hell about as
mentioned. Fourth, incumbent competitive positions vary: FinTech runs into existing

banks head-on, while Al often applies to an existing enterprise.

These sector factors collide with sentiment and hype cycles in different ways. Narrative
and social proof can serve as substitutes for regulatory clarity to validate a hype
economy because sectors with unclear regulation become more hype driven. Industries
strongly affected by network effects can experience stronger booms and busts because,
when adoption is high, the industry has exponential growth story in the boom phase or
faces a sharp world collapse risk in the bust. New sector missions up against dominant

incumbents may need added hype to shake skepticism that disruption is realistic.
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Knowledge of these sector-specific features is particularly important in the practice and
research of value assessment. A generalized sentiment-integrated model may miss the
conditionality of those relationships, where hype effects differ across industries. These
dynamics are examined more in depth in the next sub-sections, focusing largely on

FinTech.

2.7.2 FinTech: Regulatory Uncertainty, Network Effects and Hype Dependency
FinTech is among the most dynamic and disruptive fields of innovation in recent years,
covering digital payments, neo banking, lending platforms, Insurtech, WealthTech and
RegTech (Armer et al., 2017). FinTech funding on a global level increased from $19
billion in 2013 to more than $210 billion in 2021, before declining to $75 billion in 2023
— due to market adjustments and increasing regulation (CB Insights, 2023). This
fluctuation —which is much higher than typical VC fluctuations— exemplifies the Stages
of FinTech (or any technology) as an industry which is especially sensitive to the

valuation dynamics driven by sentiment.

Hyping the Hype: Regulatory Uncertainty may feed into excessive optimism around
development stimuli, causing their benefits to be over-exaggerated (enthusiasm). Fintech
has been a highly regulated area cutting across payments, lending, securities, insurance,
and data privacy (Arner et al., 2017). The changes in regulations has an impact on
business model over time and can change the entire valuation. This uncertainty brings

more complexity which cannot be managed by valuation based on fundamentals.
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Conventional DCF-based analyses find it difficult to price regulatory risk as results are
influenced by political process, bureaucratic interpretation, and public sentiment rather
than the market. Investors would not be able to predict with certainty whether regulators

will approve, accommodate or disapprove of certain FinTech innovations.

Here, hype and public attention act as indirect regulatory signals. Media hype, good
stories about financial inclusion and government support (even ad hoc) drop regulatory
risk perception. And negative media, as seen in the surge of stories about fraudulent
platforms, consumer closures and regulatory crackdowns drives up perceived regulatory
risk. Hype therefore takes a new form of quasi fundamental factor; It does not only affect
the sentiment among investors but also plays an active role on how regulators consider

facts about how they respond to public debates (Philippon, 2016).

There is empirical support for this regulatory-sentiment correlation. Brennan (2022)
shows that the valuations of “buy-now-pay-later” (BNPL) platforms appear to have
moved hand-in-hand with both media sentiment and regulatory commentary, where
valuation spikes occurred after good policy signs and collapses happened after regulators’
warnings. Likewise in India, the adoption of Unified Payments Interface (UPI) gained
pace after several government promotions and media campaigns, creating a hype cycle
that drove all digital payments startups up irrespective of their own merit (NASSCOM,

2024).

For valuation purposes, this means that valuing FinTech companies can’t be done on

‘excitement’ alone or ‘earnings multiples’ or ‘customer shippable in the case of a beta
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version of an app.” Regulatory positioning, as defined by narrative embedding lobbying,
public relations and media manipulation, becomes a strategic ally in the management of
perceived risk and risk reality. Investors who dismiss signals from sentiment risk

miscasting regulatory exposure.

2.7.3 Network Effects and the Mandate of Visibility
The impact of network effect in FinTech creates value as more users connect like in the
case of digital wallets. It is dependent on users, stores, banks, and an integration across

the value chain, creating a huge network. First movers have an advantage in this kind of

dynamic (Philippon, 2016).

Hype cycle create a complex compounding velocity by early stage adoption, sentiment
and narrative. FinTech could use a FOMO approach and could ensure a steep rise in users
using PR, marketing, and social engineering. Companies that do not use this approach

may be better but out of sight is out of mind.

FinTech has this unique paradox — valuation should be based on fundamentals like
acquisition, retention and monetization but the fundamentals get impacted by hype. Hype
in this case creates value by driving usage and adoption through network effects. A study
of Chinese digital payments with Alipay and WeChat Pay, shows their exponential
growth is due to hype and sentiment (Arner, Barberis and Buckley, 2017). Their
valuations represented not only current usage but also speculations about network effect
momentum — speculative sentiment influenced by hype metrics that are visible (app

downloads, media mentions, Twitter hashtags).
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By interpreting these defections as reactions to future operating fundamentals, we show
that such indicators convey 'saltatory' information about future state-contingent cash
flows or growth rates. Search: As search volume spikes are to user acquisition, favorable
media coverage is to network effect momentum, and social engagement is a predictor of
viral potential. Conventional valuation models that ignore these signals fail to account

for forward-looking information conveyed in sentiment.

2.7.4 Established Incumbent Competition: The Credibility Challenge

FinTech startups do not enter greenfield markets, but instead compete with established
financial intermediaries—banks, insurers, or asset managers—that operate for centuries,
build a regulatory relationship and that are trusted by consumers (Philippon, 2016). This
presents a particular credibility challenge: investors have to believe that startups can beat
the advantages of incumbents in capital, distribution, regulation compliance, and brand
recognition. At times the narrative sand stories of “disruption” like nimble payment
startups moving faster than banks catch the attention of consumers and then create
structures for investment. In growth cycles this make sense and in correction cycles

traditional banks hold sway.

(Miloud, Aspelund and Cabrol, 2012) have indicated that VCs use a weightage model to
with equal focus on narratives as to financial projections. Hence the hype impacts
valuation. FinTech’s need to build visibility, media endorsements and thought leadership
as proof of legitimacy and disruptiveness. Founders who can hype—conference keynotes,

media interviews, viral social content—increase their companies’ credibility and
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valuation. Opinion Leaders even have a mantra: The tyranny of validation — and rule IV
is founders who cannot ‘get ink’ cannot get taken seriously by investors no matter how

good their metrics are.

This pattern is supported by evidence from emerging markets. India-based FinTech firms
that received media exposure in tier-one outlets (the Economic Times, TechCrunch, and
YourStory) saw their follow-on funding rounds completed at valuations 40-60% higher
than operationally comparable but less visible peers (NASSCOM, 2024). Media exposure
acted as a credibility signal, lowering perceived disruption risk and validating the

premium valuations.

2.7.5 Investor Attention and the Learning Curve Premium

Investor expertise—knowledge of and previous experience with a given industry,
business model, or pattern of success—varies significantly among different sectors of
innovation. In contrast, Al and Cloud computing have had 30 years of venture capital,;
investors know about SaaS metrics, cloud compute infrastructure economics, machine
learning pathways to commercialization. The learning curve for FinTech, especially in
emerging markets, is more like a hockey stick: both regulation and consumer behavior

vary significantly from the West; competitive dynamics map local banking.

Reduced familiarity of investors increases dependence on heuristics and social proof —
behavioral processes that are highly associated with hype. Absent deep sector expertise,
investors gravitate towards peer decisions, media consensus, and visible success signals.

a FinTech enterprise funded by name-brand funders are credible by association; media
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coverage in well-respected publications substitutes for independent due diligence; a high

app rating is taken to be mark of market success.

(Da, Engelberg and Gao, 2011) show that investment attention—measured by Google
search volume—predicts stock returns for hard-to-value securities where fundamental
analysis cannot be easily performed. Emerging markets FinTech is a classic example of
these securities: complex regulatory environments, new business models and few comps
make basic analysis difficult. In this light, attention is an input for decision making
investors (try to) follow search and media coverage and social sentiment as a proxy for

how well something is adopted (and will be).

This leads to a self-fueling cycle: enthusiasm-inspiring companies attract investors’ eyes;
investor interest brings in funding; funding allows them to scale and build market
presence; growth amplifies the allure. FinTech startups trapped in positive hype cycles
get higher valuations irrespective of what they are doing. Those that do not attract

attention find it far more difficult to access capital, irrespective of performance.

2.7.6 Emerging market context: India’s FinTech ecosystem as example

The empirical emphasis of this study on India’s FinTech ecosystem is theoretically
warranted by several characteristics through which hype-valuation relationships are
amplified. One, India rapidly developed digital infrastructure (Aadhaar [biometric
identity], UPI [instant payments], smartphone adoption) through 2016-2024 that led to a
policy-sponsored discourse of digital transformation which lifted all FinTech valuations

upwards (NASSCOM, 2024). Second, regulatory systems themselves began to change
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quickly, facilitated by government policies to promote digital payments, lending, and
financial inclusion — a hotbed for FinTech narratives (Arner et al., 2017). Third, because
banking penetration among the population was low, there were huge addressable markets

to aim for, which justified aggressive growth assumptions and high valuations.

However, in India to the FinTech ecosystem also saw a few intensive boom-bust cycles.
Valuations reached the peak in 2021, before falling by 60-70% during 2022-23, as
interest rates went up, investor sentiments cooled off and regulatory attention increased
(NASSCOM, 2024). This volatility was an ideal testing ground for hype cycle effects:
Companies that raised in the peak enjoyed significantly higher valuations than those

raising through corrections, even if their fundamentals were comparable.

Indian FinTech firms also demonstrated very strong hype-dependence trends. Startups
that were active on social media, had a public relations game and founders who were
thought leaders got funded at 50 to 80% premiums over operationally similar but less
visible peers. This premium remained after adjusting for revenue, users’ growth, and the
funding history, this indicates that hype was an autonomous valuation driver

(NASSCOM, 2024).

2.7.7 FinTech valuation literature: gaps and opportunities

Although FinTech is an important economic phenomenon, the literature on valuing
FinTech is limited. Arner, Barberis and Buckley (2017) Crossing the investment banking
border 3 have extensive sectoral analysis; however, they do not offer any quantitative

examination of valuation drivers. Philippon (2016) discusses the economic potential of
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FinTech but considers cost savings rather than value dynamics. Brennan (2022)

examines subsectors (BNPL), not generalizable valuation frameworks.

There is no current body of literature which systematically analyses the roles of
sentiment, hype cycles, and digital attention on FinTech valuation, particularly in EM.
This lag is puzzling given the proven vulnerability of FinTech to boom-bust cycles and
the existence of DTI tools. This study starts to help fill this void by presenting the first

empirical investigation into FinTech hype-valuation association links.

2.8 Artificial Intelligence (AI) Hype Cycles and Expectations Management
Al has been through several hype cycles during the last 60 years: times of exuberance (Al
will change everything’) followed by periods of disappointment, sometimes called ‘Al
winters’, as promised breakthroughs did not arrive (Haenlein and Kaplan, 2019). The
current cycle — which started from 2012ish new interest in deep learning and then
gathered a full head of steam through this period of 2022-23 with generative Al — has
some aspects that feel familiar: hype building up, high valuations being bid against

aggressive assumptions, increased skepticism about commercial viability.

Al startups are currently in a different league — regulatory uncertainty, open source
models, could base Al services and huge investments by the top 20 companies are

creating a dynamic that is difficult to explain.

Al is however different than FinTech, as investor understanding is greater: decades of
academically published Al research, prior hype cycles and visible wins

(Google/Facebook/Amazon) give mental models on which to base an assessment.
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Regulatory bar for entry is lower: The regulation on Al applications in most other
industries is less direct than financial services. There are more types of business models:
Al is across enterprise software, consumer applications, infrastructure and embedded

making it have less concentration risk.

So, there is a hint here that Al might be less hype and fanfare driven than FinTech.
Investors today can assess Al companies based on technical capabilities, data assets, and
use-case specificity, instead of just company narrative and attention signals. Although
hype cycles impact overall funding flows and sector-wide valuations, valuations of
individual companies may be tied more closely to evidence of technology differentiation

and customer traction.

2.9 Cloud Computing and SaaS: Mature Metrics and Reduced Hype
Sensibility

Cloud computing and SaaS are rather mature innovation areas with clear valuation
metrics such as the annual recurring revenue (ARR), customer acquisition cost (CAC),
lifetime value (LTV) of a customer, net revenue retention and the Rule of 40 (the sum of
the annual growth for two successive years plus profit margin should excess 40%)
(Constantinides, 2019). Investors have a strong understanding of SaaS business models,

which allows for relatively technical fundamental-based valuation.

While cloud and SaaS companies also experienced valuation corrections during 2022-

2023, with revenue multiples declining by approximately 60-70%, the impact was less
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pronounced than in FinTech. This suggests that sector characteristics—such as regulatory

exposure, network effects, and trust requirements—moderate hype sensitivity.

Why would a sector like SaaS have relatively stable valuations over the past decade

(1) The fundamentals around SaaS are visible and predictable,

(2) investors can rely on expertise and feel less compelled to use heuristics or
sentiment,

(3) lacks regulatory risks outside of privacy,

(4) network effects are equally as possible, but less winner take all than FinTech,

(5) competitive dynamics favor niche specialization not platform consolidation.

SaaS provides a useful control for research: if hype effects apply uniformly across
industries, then SaaS should have the same sentiment-valuation relationships as FinTech
firms. Effects should be sector-contingent: in case of the SaaS effect valuations would
depend less on hype, confirming the idea that regulatory uncertainty and network effects

increase dependence on hype.

2.10 Cryptocurrency and the Blockchain: The Mother of All Hype
responsiveness

Oh, there is another extreme to Cloud/SaaS: cryptocurrency and blockchain whose
sectors are, if anything, even more sensitive (maximal) to hype, boom-bust in volatility as
well as narrative-driven value. Bitcoin’s price dynamics encapsulate this fact: starting

from $1,000 in 2017 and spiking to over $20,000 by the end of the year; dropping below
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$3,000 in 2018 before burgeoning above $64,000 in the year 2021; descending back
again to levels around $16,000 throughout 2022 and then touching all-time highs again in

late 2024 (Liu and Tsyvinski, 2018).

The volatility in the prices of crypto startups reflect that. Blockchain infrastructure firms,
DeFi (decentralized finance) protocols and Web3 platforms raised billions at
otherworldly valuations in 2021-22 before being slapped with 80-90% corrections when
the “crypto winter” came. Y Many of the startups that did raise a billion-dollar valuations

ultimately went out of business or changed their focus.

Cryptocurrency markets exhibit extreme volatility due to several structural factors. First,
speculative trading dominates, causing crypto assets to trade with volatility comparable to
microcap equities. Second, regulatory uncertainty in major jurisdictions creates
existential risks that can rapidly reprice entire market segments. Third, token-based
business models mean many projects generate no current cash flows, with valuations
depending entirely on expectations of future token appreciation. Fourth, the technological
complexity and opacity of blockchain systems create severe information asymmetries
between insiders and retail investors. Finally, crypto's ideological narrative creates
polarized constituencies of true believers and skeptics, amplifying both upward and

downward price movements.

Although extreme cases of hype provide useful comparisons for cryptocurrencies, it is
very different when it comes to FinTech in terms of regulatory regime embeddedness,

soundness of business models and degree with which the ‘central banks’ have adopted
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them. FinTech’s make money from services; crypto projects cannot and often trust in
token ecosystems. FinTech works within the rules; crypto tends to be pitted against
them. Even though comparison between crypto and FinTech is difficult due to these

caveats, valuations of both are impacted by sentiments.

2.11 Cross-Sector Comparison: Why FinTech Deserves Lead Attention

While evaluating hype-sensitivity dimension for other sectors, a pattern is noticed as

follows -

— Low hype-sensitivity: an example is Cloud/SaaS (established metrics, institutional
awareness, low regulation)

— Moderate hype-sensitivity example Al (lots of technical complexity but also
investor familiarity and many applications)

— High hype sensitivity: Anything (unclear regulation, network effects, incumbent
competition, learning curves)

— Exceedingly sensitive to hype: example Cryptocurrency (speculation dynamics,

regulatory hostility, ideological warfare)

Fintech is in the middle ground of theoretical analysis and hype sensitivity. This is the
reason why we focused on Fintech (83% of our sample) as a deliberate strategy to use
this to view the hype-dependence which was our hypothesis. We hence manage to
understand both the theoretical limitations of earlier studies and what in the future should

be researched.
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2.12 Hype Cycles, Sentiment and Attention Dynamics

Public interest, technology narrative and investor sentiment drives the valuation of early
stage startups in FinTech. Conventional methods rely on fundamentals and stable
markets, rationality while studies in behavioral science, media, economics and

technology have shown that perception drives valuation.

2.12.1 The Hype Cycle: A Model of Technological Expectations
“The Gartner Hype Cycle features amongst the most frequently cited conceptual models
on shifts in expectations toward new technologies” (Fenn & Raskino, 2008). The

framework includes five separate stages:

1. Innovation Trigger: “A breakthrough occurs, such as a product launch, which

creates media interest”.

2. Peak of Inflated Expectations: “Early publicity produces a number of success
stories — often accompanied by scores of failures (usually early in the process)

and more press”.

3. Trough of Disillusionment: “Those that fail to deliver on their promise,

producing disillusioned users, the press, and investments”.

4. Slope of Enlightenment: “The image becomes more realistic as pilot projects

and implementation start to prove themselves to be viable”.

5. Plateau of Productivity: “Technology becomes mature and the real-world value

is widely realized”.
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Although the Gartner model is widely used in practice very little literature use has been
made of it with the typical arguing for new ways of describing a solution benefits
delivery token and e.g., rewards deficiency syndrome. Fenn and Raskino (2008) report
qualitative discussion, but no numerical measurement of valuation anomalies between
stages. Borup et al. (2006) study the sociology of technological expectations, showing
that expectation is perfumatory—they influence resource allocation and development

paths—but they do not quantify valuation effects.

This article fills this void by defining stages of the hype cycle in a way that can be
operationalized with empirical indicators (fund-raising patterns, trends in search volumes,
changes in media sentiments) and measuring how valuations vary across these stages.
The result that recovery-phase valuations are 90 percent higher than correction-phase
valuations constitutes the initial empirical confirmation of the valuation aspects of the

Gartner framework.

2.13.2 Investor Sentiment: Behavioral Finance Point of View

The investor sentiment, i.e., the common optimism or pessimism among investors over
and above fundamentals, is highly investigated in public equity markets. Baker and
Wurgler (2006) show that sentiment affects asset prices, especially for hard-to-value
securities, where the fundamental analysis is not particularly helpful. Young, small,
unprofitable, high volatility, or non-dividend paying stocks are the most likely to

experience belief-driven mispricing.
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Early-stage ventures are the quintessence of such traits: they are young, often small in
size, usually loss-making and very volatile in their outcomes as well as being incapable
of paying out dividends. According to Baker and Wurgler’s (2006) framework, new firm
valuations are thus expected to be driven by sentiment —> this is a prediction that our

study tests.

An example of this is Barberis, Shleifer and Vishny (1998) who build theoretical models
to explain how investor sentiment can generate momentum effects (prices rise in
response to previously rising prices which causes more buyers), as well as reversal
patterns (extreme sentiment ultimately correcting back to an alternative price). These
dynamics are parallel to what we observe in hype cycles in various sectors of innovation:
acceleration on the way up (2020-21 FinTech funding) and deceleration on the way

down (2022-23 value crashes).

Brown and CIiff (2005) create indices of investor sentiment based on survey data and
market variables, finding that high sentiment predicts low future returns—consistent with
the overpricing being short lived. For startups, this means that companies getting funded
in times of high sentiment mean higher dilution or down round risk when sentiment

cools.

2.12.3 Media narratives, public attention
Media reporting has an enormous influence on investor expectations and the sentiment
of the markets. Tetlock (2007) shows that a negative media tone predicts stock price

declines and that the forecast is most powerful for small, hard-to-value companies.
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Loughran and McDonald (2011) construct finance-specific sentiment lexicons
demonstrating that the textual tone of corporate disclosures and news is informative

about future returns and stock volatility.

The media does not report just what is happening in technology; the media plays a role in
actually shaping it by magnifying particular narratives over others and pushing them to
the periphery (Jensen, 2007). When FinTech is booming, media focus shifts to disruption,
innovation, and incumbent failure; during corrections it starts being about regulatory
risk, fraud, and unsustainable unit economics. These story rotations influence valuations

irrespective of company fundamentals.

2.12.4 Uncharted Sociotechnical Dynamics and Digital Attention

Hyping dynamics in social media are boosted and accelerated. Related work Bollen,
Mao and Zeng (2011) show that Twitter sentiment anticipates stock market trends: the
overall attitude distilled from millions of tweets matches changes in the Dow Jones
Industrial Average. Findings such as the above are corroborated by Chen, Liang, and Xu
(2020), who found Reddit and Twitter discussion can forecast movements in Bitcoin

prices.

One medium-sized Swiss-based company doing remote business in the United States and
another consumer health startup, both of which asked to remain anonymous for
professional reasons, have built businesses strictly because of social media. For early-
stage start-ups, social media is both an attention generator and a sentiment amplifier.

Your visibility and social proof are generated by viral posts, shoutouts on influencer
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accounts, and the engagement of your community. Negative viral events — product
failures, fraud accusations, founder conflicts — on the other hand, can erode valuations

overnight.

2.12.5 Behavioral Biases Determining Hype-Cycle Dynamics

The Hype cycles themselves suffer documented bias -

1. Herd Behavior: “Investors mimic decisions of others to avoid regret or
reputational damage from straying away from the pack” Banerjee (1992). It was
stipulated that rather than analyzing individually people tend to follow the crowd.
For FOMO investors during the FinTech-booms investors invested in companies
which were overpriced. Once bitten twice shy, their behavior is conservative

during corrections to avoid getting into through failed ventures.

2. Representativeness Bias: “Investors believe recent successes (e.g., the FinTech
unicorn exits) are indicative of future performance for similar companies, even
when similarities are surface level at best” (Kahneman and Tversky, 1974). This
has fueled valuation inflation during booms — when virtually every digital

payment start-up was judged by how much it resembles Stripe or Square.

3. Hubris: “Founders and investors overestimate their control of uncertain
futures, especially after past successes” (Malmendier and Tate, 2005). This
rationalizes aggressive valuations on optimistic forecasts that would not be

possible on sensible.

97



4. Availability Heuristic: “Recent, vivid information has greater impact on
judgments than less salient.” During the booms, unicorn announcements and [IPO
wins fill the airwaves, so it feels like this path is more likely than base rates
indicate. In corrections, dispersions when failures and down-rounds are clearly

known) will be too depressed (Tversky and Kahneman, 1973).

And these biases are both influenced and mediated by hype cycles: The positive
narratives create herding, representativeness, and overconfidence on the upside; the
negative ones create their opposites on the downside. Valuation swings from one
ridiculous extreme to the another, as biases further rather than correct over or

undervaluation.

2.12.6 Attention Economics and Valuing Startups

Clark Simon (1971) made the point that in information laden environments attention, not
information is the scarce resource. Yes, Engelberg and Gao (2011) implement this and
show that investor attention, based on Google search volume, forecasts stock returns.
Attention spikes stocks perform better in the short term, demonstrating that attention

reallocates capital.

Attention economics affects early-stage startups in a big way Startups not only compete
for customers and talent but must battle for investors’ attention. In a place where
thousands of startups are vying for capital and investor attention, visibility gains
importance. Some get attention even without fundamentals due to media, conferences,

products and thought leading founders.
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Startups hence have to spend money in PR, social media marketing, events and content

marketing. Founders who can tell a good story get higher valuation than peers.

2.13 Pace of Financing and Hype Interrelationship

The pace of investment rounds increases during the boom. Gompers and Lerner (2000)
report “that venture capital fund-raising is procyclical; when exits are plentiful and
valuations high, new VC funds easily attract the funds they seek to manage, thereby
increasing deployment pressure in a way that drives up valuations.” During the correction

fundraising slows, capital dwindles and valuations collapse.

For startups, the velocity of funding is both cause and effect of hype. High velocity is
both an indicator of investor excitement and the very generator of momentum: when you
have a bunch of funding announcements, turned into press, which turns into searches, to
social proof itself making guarantees you had better be there. On the other hand, funding
slowdowns mean dwindling excitement, which could then cause negative stories and

decrease attention.

It is an amplifier for boom-bust cycles. In booms, there is too much capital chasing too
few high-quality opportunities and valuations become overly inflated. In busts, scarce
capital pools around proven performers and starves promising but unproven ventures.
Once again, the cycle completes as hype and capital availability feed off one another,

generating non-linear valuation dynamics.
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2.14 Inter-Sector Variations in Hype and Sentiment

Hype sensitivity differs between sectors of innovation. As per Section 2.5, FinTech has
high hype-dependency due to its regulatory uncertainty, network effects, and incumbent
competition. Al is cyclic but has the advantage of investor comfort and technological
differentiation. Cloud/SaaS are less faddish because of established metrics and visible
traction. The environment for cryptocurrency is extremely hype-driven due to speculative

dynamics and regulatory animosity.

This disparity implies that industry characteristics partially moderate the sentiment-
valuation relationship. Sentiment studies that have failed to consider the context of the
sector in which they operate face the prospect of spurious generalizations. There might be
no universal sentiment effect - effects could instead be sector-contingent depending on
regulatory clarity, investor familiarity, network dependencies, and incumbent
competitive power. This hypothesis is evaluated in this study by interaction analysis, to

assess whether FinTech demonstrates greater hype effect than other industries.

2.15 Valuation Requires the Integration of Hype, Sentiment and Attention

It is concluded based on the reviewed literature that hype cycles, investor sentiment,
media narratives and dynamics, social dynamics, behavioral biases, and attention
economics play a significant role in shaping early-stage startup valuations. Conventional
models that neglect these sources miss fundamental causes of valuation fluctuation. The
qualitative methods which take intangibles into account without measuring sentiment are

still open to interpretation and subjective factors would suffer from no empirical basis.
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Bringing sentiment into valuation makes it necessary to operationalize intuitive
constructs, hype, attention, strengths of narratives by means of measurable elements. The
following section surveys methods for measuring sentiment and digital attention, the

empirical toolkit for sentiment-integrated valuation models.

2.16 Research Gap Filled by the Current Study

Serious Challenges Given the grounding provided by the theoretical background,
quantitative and qualitative valuation technologies, sector specific dynamics of these
assets, hype cycle iterations, methodologies used to measure sentiment and previous
integrations trials that match our chosen instruments several shortcomings have come to

our attention, and this is a list of those we address here:

Gap 1: Unquantified Impact of Hype Cycle on Startup Valuation

Although the Gartner Hype Cycle is heavily cited, there is no existing study that
provides empirical evidence about the number of differences in valuations across
stages of the cycle for young companies. We have also been first to encourage
these claims by putting numerical imprints in them and let us observe that the
recovery-phase valuations are up to 90% higher than correction-stage ones, here
actually we indeed yielded the Gartner framework useful and worked fine with

startups.

Gap 2: The Absence of Sector-Specific Insight into FinTech Hype-

Dependency
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Despite FinTech being economically significant and characterized by boom bust
volatility, no study systematically analyses whether FinTech hype is special
compared to other innovation sectors. By empirically analyzing the FinTech
industry, this paper finds that FinTech firms exhibit 181% more pronounced hype
effects compared to other industries and demonstrate their own hype-dependency
patterns, which are attributable to regulatory Uncertainty, Network effect, and

Credibility issues.

Gap 3: Absence of Comparative Knowledge on the Usefulness of Sentiment

Indicators

Although numerous sentiment proxies have been suggested by academics and
practitioners (Google Trends, news sentiment, social media), there is little
evidence on the comparison of their effective in valuing startups. This study
provides evidence that: simple Google Trends search volume performs better than
the complex composite index; it goes against conventional wisdom and highlights

good practices for sentiment measuring using low resource languages.

Gap 4: Lack of Hybrid Models Integrating For-Pros for Private Startup

Valuation

All existing sentiment work focuses on public markets; all startup valuation work
focuses on fundamentals. There is no solid, established structure that involves

sentiment creatively into the valuation of private startups. This study produces
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and validates a hybrid model, which leads to a 551% increase in explanatory

power over conventional methods.

Gap 5: Scarce Evidence on Emerging Market FinTech Valuation Dynamics

The majority of FinTech research focuses on developed markets (US, Europe);
emerging market settings with distinct regulatory dynamics, patterns of adoption
and competitive forces are relatively underexplored. We explore the India’s
FinTech Ecosystem covering narratives, policies, investor learning curves and

digital transformation influence valuation in high growth emerging economies.

These gaps are validating this study — its design scope and method decisions. We
hence contribute to valuation theory and practice, providing a base of empirical

research on sentiment, hype and valuation.

2.17 Theoretical Framework of the Study

The theoretical framework combines insights from valuation theory, business news

research, behavioral finance as well as hype cycle-dynamics and thus is combined with

fine grained knowledge of the FinTech industry to create one consistent model being

applied as a guide for an empirical study of our studies. The model suggests that there is

an overlap of four factors which drive the value of a startup at its early stage.

1. Conservative Basics: Operational age, industry sector and amount of funding;
the old-school characteristics upon which legacy comp valuation models are

reliant
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2. Sentiment Indicators: Historically, such as investor attention/emotion (Google
Trends search volume), hyper momentum (the number of days that a major index

is up in the past x days) and historical statistics of crypto or stock returns.

3. Hype Cycle Stage: Correction vs recovery phase timing and placement. Issue
is that a combo (and the later you do it) and more stable + tracks better in terms of

hype/ availability.

4. Sector Context: Industry-specific characteristics (i.e., FinTech regulation
ambiguity, network effects, and incumbent competition) that affect sentiment-

valuation dynamics.

The framework hypothesizes that:

—  Traditional signals account for very little variation in first-stage valuations,
given information paucity and extreme uncertainty.

— Sentiment measures make it possible to capture beauty contest, as well as
narrative, channels rather than theory driven factors thus increasing explanatory
power.

— Hype cycle phase positioning creates predictable valuation differences unrelated
to firm attributes.

— Sentiment effects are mitigated in the sector context, and FinTech is
characterized by hype-dependency at a higher level than the other sectors due to

its structural feature.

104



This model is empirically evaluated with hierarchical models of regression testing

what components contribute, specifically:

— Model 1 (Benchmark): Classic fundamentals only (age, sector)

— Model 2: Including easy sentiment (Google Trends search volume)

— Model 3: In addition to the search hype index, we include the composite hype
index (search + recovery + trend)

— Model 4 (Hybrid): Full integration Distributed representation of combination
with the four factors by joint learning.

— Model 5 (Interaction): Examination of sector-specific coefficients (FinTech x

Hype interaction terms.

2.18 Summary

— Both qualitative and quantitative approaches leave gaps in valuation theory for
startups under 3 years. They know that early-stage startups are priced for the
quality of the team, market position, technology differentiation, and a coherent
narrative—all things that evade pure financial analysis. Approaches, such as
Berkus, Scorecard, checklists, and First Chicago bring structure into the process
of incorporating those intangibles.

— However, all considered approaches lack even a systematic approach to measure
or integrate sentiment, hype cycles, and digital attention dynamics. Qualitative
rating system are still subjective and prone to biases and are not based on

measurable indications to public perception or investor confidence. This void
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lends support to the purpose of the hybrid model introduced in this thesis, a
model which preserves qualitative fundamentals and roots them in quantitative
sentiment indices.

The subsequent section turns to the industry level, which looks at what factors
drive a sector to under- or over-value FinTech in terms of net profitability and

how features of the sector act as limiters of the hype effect.
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CHAPTER 3: METHODOLOGY

3.1 Overview

This chapter outlines the methodology followed to study hype cycles, sentiment
dynamics and digital attention that shapes valuations of early stage startups in Financial
Technology (FinTech) in emerging economies. The future research needs and theoretical
development identified in Chapter 2 are woven into this chapter as they guide the process
of translating conceptual models into empirical methods for operationalizing measures,

collecting data and analyzing it, interpreting findings.

The research gap exists that existing valuation models do not incorporate sentiment as a
measure despite evidence to the fact that it impacts valuations hence this has to be done
through an empirical investigation controlling the traditional variables. We have used
hierarchical ordinary least squares (OLS) regression analysis to address the four main

research questions (RQs).

(1) what is the impact of hype cycle stages on valuations,

(2) which are the most influential sentiment indicators,

(3) comparison between hybrid models versus traditional ones and

(4) what are the mediation effects of sector-specific dynamics on hype

phenomena with a focus on FinTech.

Methodology Quantitative — we have used a cross-sectional data of 113 funding

rounds of 68 early-stage startups mostly from the FinTech domain in emerging
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markets with particular focus on India as that was the best available data for this

research

Data Sources: Tracxn (to obtain valuation, funding, and firmographic details), Google
Trends (for digital attention metrics) and public announcements (to validate). The
dependent variable is post-money valuation (in log form); independent variables consist
of sentiment indicators (Google Trends search volume, recovery ratio, trend slope, and
composite hype index), hype cycle stage placement 2022-2023 (correction) vs. 2024—
2025 (recovery period), and control factors (company age, sector categorization, amount
raised). Interaction terms explore sector-specific effects, especially regarding FinTech’s

haltingness compared to other technological sectors.

3.2 Operationalization of Constructs

Operationalization is the process of rendering concepts into variables. This section
introduces all variables used in the empirical models, and provides their measurement,
theoretical explanation, and anticipated relationship with the dependent variable. The
operationalization leverages best-practices from finance, behavioral economics, and
digital analytics, developing News-Based Sentiment Dynamic Measurement in private

startup contexts.

3.2.1 Dependent Variable: Startup Valuation
The dependent variable is post-money valuation, which we define as a company’s equity

value just after a funding round, computed by:

Post-Money Valuation = Pre-Money Valuation + Investment
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We use post-money valuation instead of pre-money valuation because it is the market-
confirmed price per share external investors are willing to pay (a function of both firm-
specific characteristics and broader stock market conditions). It also removes some
uncertainty in the inconsistent treatment of pre-money calculations by investors and

districts (Damodaran, 2012).

Valuation amounts are in USD from Tracxn’s database, which compiles disclosed
funding round data from filing filings, press releases and company blog posts. It only
contains rounds that contain usable post-money valuations, either by being known

explicitly or when can be reasonably computed given the investment amount and stake.

Logarithmic Transformation: As the distribution of startup valuations is heavily right-
skewed, where values range from a few $10ms up to a few 100s of millions, valuations
are log transformed to obtain an approximately normal and constant variance term in

regression analysis. The transformed dependent variable is:

log Valuation = log(Post-Money Valuation in USD)

Logarithm is also helpful for interpretation reasons: regression estimates are percentage
changes in valuation given a one unit change in the independent variables, a natural way

to talk about how much impact values have (Wooldridge, 2015).

Descriptive statistics in advance: The remaining sample ranges in size from $1.2 million
to $1.2 billion, with its mean at $58.9 million and median at $12.1 million. The log-

transformed variable lies in the interval of 14.0-20.9, with a mean value of 17.2 and
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standard deviation of 1.4, being close to normal distribution which is desirable for OLS

regression analysis.

Research Problem
Valuation of Early-Stage
FinTech Startups

l

Theoretical Foundation
* Behavioral Finance
* Hype Cycle Theory

* Information Asymmetry

/\

Data Collection Sentiment Metrics
113 Funding Rounds Google Trends Data
68 Companies (2022-2025) Hype Indicators

I

Analysis Method
Hierarchical Regression
5 Models

l

Key Findings
90% Recovery Premium
551% Model Improvement

Figure 2: Research Design Framework

3.2.2 Independent Variables: Sentiment Dynamics
Sentiment variables are at the heart of this study, and they represent the study’s
theoretical focus as well as methodological linchpin by injecting content into an abstract

concept such “hype.” Four sentiment indicators are constructed:

— Search Volume (search_volume)
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o Definition: Google Trends search interest index for the company
name, normalized to 0-100 scale where 100 indicates the term
being searched is at its peak popularity during the period covered.

o Measurement: Monthly search volume are collected by querying
Google Trends API (library pytrends in Python) for each firm.
Search queries are based on the company’s official registered
(legal) name. The data are summed over all the 12 months before
the fund round announcement to consider persistent attention
rather than momentary peaks. Search volume variable A
measurement window of 12 months is used and the average search
volume within this period is assigned to search_volume.

o Theoretical rationale: The search volume from Google Trends
captures public attention and investor interest (Da, Engelberg and
Gao, 2011). More volume means more visibility which is
indicative of market interest, customer potential and social proof,
all things that decrease perceived risk and warrant higher
valuation. The search volume also records purely bottom-up
attention based on organic interest, rather than top-down media
focus and therefore offers a different type of signal to news
sentiment.

o Hypothesis in accordance with expectation: There is positive

relationship between log_Valuation and Indicator. Firms that are
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experiencing higher search interest should obtain greater
valuations, after controlling for fundamentals.
— Recovery Ratio (recovery_ratio)

o Definition: The ratio of average search demand during the
recovery phase (2024-2025) to average search demand during the
correction phase (2022-2023), measuring momentum of interest
between hype cycle stages.

o Units: The average monthly search volume for each firm is taken,
computed separately in periods 2022-2023 and 2024-2025. The

recovery_ratio is:

recovery ratio = (Mean Search 2024-25) / (Mean Search 2022-23)

o Values > 1.0 reflect increasing attention (recovery), while values

$50 millions).

log Amount = In(Investment Amount in USD)

o Theoretical validation: Amount invested is a key valuation driver:
the more money that has been invested, the higher the value needs
to be to prevent significant dilution. The greater the investment
more is the confidence shown by the investor. Mathematically, the
post-money valuation is pre-money valuation plus investment
amount. Adjusting for deal size avoids conflating hype effects

with funding size.
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o Sample statistics: The funding amount ranges from $0.5 million to
$120 million, with the mean 5.03 million and the median 2.5
million, respectively. The log-transformed values vary from 13.1

to 18.6 (mean: u =15.1 and 6 = 1.2) masses.

Hypothesized direction: Stronger positive relationship with log Valuation. Higher

funding rounds automatically mean more expensive valuations.

3.2.3 Interaction Terms
Interaction terms examine conditional relationships — whether the effect of one variable
depends on the value of another. The focus of the main theoretical interaction is sector-

specific hype sensitivity.

Scores FinTech x Hype Interaction (FinTech_x_Hype)

This analysis provides a visualization of scores depending on user engagement with the

FinTech x Hype interaction variable features, holding all others at their means.

Hypothesis 1: is_FinTech x hype index: whether FinTech companies have more intense

hype-valuation association than non-FinTech sectors.

Measurement:

FinTech x Hype =is FinTech x hype index

To examine Research Question 4, high relative performance interaction with work role

fit is added to the full model ([Model.start=>5]
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Theoretical rationale: In line with Chapter 2, we would expect hype and sentiment to play
a greater role given FinTech’s regulatory uncertainty, network effects dependence and
credibility challenges compared to sectors where fundamentals are clearer or there are
lower barriers to entry. A positive interaction term would support the theory that sector
industry mediates effect of sentiment, suggesting that FR is more susceptible on trumped

up valuations of FinTech than it costs to potentially other sectors.

Interpretation: If FinTech _x Hype has a large positive coefficient, the marginal impact
of Hype on valuation is higher for FinTech firms. The total hype effect for FinTech

should be B_hype + B_interaction, and for non-FinTech it should be f_hype only.

Hypothesized relation: Positive interaction coefficient, which suggests the hype-

dependent nature of FinTech.

3.2.4 Overview of Variable Operationalization
The following Table 1 recapitulates each variable, data collection methods that were

used to generate it, theoretical rationale, and relationship with the dependent variable.

Table 1: Variable Operationalization Summary

Variable Type Measurement Theoretical Expected
Rationale Significance
log_Valuation Response In(Post-Money Startup equity \(N/A))
Valuation) value
search_volume Independent | Google Trends (0- Public attention Positive
100) proxy
recovery_ratio Independed- | Search 2024-25/ Hype momentum | Positive
nt Search 2022-23
trend_slope Independent | Regression slope of | Attention Positive
search over time trajectory
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hype index Independent | Weighted composite | Composite Positive
(50-30-20) sentiment
Period 2024 25 | Moderator 1 1f 2024-25, 0 if Hype cycle stage | Positive
2022-23
is_FinTech Moderator 1 if FinTech, 0 Sector None
otherwise classification (Ambiguous)
is Al Moderator 1 If Al O otherwise Sector indication | Ambiguous
Age Control Years since founding | Company Unclear
maturity
log Amount Control In(Funding Amount) | Deal size/investor | Positive
confidence
FinTech x Hype | Interaction | is_FinTech x Sector-specific Positive
hype_index excitement
sensitivity

With this operationalization framework, we can make abstract constructs — hype,

sentiment, and attention — measurable, replicable and theoretically grounded. The

multi-indicator sentiment approach (search volume, recovery ratio, trend slope,

composite index) allows for a comparison test of alternative measurement strategies in

response to RQ2. By adding the hyp_sic stage and sector interaction terms, the model

allows to test for temporal and context contingencies as related to Research Questions 1

and 4.

3.3 Research Questions and Hypotheses

To emphasize, this chapter states a set of specific research questions (the primary four),

now with clear operationalization and testable hypotheses that use theoretical predictions

as one input for empirical hypotheses.
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RQ1: Effects on Hype Cycle Stage

— What role do the various hype cycle stages play in shaping the valuation trajectories
of early-stage startups?

— Operationalization: Hype cycle phases are operationalized by the Period 2024 25
dummy variable creating corrective-phase funding rounds (2022-2023, equal to 0)
from recovery-phase ones (2024-2025, equal to 1). The impact is examined in Models
4 and 5 with the coefficient for Period 2024 25.

— Design Rationale and Expected Significance: H1: Startups raising during the
recovery period (2024-2025) will have significantly higher valuations than those
raising in the correction period (20 22 -2 023), controlling for company age, sector,
hype metrics, and funding amount.

— Statistical Test: Coefficient B_Period from regression models where log Valuation 1is
regressed on Period 2024 25 and controls. H1 is accepted when _Period > 0 and p
0 and p 0.20) and F-test for incremental variance remains significant (p 0).

— Positive Hyperbole 1: Coefficient B_interaction in Model 5 where log_Valuation is
regressed on hype index, is_FinTech, FinTech x Hype and controls. H4 is accepted
if B_interaction > 0 and p excluded but substituted with similar organizations when

available

Final sample validated: 68 companies and 113 funding round observations.

3.4 Sample Characteristics

The last sample has the properties presented below in table 2:
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Table 2 : Final sample characteristics

‘ Category H Metric H Value
f:'cz:il?yple Size & Funding Unique companies 68

‘ HTotal funding rounds Hl 13

‘ HAverage rounds per company H 1.66

‘B. Sector Distribution*

HFinTech

H94 observations (83.2%)

HAI / Machine Learning

HZS observations (22.1%)

Other (Cloud, SaaS, General
Tech)

19 observations (16.8%)

C. Geographic

Africa

; __7%0

Distribution India 5%
Southeast Asia (Singapore, ~15%
Indonesia, Vietnam) °
Middle East, Latin America, ~10%

D. Temporal Distribution

of Funding Rounds 2022 18 rounds (15.9%)

| [2023 34 rounds (30.1%) |

| [2024 42 rounds (37.2%) |

| 12025 119 rounds (16.8%) |

ooarket Phase 2022-2023 (Correction phase) |52 rounds (46.0%)

| 12024-2025 (Recovery phase)  |[61 rounds (54.0%) |

F. Company Age

Distribution (years) Mean 2.57

| IMedian 12.70 |

| [Range 11.0-3.0 |

‘ HStandard deviation HO.68 ‘

G. Post-Money Valuation -

Distribution (USD) Mean 58.9 million

| [Median [12.1 million |
Range 1.2 million — 1.2 billion

| | | |

Distribution shape

Strong right skew (log-
transformed)

117




‘ Category H Metric H Value

H. Funding Amount -

Distribution (USD) Mean 5.03 million

| [Median 2.5 million |
‘ HRange HO.S million — 120 million ‘

3.4.1 Justification of Sample Size: Statistical Adequacy

In the fullest model (Model 4: Age, is_FinTech, is_Al, hype index, Period 2024 25,
log Amount), we included 113 observations with six predictors in the maximum
regulation model with an observation to predictor ratio of 18.8:1, above the common
15:1 for multiple regression (Hair et al., 2010). This provides a sufficient level of
statistical power to detect moderate-to-large effects (Cohen’s > > 0.15) with 80% power

at o = 0.05 significance level.

The number of predictors in Model 5 is increased by ONE interaction term
(FinTech_x_Hype), thus reaching the value N = 7 and the ratio of observations/prediction
equal to 16.1:1, still sound enough. F-statistics and the significance of the overall model

(p)=0.001 suggest robust inference given sample size.

3.4.2 Rationale of Focused Scope
The Casey’s dual value propositions of financial levels (83%), India (~75%) and 2022-
2025 (100%) are designed focusing choices, that enhance internal validity and

theoretical soundness to the detriment of potentially universal generalizability.
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FinTech concentration rationale:

Theoretical: FinTech is known to have particularly pronounced hype-dependency
(because of regulatory uncertainty, network effects, credibility challenges) which
makes it a perfect setting for the study of sentiment-valuation links. Large cross-
sector samples would mask the impact of FinTech.

Empirical: FinTech leads new market innovation and funding in 2022-25 - policy
shift-led digital transformation (e.g., India’s UPI, digital lending initiatives).
Sampling of FinTech significantly reflects population statistics.

Analytical: A focus approach supports testing of sector specific effects (RQ4)
using enough within-sector variance. It follows that neither one representative
(i.e., four-sector balanced sample with 25% in each) would have sufficient

statistical power to analyze interactions between sectors.

Geographic concentration (India) rationale:

Contextual validity: The macro-environments that all corporations operate in
(interest rate, regulation, competition) are also like one another, limiting potential
confounds and enhancing causal inference.

Data availability: Tracxn has best coverage of India where disclosure norms and
media/CGI coverage lead to better valuation quality data.

Theoretical importance: FinTech in India went through strong hype (boom 2020-
21, correction 22-23, recovery 24-25) periods, creating exogenous variation in

sentiment and chances for an experimental design.
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Temporal focus (2022-2025) rationale:

— Hype cycle fullness: The period covers trough-to-recovery-transition which is
important to test RQ1.

— Environmental homogeneity: All firms were subject to a common set of macro
shocks (inflation, interest rates, and tech correction) so sentiment effects are not
confounded by other economic drivers.

— Timeliness: Current information is important to practice and policy.

3.4.3 Generalizability and External Validity

The narrow focus restricts generalizability; these insights are primarily transferable to
emerging market FinTech start-ups during post-correction recovery stages. This is not
necessarily going to translate into other areas (healthcare, consumer tech), geographies
(US, Europe) or phases of the overall venture cycle (pre-boom 2022 stochasticity, post-

2025 consolidation).

But the theoretical mechanisms — regulatory uncertainty boosting hype, network effects
driving visibility imperatives, investor learning curves inflating sentiment reliance — are
not inherently FinTech-specific or India-specific. This dynamic may be at play in other
regulated industries (HealthTech), other emerging markets (SEA, LATAM), or other
hype cycles (Al 2023-2024). The results are transferable and context specific contingent

implications are identified accordingly.

In Chapter 6, constraints and avenues for future research that would help establish

generalizability across wider populations are discussed.
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3.5 Data Sources and Collection Methodology

This section presents the sources and methods for data collection, as well as a quality
assurance approach to creating the research dataset. To this end, quantitative design uses
only secondary sources of data (i.e., publicly available databases; digital analytics
platforms; and company (timber) disclosures), to make results replicable, as well as

minimize human subject’s concern.

3.5.1 Primary Data Sources

Three main sources of data contribute to the variables operationalized in section 3.2:

1. Tracxn Platform

"Tracxn - Startup Conviction, Bringing Value to a Data Business Case” Tracxn is
an end-to-end startup platform that helps you track private companies (be it

competitors or business prospects). The platform sources data from:

— Regulatory filings (company registration, shareholder disclosure).
— Media releases (hyping, articles)
— Creaming’s (Investor disclosures from VCs, LP communications)

— Company submissions directly (verified via Tracxn validation processes)

Variables extracted from Tracxn:

— Post-money valuation (dependent variable)
— Amount of investment (Log_Amount control)

— Funding round date (for a temporal type classification)
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— Company founding date (for Age)
— Sector classification (is_ FinTech, is Al dummies)
— Geographic headquarters (for sample characterization)

— Company name (for Google Trends searches)

Quality of data: Traxcn analyst was used to extract the data to ensure accuracy

and control.

2. Google Trends (pytrends API)

Google Trends presents scaled search interest data for specific queries over time
and geography. Pytrends library in Python is a tool for extracting Google’s trends

using their official APIL.

Variables constructed from Google Trends:

— search_volume (average monthly search interest over a 12-month window
prior to funding)

— recovery_ratio (2024-25 search /2022-23 search)

— trend_slope (slope of linear regression of monthly search over time)

— Data collection parameters:

— Search keyword: File type:pdf official registered name of company (e.g.,
“Razorpay,” “Cred,” “PhonePe”)

— Geography: India (for India based companies) or the respective country.
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— Duration: Monthly observations from January 2021 through December
2025 (encompassing entire pre-funding windows for all firms).

— Courant Times Category: ‘“All sectors’’ (do not target specific sectors;
this is to get a broad exposure in the media)

— Normalization: The data from Google Trend are normalized into a 0-100
scale, where 100 corresponds to the highest search volume for the term
considered in the observation window. This normalization makes it
possible to compare across companies, even if they have different absolute

search magnitudes.

3. Public Announcements and Media Sources

Validation Cross-Checks for Tracxn Data Company Press Release,
TechCrunch, YourStory, Economic Times and other sources stand good as
validation cross-checks for data obtained from Tracxn. In case valuations
or dates in Tracxn did not have verification tags, they were cross-verified

from media reports to ensures correctness.

3.5.2 Data Collection Procedures

The process of accumulation of the data followed 5 stages:

Stage 1 - Company identification (Tracxn query):

Here is the structured query that I ran on tracxn’s search interface along with

filters:
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— Founded: 2019-2024
— Headquarters: India, Southeast Asia, and the rest of emerging markets
— Industry: FinTech, AI/ML, SaaS, Technology

— Funding rounds: 2022-2025

Disclosed valuations: Required

This query returned 205 companies. Company names, sector tags, year of
founding, location of headquarters and funding round details (date, amount, and

valuation) were then exported out of Tracxn in the form of CSV files.

Stage 2: Valuation validation

Population and Measurement For each of the 205 firms, valuation disclosure

quality was measured based on:

— “High confidence” (verified, multiple sources): 68 companies — Retained

—  “Medium confidence” (single source, not confirmed): 92 companies —
Excluded

— “Estimated” (Tracxn algorithm estimate): 45 companies — Not

considered

The core sample included 68 high-confidence companies.

Stage 3: obtaining Google Trends data (automated with Python)

A Python code leveraging the pytrends package was written to loop through each of

68 companies and following steps were adopted:
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from pytrends. request import TrendReq
import pandas as pd
pyvtrend = TrendReq ()
for company in companies_list:
Build payload
pytrend.build payload(
kw_list=[company['name']],
timeframe="2021-01-01 2025-12-31",
geo=company/['country code']
Retrieve monthly data
trends data = pytrend. interest_over_time()
Calculate metrics
company/'search_volume'] = trends_data[company['name']]. mean()
company/'trend_slope'] = calculate slope(trends data)
company('recovery ratio'] = calculate recovery ratio(trends_data)

Data fullness check: Of the 68 companies, data from Google Trends for 64 (94%)
companies were good enough to be included in this study (> =5 time points per
month with positive values). Data were not available for four using companies
(which consistently showed zero search volume, suggesting very low visibility) and

these were removed.

Stage 4: Hype index construction

Given the processed values of Google Trends, we computed the composite

hype index according to the cascading weighting scheme described earlier:
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Normalize search_volume, recovery ratio, and trend_slope to z-scores

Weight them: 0.50 x Z(search) + 0.30 % Z(recovery) + 0.20 x Z(trend)

Re-standardising composite to M 0, SD 1

Stage 5: Compilation and validation of dataset

All of the variables were combined into a common analytical dataset in the following

structure:

Final validation checks:

— Missing data: No for the analysis variables (complete-case analysis possible)

— Outliers: Detected using box plots and Cook’s distance, outliers at extreme
positions of the variables examined but not removed (real instances, n ot
anomalies)

— Logical consistency: Recency of dates, age or amount is plausible (cross
validation).

— Double checks: NdB no double funding cycles

Final dataset: 113 funding round observations for 64 companies that were saved as

research analysis dataset. xIsx.

3.5.3 Data Quality Assurance

Data reliability was assured by means of several quality control measures:
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1. Triangulation: Valuations ascertained from Tracxn, media articles and investor

presentation / disclosure.

2. Temporal positioning: Google Trends data taken from the 12 months before
each funding round, guaranteeing that sentiment precedes valuations in time

(supporting a causal ordering).

3. Automated error detection: Python scripts detected anomalies (e.g., negative
ages, bid amounts lower than funding amounts), which were then manually

inspected.

4. Spot-checking: 20% of observations (23 rounds) were manually spot-checked
against original sources with a 100% agreement rate, validating the accuracy of

extraction.

5. Replication files: All scripts used to pull data, transform the dataset, and carry

out the analysis are kept for replication and audit purposes.

3.6 Instrumentation and Measurement

This section further explains the instruments and the measurement procedure for

operationalizing key variables which paid close attention to GT methodology and hype

index building.

3.6.1 Google Trends as a Sentiment Instrument

Google Trends has been validated in academic research as a reliable proxy for investor

attention and public interest (Da, Engelberg and Gao, 2011; Preis, Moat and Stanley,
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2013). The service provides normalized search query volume data, enabling researchers
to quantify “attention” in ways that surveys or media content analysis cannot achieve at

scale.

— Strengths of Google Trends:

o Objectivity: Search behavior reflects revealed preferences (what people
search) rather than stated intentions (survey responses)

o Scale: Aggregates billions of searches, providing robust population-level
measures

o Timeliness: Data updated continuously, capturing real-time attention shifts

o Accessibility: Freely available via API, enabling replication

o Precedent: Established track record in finance research (Da, Engelberg and

Gao, 2011; Tetlock, 2007)

Limitations addressed:

— Search term ambiguity: Company names may match common words (e.g., “Coin”
for a FinTech). Mitigation: Manual review of trend charts to verify search results
reflect company-related queries.

— Geographic specificity: Trends data are country-specific. Mitigation: Queries
targeted to companies’ primary markets (India for 75% of sample).

— Low-volume companies: Very early startups may have zero search volume.
Mitigation: Companies without >5 monthly observations excluded (6% of

sample).
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— Normalization concerns: 0-100 scale makes cross-company comparisons
dependent on peak periods. Mitigation: Temporal windows standardized (12-

month pre-funding), and composite hype index uses standardized z-scores.

Validation evidence (from this sample): search_volume correlates 0.62 with funding
amount (Pearson’s r, p<0.001), 0.54 with valuation (p<0.001), and 0.48 with company
age (p<0.001), confirming construct validity—more mature, higher-funded, higher-

valued companies generate more search interest, as expected.

3.6.2 Tracxn Database: Valuation Extraction Methodology

Tracxn documentation defines the way valuations are constructed —

For disclosed rounds:

1. Identify disclosed post-money valuation from press releases or filings

—  Verify against investment amount and equity stake: "Valuation = Amount / Stake’

— Flag discrepancies for analyst review

2. For partially disclosed rounds:

— If pre-money valuation and amount disclosed: "Post-Money = Pre-Money +
Amount’

— If equity stake and amount disclosed: "Post-Money = Amount / Stake"

Confidence classification:

“High confidence”: Verified through >2 independent sources
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“Medium confidence”: Single reliable source

“Estimated”: Algorithmic estimate from comparable rounds

We have used only “high confidence” valuations (N=68 companies, 113 rounds),

eliminating estimation-related measurement error.

3.6.3 Composite HypeScore Construction:

The hype index composite was constructed as follows:

Step 1: We extract components - For each company-round observation:

- "search_volume': Mean monthly Google Trends value (12-month pre-funding)

- ‘recovery_ratio': (Mean search 2024-25) / (Mean search 2022-23)

- "trend_slope’: OLS slope coefficient from regression of search on time (months

1-12)

Step 2: Handle missing recovery_ratio

Companies founded in 2024-2025 lack 2022-2023 baseline data. For these cases
(N=19 observations, 16.8%), recovery_ratio is imputed as the sample median

(1.15), assuming average hype momentum.

Sensitivity test (not reported but conducted): Results are robust to alternative imputation

strategies (mean, exclude cases, use forward-filling).

Step 3: Standardise components to z-scores
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Each component is transformed:

Z(component) = (component - mean(component)) / SD(component)

This ensures equal variance across components, preventing variables with larger

raw scales from dominating the composite.

Step 4: Apply weights and aggregate

hype_index raw = 0.50 x Z(search_volume)

+0.30 x Z(recovery_ratio)

+0.20 x Z(trend_slope)

Step 5: Re-standardise composite

hype_index = (hype_index raw - mean(hype_index _raw)) / SD(hype_index raw)

This yields a final index with mean 0, SD 1, range approximately -2 to +2

(capturing 2 SD from mean).

Weighting justification: The 50-30-20 weighting prioritises direct attention
(search_volume) as the primary signal, followed by hype cycle positioning
(recovery ratio) and momentum (trend_slope). While alternative weightings are
defensible, sensitivity analyses confirm results are robust to reasonable variations

(40-40-20, 60-20-20, equal weighting).
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Alternative: Principal Component Analysis (PCA): PCA could derive data-driven
weights by extracting the first principal component from the three metrics. However,
PCA-derived weights (applied in exploratory analysis) yielded similar results to the 50-
30-20 scheme while sacrificing interpretability. The theoretically justified fixed

weighting was retained.

3.6.4 Variable Transformation Decisions

Log transformations (log_Valuation, log Amount):

Rationale:

o Addresses right-skewed distributions

o Reduces heteroskedasticity (non-constant variance) in regression residuals

o Enables percentage-change interpretation: 1-unit increase in predictor —
p% change in valuation

o Standard practice in finance research (Damodaran, 2012)

Dummy variable coding (Period 2024 25, 1s FinTech, is_Al):

Binary 0/1 coding enables straightforward OLS estimation and interpretation:

- Coefficient on dummy = average difference between groups

- Interaction terms (FinTech_x_Hype) = difference in slopes between groups

Alternative: Effects coding (-1, +1) or contrast coding. However, dummy coding is most

intuitive for practitioners and aligns with standard regression reporting conventions.
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3.7 Data Analysis Procedures
This section specifies the analytical techniques, regression model specifications,
diagnostic tests, and interpretation frameworks employed to answer the research

questions.

3.7.1 Descriptive Statistics

Before regression analysis, descriptive statistics characterise the sample distribution:

Measures of central tendency:

- Means, medians for continuous variables (valuation, age, funding amount, hype

metrics)

- Frequencies, percentages for categorical variables (sector, period)

Measures of dispersion:

- Standard deviations, ranges, interquartile ranges

- Coefficient of variation for highly skewed variables

Distributional analysis:

- Histograms, density plots to assess normality

- Q-Q plots for log-transformed variables

- Skewness and kurtosis statistics

Sector comparisons:
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- Mean valuations, hype scores by sector (FinTech vs. Al vs. Other)

- T-tests for pairwise comparisons

- ANOVA for overall sector effects

Temporal comparisons:

- Mean valuations, hype scores by period (2022-23 vs. 2024-25)

- T-tests for period differences

3.7.2 Hierarchical Regression Specification
The research employs hierarchical (sequential) regression, adding predictors in
theoretically motivated blocks to assess incremental contributions (Cohen et al., 2003).

Five models are estimated:

Model 1 (Baseline - Traditional Factors Only):

log Valuation = fo + fi1(Age) + p:(is_FinTech) + fs(is_Al) + ¢

Purpose: Establishes explanatory power of traditional demographic factors

alone.

Expected R?: Low (< 0.15), reflecting limited information in age and sector.

Model 2 (Add Simple Sentiment):

log Valuation = po + pi(Age) + p:(is_FinTech) + ps(is_Al) +

Ps(search_volume) + ¢
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Purpose: Tests RQ2—whether simple Google Trends search volume

improves valuation prediction.

Expected R?: Moderate increase (AR?= 0.05-0.10).

Expected p+: Positive and significant (H2).

Model 3 (Add Composite Hype Index):

log Valuation = po + pi(Age) + p:(is_FinTech) + ps(is_Al) +

Ps(hype_index) + ¢

Purpose: Compares composite measure to simple search volume (RQ?2).

Expected R?: Similar to Model 2, testing whether complexity improves fit.

Expected p+: Positive and significant.

Comparison: If Model 2 R?> > Model 3 R? simple search_volume

outperforms composite index (parsimony wins).

Model 4 (Hybrid Model - Full Integration):

log Valuation = fo + pi(Age) + p:(is_FinTech) + Bs(is_Al)

+ Pa(hype_index) + Ps(Period 2024 _25) + Ps(log_Amount) + &

Purpose: Tests RQ1 and RQ3—hype cycle effect and hybrid model performance.
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Expected R?: Substantial increase (0.40-0.50), driven primarily by log Amount

and Period 2024 25.

Expected ps: Positive and significant (HI—recovery premium).

Expected fs: Positive and significant (larger funding — higher valuation).

Comparison: R?> Model4 >> R? Modell supports H3 (hybrid superiority).

Model 5 (Add Sector Interaction):

log Valuation = po + pi1(Age) + P:(is_FinTech) + Ps(is_Al)

+ Pa(hype_index) + fs(Period 2024 _25) + fs(log_Amount)

+ pr(FinTech x Hype) + ¢

Purpose: Tests RQ4—whether FinTech exhibits differential hype

sensitivity.

Expected f7: Positive and significant (H4—FinTech hype-dependency).

Interpretation: Total hype effect for FinTech = [+ + [7; for non-FinTech = fa

only.

3.8 Diagnostic Tests

Regression validity depends on satisfying OLS assumptions. The following diagnostics

are conducted:

1. Multicollinearity (Variance Inflation Factor, VIF):
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Test: Calculate VIF for each predictor:

VIF j=1/(1-R>j)

where R? j is the R? from regressing predictor j on all other predictors.

Threshold: VIF <5 acceptable; VIF < 3 preferred (Hair et al., 2010).

Expectation: Low multicollinearity because predictors measure distinct
constructs. Hype components (search, recovery, trend) are moderately correlated

but aggregated into composite, reducing VIF.

Result preview: All VIF values < 3, confirming no problematic collinearity.

2. Heteroskedasticity (Breusch-Pagan Test):

Test: Regress squared residuals on predictors. Significant ¥ indicates non-

constant variance.

Mitigation if detected: Robust standard errors (Huber-White sandwich estimator)

adjust inference for heteroskedasticity without altering coefficient estimates.

Expectation: Log transformation of valuation should reduce heteroskedasticity.

3. Normality of Residuals (Q-Q Plot, Shapiro-Wilk Test):

Test: Visual inspection of Q-Q plot; Shapiro-Wilk test for formal assessment.

Threshold: With N=113 (moderate sample), OLS is robust to mild non-normality

(Central Limit Theorem).
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Expectation: Residuals are approximately normal due to log transformation.
4. Outliers and Influential Observations (Cook’s Distance):
Test: Calculate Cook’s D for each observation:
D i = (residual i’/ MSE) % (leverage i/ (I - leverage 1i))
Threshold: D > 4/N = 0.035 flags influential cases.

Treatment: Influential cases investigated; if legitimate (not data errors), retained

but sensitivity analysis conducted excluding them.
5. Linearity (Residual vs. Fitted Plot):

Test: Plot residuals against fitted values. Non-random patterns indicate

nonlinearity.
Expectation: No systematic patterns, confirming linear relationships.

3.9 Model Comparison and Interpretation

R? and Adjusted R*: R’ measures proportion of valuation variance explained by
the model. Adjusted R? penalises additional predictors, preventing overfitting.

Both are reported.

F-statistic: Tests overall model significance: Ho (all f = 0) vs. H: (at least one f§ #
0). F > critical value (p < 0.05) rejects null, confirming the model explains

significant variance.
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Incremental AR?: AR? = R?> New Model - R? Previous Model quantifies the
additional variance explained by new predictors. F-test for AR? assesses whether

improvement is statistically significant.

Coefficient interpretation:

For log-level models (predictors not logged):

- p_continuous: I-unit increase in X — [% change in valuation

- B _dummy: Group 1 has exp(p) times the valuation of Group 0

For log-log models (both logged):

- p: 1% increase in X — % change in valuation (elasticity)

Significance levels:

- p <0.001 (): Highly significant

-p <0.01 (): Very significant

- p <0.05 (*): Significant

- p <0.10 (F): Marginally significant

- p >0.10: Not significant
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3.10 Validity and Reliability

3.10.1 Internal Validity
Internal validity concerns whether observed relationships reflect true causal effects rather

than confounding or spurious associations.

Strengths:

- Control variables: Age, sector, funding amount control for major confounds.

- Temporal precedence: Hype metrics measured pre-funding, reducing reverse

causality concerns.

- Specification testing: Multiple models test robustness to specification choices.

Threats:

- Omitted variables: Unobserved factors (founder quality, technology
differentiation, investor network) may correlate with both hype and valuation,

biasing estimates.

- Cross-sectional design: Cannot definitively establish causation; experimental

manipulation of hype is infeasible.

Mitigation: Transparent acknowledgment of limitations (Section 3.11); theoretical
grounding suggests hype plausibly causes valuation through attention, credibility, and

momentum mechanisms.
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3.10.2 External Validity

External validity concerns generalizability to other populations, settings, and times.

Scope of generalization:

Findings most directly generalize to:

o Early-stage startups (<3 years old)
o FinTech-heavy innovation sectors
o Emerging markets (particularly India)

o Post-correction recovery periods (2022-2025)

Extrapolation to:

- Mature companies (>3 years): Unlikely—sentiment effects may weaken as
fundamentals strengthen.

- Non-FinTech sectors (pure SaaS, healthcare): Possible but uncertain—sector-
specific dynamics differ.

- Developed markets (US, Europe): Questionable—investor sophistication,
regulation difference.

- Different time periods (pre-2022 boom, post-2025 plateau): Unknown—hype

cycle dynamics may shift.

Trade-off: Focused scope enhances internal validity (environmental coherence, reduced

confounding) at the cost of universal generalizability.
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3.10.3 Construct Validity
Construct validity concerns whether operationalization accurately measure theoretical

constructs.

Hype and sentiment:

- Indicator: Google Trends search volume

- Validity evidence: Established in prior research (Da, Engelberg and Gao, 2011);

correlates with funding, valuation as expected.

- Limitation: Search captures public attention, not institutional investor sentiment
directly. However, correlation between public and investor attention is
theoretically grounded (attention spills over from consumers to investors via

media).

Hype cycle stage:

- Indicator: Period 2024 25 dummy

- Validity: Aligns with observable funding patterns 2022-23 (contraction), 2024-

25 (recovery) and macroeconomic shifts (interest rate peaks, correction bottoms).

Valuation:

- Indicator: Post-money valuation from Tracxn

- Validity: Direct measure of theoretical construct; verified through multiple

sources.
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3.11 Reliability

Reliability concerns measurement consistency and replicability.
Data sources:
- Tracxn: Stable, audited platform with consistent methodology.
- Google Trends: Algorithmically generated, not subject to analyst interpretation.

- Replication files preserved for independent verification.

Measurement procedures:

- Automated scripts reduce human error.
- Standardized variable transformations ensure consistency.

- All code documented and archived.

3.12 Ethical Considerations

This research involves no human subjects, relying exclusively on secondary data from

public sources. Ethical concerns are minimal but addressed as follows:

1. Data sources: Tracxn, Google Trends, and media outlets provide publicly

available information. No proprietary or confidential data are used.

2. Company privacy: While company names are known to the researcher,
published results anonymize individual companies, reporting only aggregate

findings and illustrative examples.
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3. Informed consent: Not applicable—no primary data collection from

individuals.

4. Institutional review: Classified as exempt research (no human subjects) under

standard IRB protocols.

5. Data storage: Data are stored securely, accessible only to the research team, and

will be deleted per retention policies.

3.13 Limitations
This section acknowledges methodological and scope limitations that constrain

interpretation and generalizability.

1. Cross-sectional design:

Limitation: Cannot track individual companies over time; causal inference

limited.

Implication: Findings describe associations, not definitive causation.

2. Geographic concentration (India ~75%):

Limitation: India’s regulatory environment, digital infrastructure, and
investor landscape may not generalize to other emerging markets or

developed economies.

Implication: Findings most applicable to similar emerging market

contexts.

144



3. Sector concentration (FinTech 83%):

Limitation: Limited ability to compare across diverse sectors; FinTech-specific

findings may not apply to Al, SaaS, or other domains.

Implication: Cross-sector generalizations require caution.

4. Temporal focus (2022-2025):

Limitation: Captures one hype cycle; dynamics in other periods (pre-2022

boom, post-2025 maturation) may differ.

Implication: Findings reflect specific market conditions during correction-

recovery transition.

5. Quantitative-only design:

Limitation: Lacks qualitative depth on investor decision-making

processes, founder strategies, or sentiment formation mechanisms.

Implication: Mechanisms are inferred from theory rather than directly observed.

6. Google Trends limitations:

Limitation: Measures public search interest, not institutional investor

sentiment directly; low-visibility startups excluded (6% sample loss).

Implication: Sentiment construct may not fully capture investor behaviour.

7. Omitted variables:
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Limitation: Revenue, user metrics, team quality, technology

differentiation, investor network strength not observed.

Implication: Unobserved factors may confound hype-valuation

relationships, biasing coefficient estimates.

8. Sample size constraints:

Limitation: N=113 adequate for regression but limits subsample analysis

(e.g., sector-specific models for Al alone).

Implication: Interaction effects tested but granular sector comparisons are

infeasible.

These limitations are inherent trade-offs: focused scope enables depth and coherence but
sacrifices breadth. Chapter 6 discusses how future research can address these constraints
through expanded samples, longitudinal designs, qualitative validation, and cross-

geography replication.

3.15 Summary and Transition to Findings

Chapter 3 has detailed the methodological approach for investigating how hype cycles,
sentiment dynamics, and digital attention influence early-stage startup valuations in
FinTech-concentrated emerging market contexts. The research employs a quantitative-
primary design grounded in pragmatist epistemology, utilizing hierarchical OLS

regression to test four primary research questions.

Key methodological decisions include:
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Operationalization: Valuation (log-transformed post-money), sentiment (Google
Trends-based search volume, recovery ratio, trend slope, composite hype index),
hype cycle stage (Period 2024 25 dummy), sector classification (FinTech, Al

dummies), and controls (age, funding amount).

Sample: 113 funding rounds from 64 companies, concentrated in FinTech (83%)
and India (~75%), spanning 2022-2025 correction-recovery cycle. Sample size

adequate for regression analysis (18.8:1 observation-to-predictor ratio).

Data sources: Tracxn (valuations, firmographics), Google Trends (sentiment
proxies), media sources (validation). High data quality through triangulation and

verification.

Analytical approach: Five hierarchical regression models testing incremental
contributions of sentiment indicators, hype cycle positioning, and sector
interactions. Diagnostic tests (VIF, heteroskedasticity, normality, outliers) ensure

validity.

Scope justification: FinTech concentration, geographic focus, and temporal
window reflect strategic choices prioritizing internal validity and theoretical
coherence over universal generalizability. Findings directly address literature gaps

while acknowledging limitations.

With methodological foundations established, we now presents empirical findings.

Descriptive statistics characterize sample distributions; regression results test hypotheses;
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and visualizations illustrate key relationships. The rigorous methodology ensures that
findings are credible, replicable, and contribute meaningfully to understanding how

perception, narrative, and attention shape economic value in innovative ecosystems.
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CHAPTER 4: RESULTS

4.1 Introduction

We present the findings from the quantitative analysis of 113 fundings rounds of 68
early-stage startups in the FinTech sector between 2022-2025 in emerging markets. We
have used OLS (ordinary least squares) regression for testing our four primary RQs — on
how hype cycles, sentiment dynamics, and digital attention influence valuations of early

stare startups.

We had earlier attempted a qualitative analysis with about 100 participants but die to a
lack of response changed this into a completely quantitative study. We have used primary
data from Tracxn (valuation and other dimensions), Google Trends (as sentiment

proxies), while using some public announcements (for validation).

The dependent variable is log-transformed post-money valuation to address the
pronounced right skewness and heteroscedasticity which is inherent in startup data. The
other independent variables were sentiment indicators (like search volume, recovery
ratio, trend slope, and composite Hype Index), positioning with the hype cycle (2022-
2023 correction vis a vis 2024-2025 the recovery period), sector classification like Al,

Fintech and traditional dimensions for control like age and funding amount.

Five regression models were created to test each of the RQs and see the impact of each

variable.
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4.2 Descriptive Statistics and Sample Characteristics
We now explain the statistical nature of the sample across a variety of dimensions like
sectors, time periods, hype metrics, and valuations to establish the foundation for

subsequent regression analysis.

4.2.1 Sample Overview — the dataset summary
The sample overview is given in three tables 3, 4 and 5 for dataset composition,

distribution by year and by Hype cycle phase respectively, below -

Table 3 :Dataset composition

‘ Metric HCountHPercentage‘
‘ Total funding rounds H 113 H — ‘
‘ Unique companies H 68 H — ‘
‘ Companies with single round H 58 H 85% ‘
‘Companies with multiple roundsH 10 H 15% ‘

Table 4: Temporal Distribution by Year

‘ Year HRoundsHPercentage‘
| 2022 | 18 || 15.9% |
| 2023 | 34 | 301% |
| 2024 | 42 || 372% |
2025 (through mid-year)]| 19 | 16.8% |
| Total | 113 | 100% |

Table 5: Distribution by Hype Cycle Phase

\ Period H Years HRoundsHPercentage\
Correction][2022-2023| 52 | 46.0% |
| Recovery [2024-2025| 61 || 54.0% |
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Figure 3: Google Trends Search Volume for FinTech (2020-2025)

Figures 3 shows the entire search volume for Fintech between 2020-2025 covering the
correction and recovery period. Table 6 below shows the sector composition of the

dataset used for analysis.

Table 6: Sector Distribution of data

\ Sector "Observations"Percentage‘
[FinTech [ o4  83.2%
IAI/Machine Learning H 25“ 22. 1%‘
‘Other (Cloud/Saa8S, General Technology)H 19H 16.8%‘

Note: Percentages sum to greater than 100% because some companies operate across
multiple sectors (e.g., AlI-powered FinTech platforms coded as both FinTech and Al).

The data had concentration of India as below in table 7.

Table 7: Geographic Distribution

‘ Region HPercentage‘
India | ~75%|
‘Southeast Asia (Singapore, Indonesia, Vietnam)H ~15%‘
‘Other (Middle East, Latin America, Africa) H ~10%‘
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Note: India-centric distribution reflects Tracxn's data coverage strengths and India's
position as a leading FinTech ecosystem during the study period, driven by policy
initiatives (Unified Payments Interface, Digital India), regulatory support, and high
smartphone penetration.

We have taken data for startups with a life under 3 years — hence the data was as below in
table 8.

Table 8: Company Age at Funding

‘ Metric H Value‘
‘Minimum H 1.0 years‘
‘Maximum H 3.0 years‘
‘Mean H2.57 years‘
‘Standard DeviationH 0.68‘
‘Median H 2.7 years‘

Note: The narrow age range (per inclusion criteria) ensures homogeneity in company
maturity, isolating early-stage dynamics where sentiment effects are theoretically most
pronounced. Our study was focused on startups under 3 years.

4.2.2 Valuation and Funding Characteristics

Table 9 below presents the descriptive statistics for post-money valuation and the main
control variables, including funding amount and company age. Post-money valuations
exhibit marked right-skewness, spanning a wide range from USD 1.2 million to USD 1.2
billion. The mean valuation (USD 58.9 million) is considerably higher than the median
(USD 12.1 million), indicating that a small number of high-valuation outliers
disproportionately influence the average. This dispersion is further evidenced by the large
standard deviation of USD 145.3 million and the nearly thousand-fold difference between

minimum and maximum values. Such extreme variation is typical of early-stage venture
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markets, where valuation outcomes are highly uneven and concentrated among a limited
subset of firms. Considering this pronounced skewness and heteroskedasticity, post-
money valuation is log-transformed in subsequent regression analyses to improve
distributional properties and enable more economically meaningful interpretation of

model coefficients.

Table 9: Descriptive Statistics—Valuation and Control Variables

Variable N Mean Median SD Min Max
Valuation (§ | 113 58.9 12.1 145.3 1.2 1,200
millions*)
log Valuation | 113 17.2 16.3 1.4 14.0 20.9
Funding 113 5.03 2.5 12.4 0.5 120
Amount ($
millions*)
log Amount | 113 15.1 14.7 1.2 13.1 18.6
Age (years) 113 2.57 2.7 0.68 1.0 3.0

*Note: Valuation and Funding Amount reported in both raw and log-transformed forms.

Log transformations are used in regression analyses.

After log transformation, the dependent variable (log_Valuation) spans a range from 14.0
to 20.9, with an average value of 17.2 and a standard deviation of 1.4. Visual inspection
using histograms and Q—Q plots indicates that the transformed valuation variable is

approximately normally distributed, supporting its use in ordinary least squares
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regression. An additional benefit of this transformation is interpretational clarity:
coefficients estimated on log Valuation can be read as proportional or percentage effects,
rather than absolute changes in dollar terms, which is more consistent with how startup

valuations respond to market sentiment and investment dynamics.

Funding amounts display a similar pattern of right skew, varying from USD 0.5 million
to USD 120 million. While the mean funding amount is USD 5.03 million, the median is
notably lower at USD 2.5 million, again reflecting the influence of a small number of
large funding rounds. To address this skewness and to better capture the scaling
relationship between capital raised and valuation, funding amount is also log-transformed
(log_Amount). This variable serves as a key control, reflecting not only the mechanical
link between funding and valuation, but also broader signals of investor confidence and

deal competitiveness.

Company age, in contrast, is more evenly distributed around its mean of 2.57 years.
However, because the sample is intentionally restricted to early-stage firms aged between
one and three years, the variation in this variable is naturally limited. Despite this
constraint, company age is retained as a control to account for potential maturity effects
within the early-stage cohort, such as differences in traction, governance, or perceived

execution risk.

4.2.3 Hype and Sentiment Metrics
Table 10 below has the descriptive statistics for the four sentiment indicators which are

operationalized search volume, recovery ratio, trend slope, and the composite hype index.
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Table 10 : Descriptive Statistics—Hype and Sentiment Indicators

Variable N Mean SD Min Max
search volume 113 452 28.3 2 98
recovery_ratio 113 1.18 0.64 0.3 3.2
trend_slope 113 0.82 2.14 -4.5 6.8
hype_index 113 0.00 1.00 -1.09 1.25

*Note: search_volume measured on Google Trends 0-100 scale; recovery_ratio is 2024-
25 search divided by 2022-23 search; trend_slope is OLS regression coefficient of search

on time; hype index is standardised composite (mean=0, SD=1 by construction).

Search volume averages 45.2 (SD = 28.3) on Google Trends’ 0—100 normalized scale,
indicating moderate to high public visibility across the sample, with substantial cross-
firm variation. Values range from 2, reflecting minimal search presence, to 98, capturing
near-peak attention. The recovery ratio has a mean of 1.18 (SD = 0.64), implying that
search attention during the 20242025 recovery period was, on average, 18 per cent
higher than during the 2022-2023 correction. Ratios above one indicate increasing
visibility, while values below one indicate declining attention, with observed values

ranging from 0.3 to 3.2.

Trend slope has a mean of 0.82 (SD = 2.14), indicating a modest average increase in
search attention over time, alongside substantial variation across firms. Values range
from —4.5, reflecting declining interest, to 6.8, capturing rapidly accelerating attention.

The composite hype index is standardized by construction (mean = 0, SD = 1), with
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observed values ranging from —1.09 to 1.25. The slightly wider upper tail indicates the

presence of a small number of high-hype firms.

4.2.4 Sector Comparisons
Table 11 identifies the mean valuations and hype scores by sector, reflecting notable

differences that motivate subsequent interaction analysis.

Table 11: Valuation and Hype Metrics by Sector

Sector N Mean Median Mean Hype | SD Hype
Valuation Valuation Index Index
($M) ($M)
FinTech 94 523 11.2 0.08 0.97
Al 25 78.4 18.5 -0.15 1.12
Other 19 71.2 15.8 -0.28 0.89
Total Sample 113 58.9 12.1 0.00 1.00

*Note: Sectors not mutually exclusive (some companies coded multiple sectors). Mean

hype_index for Total Sample is 0.00 by construction (standardized variable).

FinTech firms, which comprise 83 per cent of the sample, exhibit lower mean and median
valuations (USD 52.3 million and USD 11.2 million, respectively) than Al and other
sectors, though these differences are not statistically significant in univariate tests (p >
0.10). Hype scores display a contrasting pattern: FinTech firms have slightly positive

average hype, while Al and other sectors exhibit negative mean scores, indicating
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relatively stronger public attention despite lower valuations. This divergence anticipates

the interaction effects examined later.

4.2.5 Temporal Patterns: Correction vs. Recovery Periods

Table 12 compares mean valuations and hype metrics across the two hype cycle phases

defined by the Period 2024 25 variable.

Table 12 :Temporal Comparison—Correction (2022-2023) vs. Recovery (2024-2025)

Metric Correction | Recovery Difference | t-statistic p-value
(2022-23) (2024-25)

N (rounds) 52 61 — — —
Mean Valuation ($M) 34.2 79.8 +45.6 2.18 0.031
Median Valuation 9.8 15.3 +5.5 — —
($M)

Mean log_Valuation 16.8 17.5 +0.7 2.95 0.004
Mean search_volume 41.3 48.5 +7.2 1.42 0.158
Mean hype index -0.23 0.20 +0.43 2.38 0.019

Note: t-statistics from independent samples t-tests. p<0.05, p<0.01.

Mean valuation is higher in the recovery phase than in the correction phase (USD 79.8m

vs. USD 34.2m; p =0.031). Mean log_Valuation increases from 16.8 to 17.5 (p = 0.004).

Search volume rises modestly but is not statistically significant, while the composite hype

index shifts from —0.23 to 0.20 (p = 0.019). Boxplots indicate higher medians and greater

dispersion in recovery-period valuations.
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4.2.6 Summary of Descriptive Findings

Descriptive statistics indicate a sample marked by pronounced valuation dispersion, with
a roughly thousand-fold range that motivates the use of log-transformed valuations in
subsequent regressions. Public attention is, on average, moderate to high, though highly
uneven across firms, reflecting substantial heterogeneity in visibility. Measures of
recovery momentum suggest an overall rebound in attention from the correction to the
recovery phase, while clear sectoral differences emerge: FinTech firms tend to exhibit
lower valuations but relatively higher hype intensity. Temporal comparisons further show
that recovery-period valuations are approximately double those observed during the
correction phase and are accompanied by improved hype metrics. Taken together, these
patterns provide preliminary support for the study’s hypotheses and motivate the
multivariate regression analysis that follows, which isolates independent effects while

controlling for confounding factors.

4.3 Research Question 1: Hype Cycle Stage Effects on Valuation
RQ1: How do different stages of the hype cycle influence the valuation trajectories of

early-stage startups?

Hypothesis 1 (H1): Startups raising capital during the recovery period (2024-
2025) will exhibit significantly higher valuations than those raising during the

correction period (2022-2023), controlling for other factors.
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Figure 4: Mean Startup Valuation by Hype Cycle Phase
Analytical Approach

Research Question 1 (RQ1) is examined using the coefficient on Period 2024 25 in
Model 4, the hybrid specification that incorporates traditional firm controls (company age
and sector), sentiment effects (the composite hype index), and funding amount
(log_Amount). The binary variable Period 2024 25 takes the value of one for funding
rounds announced during the 2024-2025 recovery phase and zero for those occurring in
the 2022-2023 correction period. Its estimated coefficient captures the average
percentage difference in post-money valuations between the recovery and correction

phases, conditional on all other variables in the model.
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Model 4 specification:

log Valuation = po + pi1(Age) + p:(is_FinTech) + Ps(is_Al) + Ps(hype_index) +

Ps(Period 2024 _25) + fs(log Amount) + ¢

4.3.1 Regression Results
Table 13 below presents the full regression results for Model 4, with focus on the

Period 2024 25 coefficient.

Table 13: Model 4 Regression Results—Hybrid Model with Hype Cycle Stage

Variable Coefficient Std. Error t-statistic p-value
(Intercept) 8.324 1.856 4.48 <0.001
Age -0.082 0.118 -0.69 0.489
1s_FinTech -0.285 0.245 -1.16 0.248
1s_Al 0.197 0.278 0.71 0.480
hype index 0.274 0.162 1.69 0.094+
Period 2024 25 0.640 0.192 3.33 0.001
log Amount 0.508 0.095 5.35 <0.001
Model Fit:

R? 0.489

Adjusted R? 0.460

F-statistic 16.90 <0.001
N 113

Note: Dependent variable is log Valuation. 1 p<0.10, p<0.05, p<0.01, p<0.001.
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The coefficient on Period 2024 25 is 0.640 (SE =0.192; t =3.33; p = 0.001), indicating
a strong and statistically significant recovery-period effect. Holding company age, sector,
hype intensity, and funding amount constant, startups that raised capital during the 2024—
2025 recovery phase achieved valuations that were approximately 90 per cent higher than
those raised during the 2022—-2023 correction period. This effect corresponds to an
estimated valuation multiplier of exp (0.640) = 1.90, underscoring the substantial

repricing of startups as market conditions shifted from correction to recovery.

To illustrate the economic magnitude of this effect, consider a representative
FinTech firm with average characteristics (company age of 2.6 years, a neutral
hype index, and a funding amount of USD 5 million). If such a firm raised
capital during the 2022-2023 correction period, its predicted post-money
valuation would be approximately USD 15 million. In contrast, an otherwise
identical firm raising capital during the 2024—2025 recovery phase would be
valued at around USD 28.5 million. The resulting difference of roughly USD
13.5 million can be attributed to the shift in market conditions between the
correction and recovery phases, reflecting restored investor confidence rather

than firm-specific fundamentals.

4.3.2 Interpretation and Hypothesis Testing
The estimated recovery premium of approximately 90 per cent provides robust empirical
support for Hypothesis 1, indicating that temporal positioning within the hype cycle is

strongly associated with early-stage startup valuations. After controlling for firm age,
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sector, funding amount, and sentiment indicators, startups raising capital during the
recovery phase achieve significantly higher valuations than those raising during the
correction phase, highlighting the influence of broader market conditions on venture

pricing (Kaplan and Lerner, 2016).

The size of the estimated recovery effect is not only statistically robust but also
economically meaningful. Its magnitude exceeds the valuation differences typically
attributed to sectoral or geographic factors in prior research. For example, Gompers and
Lerner (2004) document sector premiums of approximately 20—30 per cent between
software and hardware ventures. By comparison, the recovery-phase premium identified
in this study is substantially larger, suggesting that market timing and sentiment
conditions may play a more prominent role than static sector characteristics in shaping

valuation outcomes for early-stage firms.

From an interpretive perspective, the recovery premium appears consistent with several
mutually reinforcing mechanisms. These include a rebound in investor risk appetite
following correction-driven caution, increased competition among investors as capital re-
enters the market after a period of restraint, and a broader narrative shift in media and
investor discourse from pessimism to selective optimism. Together, these factors may

create an environment in which higher valuations become both feasible and acceptable.

In this sense, the findings align with the Gartner Hype Cycle framework (Fenn and
Raskino, 2008), which proposes that expectations and valuations evolve systematically

across different stages of market development. By translating these stages into observable
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temporal indicators and estimating their association with valuation outcomes, this study
contributes quantitative evidence to a framework that has largely been discussed in

conceptual terms.

4.3.3 Robustness and Alternative Specifications
To ensure robustness, the Period 2024 25 effect was tested across alternative model

specifications:

- Model excluding hype_index: p_Period = 0.683 (p < 0.001), slightly larger

magnitude, confirming effect is not confounded with hype metrics.

- Model with period-specific dummy for each year: 2024 coefficient = 0.612 (p <
0.01), 2025 coefficient = 0.698 (p < 0.01), both significantly positive, confirming

COnsistency across recovery years.

- Model with quarterly dummies: Recovery quarters exhibit uniformly higher
valuations than correction quarters, with gradual increase from Q1 2024 through

02 2025, consistent with progressive market improvement.

Across all model specifications, the results consistently point to the same conclusion:
companies raising capital during the recovery phase are valued significantly higher than
comparable firms that raised during the correction phase. The estimated valuation
premium remains large across alternative specifications, ranging from approximately 83
per cent to just over 100 per cent, depending on the set of controls included. This

consistency across models reinforces the robustness of the core finding.
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4.3.4 Summary of RQ1 Findings

Research Question 1 is addressed by empirical results, which show that hype-cycle stage
is strongly associated with early-stage startup valuations. After controlling for firm
fundamentals, sector, funding amount, and sentiment measures, companies raising capital
during the 2024-2025 recovery period achieve valuations that are approximately 90 per
cent higher than otherwise comparable firms raising during the 2022-2023 correction
phase. These findings provide strong support for Hypothesis 1 and indicate that temporal

positioning within the market cycle is a significant determinant of valuation outcomes.

4.4 Research Question 2: Comparative Effectiveness of Hype Indicators
RQ2: What quantifiable indicators of hype correlate most strongly with early-stage

startup valuations?

Hypothesis 2 (H2): Google Trends search volume will demonstrate a positive and

statistically significant relationship with startup valuations, validating its use as a

primary hype proxy.

4.4.1 Analytical Approach

Research Question 2 (RQ2) is examined by comparing the explanatory power of simple
and composite sentiment measures across Models 2 and 3. Model 2 introduces Google
Trends search_volume as a standalone sentiment indicator alongside the baseline control
variables. Model 3 replaces this single measure with the weighted composite hype index,
which aggregates multiple dimensions of attention dynamics. The relative performance of

the two approaches is assessed using coefficient significance, overall model fit (R?), and
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the incremental explanatory power each model provides beyond the baseline specification

in Model 1.

Model 2 specification:

log Valuation = fo + pi(Age) + p:(is_FinTech) + Ps(is_Al) + Ps(search _volume) + ¢

Model 3 specification:

log Valuation = po + pi1(Age) + P:(is_FinTech) + Ps(is_Al) + Ps(hype_index) + &

4.4.2 Regression Results: Simple Search Volume (Model 2)

Table 14 presents Model 2 results, testing the simple Google Trends search_volume

indicator.
Table 14: Model 2 Regression Results—Simple Search Volume
Variable Coefficient Std. Error t-statistic p-value

(Intercept) 15.986 0.486 32.88 <0.001
Age -0.124 0.166 -0.75 0.456
is_FinTech -0.447 0.326 -1.37 0.173
is_Al 0.298 0.381 0.78 0.436
search_volume 0.020 0.006 3.45 0.001
Model Fit:

R2 0.162

Adjusted R? 0.131
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F-statistic 5.21 <0.001

N 113

Note: Dependent variable is log Valuation. p<0.001.

In Model 2, the coefficient on search volume is positive and statistically significant (f =
0.020, SE = 0.006; t =3.45; p = 0.001), indicating a meaningful association between
public attention and valuation. Substantively, a 10-point increase in Google Trends
search volume—tfor example, from 40 to 50 on the 0—100 scale—is associated with an
increase of 0.20 in log-valuation, corresponding to approximately a 22 per cent higher

post-money valuation (exp(0.20) = 1.22).

Model fit improves noticeably with the inclusion of search volume. The R? rises to 0.162,
implying that search volume, together with firm age and sector controls, explains 16.2 per
cent of the variation in valuations—more than double the explanatory power of the
baseline model (R? = 0.075). The incremental increase in explanatory power (AR? =
0.087) is statistically significant (F-test p < 0.01), confirming that simple measures of
public attention derived from Google Trends add meaningful information beyond

traditional controls.

4.4.3 Regression Results: Composite Hype Index (Model 3)

Table 15 presents Model 3 results, testing the weighted composite hype index.
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Table 15: Model 3 Regression Results—Composite Hype Index

Variable Coefficient Std. Error t-statistic p-value
(Intercept) 17.164 0.166 103.26 <0.001
Age -0.098 0.175 -0.56 0.577
is_FinTech -0.509 0.344 -1.48 0.142
is Al 0.342 0.401 0.85 0.396
hype_index 0.406 0.224 1.81 0.073+
Model Fit:

R? 0.101

Adjusted R? 0.068

F-statistic 3.03 0.020
N 113

Note: Dependent variable is log Valuation. 1 p<0.10, p<0.05, p<0.001.

In Model 3, the coefficient on the composite hype index is positive but only marginally

significant (B = 0.406, SE = 0.224; t = 1.81; p = 0.073). This suggests a weaker and less

precisely estimated relationship between composite hype intensity and valuation. In

substantive terms, a one—standard deviation increase in the hype index is associated with

a 0.406 increase in log-valuation, corresponding to an approximate 50 per cent higher

valuation (exp (0.406) = 1.50). However, this effect does not reach conventional levels of

statistical significance.
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Model fit also declines relative to the specification using simple search volume. The R?
for Model 3 is 0.101, indicating that the composite index explains about 10.1 per cent of
the variation in valuations—considerably less than the 16.2 per cent explained by Model
2. The incremental explanatory power over the baseline model (AR? = 0.026) is modest
and substantially smaller than that provided by search volume alone. Taken together, the
weaker statistical significance and lower explanatory power suggest that, in this setting,
the composite hype index performs less effectively than the simpler, single-indicator

measure of public attention.

4.4.4 Comparative Analysis: Simple vs. Composite Indicators
Direct comparison reveals that simple search volume outperforms the composite hype

index across all evaluation criteria as in Table 16 below -

Table 16: Comparison of Model 2 and Model 3

Metric Model 2 Model 3 Winner
(search_volume) (hype_index)

Coefficient p=10.001 p=0.073 search_volume
significance

Model R? 0.162 0.101 search volume
Incremental AR? 0.087 0.026 search_volume
over baseline

t-statistic 3.45 1.81 search volume
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This unexpected finding—that a single parsimonious indicator outperforms a
theoretically motivated composite—has important methodological and practical

implications. The composite index’s underperformance likely reflects three factors:

1. Noise aggregation: Combining multiple metrics (search, recovery ratio, trend
slope) introduces measurement error from weaker components, diluting the signal

from the strongest component (search volume).

2. Weighting uncertainty: The 50-30-20 weighting scheme, while theoretically
justified, is somewhat arbitrary. Alternative weightings (tested via sensitivity
analyses) produce similar results, suggesting that no weighting optimally balances

components for valuation prediction.

3. Interference among components: recovery ratio and trend_slope both derive
from search volume temporal patterns, creating redundancy that inflates standard

errors when aggregated.

Parsimony principle: “In contexts with limited sample size (N=113) and multiple sources
of measurement error, simpler indicators often outperform complex constructions—a
finding consistent with prior research on composite indices” (Da, Engelberg and Gao,

2011).

4.4.5 Interpretation and Hypothesis Testing
The results provide strong support for Hypothesis 2. Google Trends search_volume

exhibits a positive and highly statistically significant association with early-stage startup
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valuations ( = 0.020; p = 0.001), indicating that greater public attention is systematically
linked to higher valuation outcomes. This finding extends earlier evidence from public
equity markets, which identifies search activity as a proxy for investor attention (Da,

Engelberg and Gao, 2011), to the context of private and early-stage ventures.

An additional and somewhat unexpected insight emerges from the comparison of
sentiment measures. The simple search-volume indicator outperforms the more complex
composite hype index in both statistical significance and explanatory power. This
suggests that transparent, single-dimension measures of attention may capture valuation-
relevant sentiment more effectively than aggregated indices, at least in early-stage
settings. The result is consistent with the principle of parsimony in empirical modelling
and highlights the practical advantages of simpler metrics for both researchers and

practitioners.

From a practical perspective, the findings imply that publicly observable search activity
can serve as a useful input into early-stage valuation assessment. For example, a startup
positioned in the upper quartile of search attention (around 65 on the 0—-100 scale) is
associated, on average, with substantially higher valuations than a comparable firm in the
lower quartile (around 25), holding firm fundamentals constant. While such differences
should not be interpreted mechanically, they illustrate how attention-based signals can

meaningfully complement traditional due diligence in private markets.
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4.4.6 Summary of RQ2 Findings

Research Question 2 is addressed by the results, which show that simple Google Trends
search volume is a more effective indicator of hype-related valuation effects than
composite sentiment measures. Search volume outperforms the composite index in terms
of statistical significance, explanatory power, and overall model fit, providing strong
support for Hypothesis 2 and validating Google Trends as a practical proxy for investor
attention in early-stage markets. The finding that a transparent single indicator performs
better than a weighted composite carries useful methodological implications, suggesting
that parsimony may be preferable when incorporating sentiment into valuation models.
These results are relevant for both researchers, in guiding indicator selection, and
practitioners, who may benefit from prioritizing search-based attention measures in

valuation assessments.

4.5 Research Question 3: Hybrid Model Performance vs. Traditional Approaches
RQ3: Can a hybrid valuation model incorporating hype indicators improve the

explanatory and predictive power of traditional valuation methods?

Hypothesis 3 (H3): The hybrid valuation model (Model 4) will achieve
significantly higher R? than the traditional model (Model 1), demonstrating that

sentiment integration improves explanatory power.
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4.5.1 Analytical Approach

Maodel 5

(+Interaction} 51.2%
Model 4
{+Period) 48.9%

Model 3 |
{+Hype Index) 23.5%

Model 2

{+Search Volume) 16.2%

Model 1
(Demographic)

[551% Improvement|

0.2 0.3 0.4 0.5
R? (Explanatory Power)

Figure 5 :Model Comparison—Explanatory Power (R?)

RQ3 is addressed through hierarchical model comparison, evaluating incremental
improvements in explained variance (R?) as sentiment indicators, hype cycle positioning,
and funding fundamentals are progressively added to the baseline traditional model. Five

models are estimated:

- Model 1 (Baseline/Traditional): Age + Sector dummies only

- Model 2: Model 1 + search _volume

- Model 3: Model 1 + hype index
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- Model 4 (Hybrid): Model 1 + hype index + Period 2024 25 +log Amount

- Model 5 (Interaction): Model 4 + FinTech_x_Hype interaction

The key comparison for RQ3 is Model 1 (traditional) versus Model 4 (hybrid),
with incremental R? (AR?) quantifying the improvement attributable to sentiment

and temporal integration.

4.5.2 Model Comparison Results
Table 17 presents complete hierarchical regression results, displaying coefficients for all

predictors across all five models alongside model fit statistics.

Table 17 : Hierarchical Regression Results—Models 1 through 5

Predictor Model 1 Model 2 Model 3 Model 4 Model 5
Age -0.135 -0.124 -0.098 -0.082 -0.074
is_FinTech -0.422 -0.447 -0.509 -0.285 -0.974
is Al 0.304 0.298 0.342 0.197 0.208
search_volume — 0.020 — — —
hype_index — — 0.4067 0.274% -1.238
Period 2024 25 — — — 0.640 0.652
log Amount — — — 0.508 0.512
FinTech x Hype — — — — 1.807
R? 0.075 0.162 0.101 0.489 0.522
Adjusted R? 0.049 0.131 0.068 0.460 0.490

173



F-statistic

2.93

5.21

3.03

16.90

16.33

AR? vs. Model 1

+0.087

+0.026

+0.414

+0.447

Note: 7 p<0.10, p<0.05, p<0.01, p<0.001. Coefficients reported; standard errors omitted

for space.

4.5.3 Interpretation of Model Progression

The hierarchical progression reveals several key patterns:

Model 1 (Traditional baseline): Age and sector classification alone explain only
7.5% of valuation variance (R? = 0.075), a strikingly low figure that underscores
traditional demographic factors’ inadequacy for early-stage valuation. None of the
individual coefficients are statistically significant, though the overall F-statistic
(2.93, p <0.05) indicates the model marginally beats a null (intercept-only)

specification.

Model 2 (Add search_volume): Adding Google Trends search volume more than
doubles explanatory power, increasing R? to 16.2% (AR? = +0.087, F-test for
increment p < 0.01). This demonstrates that a single sentiment indicator

contributes more explanatory power than all traditional factors combined.

Model 3 (Add hype_index): The composite index yields R* = 10.1%, a smaller
improvement (AR? = +0.026) than simple search volume, reinforcing the RQ2

finding that parsimony outperforms complexity.
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Model 4 (Hybrid—Add Period and Amount): The hybrid model achieves R =
0.489, explaining nearly 50% of valuation variance—a 551% improvement over
the traditional baseline (AR? =+0.414, from 0.075 to 0.489). The F-statistic
(16.90, p <0.001) confirms highly significant overall model fit. This dramatic
improvement reflects three factors: (1) hype cycle stage (Period 2024 25)
captures market-wide sentiment shifts; (2) funding amount (log_ Amount) proxies
both mechanical valuation calculation and investor confidence; (3) hype index,
while weaker alone, contributes incremental variance when combined with

temporal and fundamental controls.

Model 5 (Add interaction): The FinTech x Hype interaction further increases R?
to 52.2% (AR? =+0.033 over Model 4, F-test p < 0.01), revealing sector-specific

dynamics addressed later.

4.5.4 Decomposing the Hybrid Model’s Improvement
To understand which components, drive the hybrid model’s superior performance,

incremental R? contributions were isolated through sequential model comparisons.

Table 18 : Sequential model comparison

Component Added AR? vs. Previous Model Cumulative R?
Age + Sector (baseline) — 0.075
+ hype index +0.026 0.101
+ Period 2024 25 +0.149 0.250
+log Amount +0.239 0.489
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Key insights:

- Funding amount (log_Amount) contributes the largest increment (+0.239,
approximately 49% of total Model 4 R?), confirming that deal size and investor
confidence are primary valuation drivers.

- Hype cycle stage (Period 2024 25) contributes the second-largest increment
(+0.149, approximately 30% of total R?), validating temporal dynamics’
importance.

- Hype index contributes modestly (+0.026, approximately 5% of total R?), though
its marginal significance in Model 4 suggests incremental value when combined
with other factors.

- Traditional factors (age, sector) remain weak throughout, never exceeding 7.5%

explanatory power, reinforcing their insufficiency for early-stage contexts.

This decomposition reveals that the hybrid model’s success stems primarily from
capturing market timing (Period) and fundamental deal dynamics (Amount), with
sentiment (hype index) playing a supporting role. Sentiment’s modest direct contribution
does not diminish its theoretical importance—rather, sentiment likely operates indirectly,
influencing funding amounts and cycle positioning (mediation effects explored in

Chapter 5).

4.5.5 Hypothesis Testing and Practical Implications
Hypothesis 3 is decisively supported: the hybrid model (Model 4) achieves R* = 0.489,

compared to R? = 0.075 for the traditional model—a 551% improvement. The magnitude
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of this improvement surpasses typical enhancements from adding control variables in
valuation research and validates the core thesis that behavioral and temporal dynamics

must be integrated into early-stage valuation frameworks.

Practically, the hybrid model enables more accurate valuation estimation: predicted
valuations from Model 4 exhibit mean absolute percentage error (MAPE) of 38%,
compared to 67% for Model 1—a 43% reduction in prediction error. While 38% error
remains substantial (reflecting inherent startup valuation uncertainty), the improvement

demonstrates tangible benefits of sentiment integration.

For practitioners, the implications are clear: valuation models relying solely on age and
sector are inadequate. Investors should incorporate (1) market timing indicators (tracking
hype cycle phases), (2) funding amount benchmarks (recognizing that capital raised
drives valuations mechanically and psychologically), and (3) sentiment proxies (Google
Trends search volume as minimum viable metric). Entrepreneurs should time fundraising
to coincide with recovery phases when possible and invest in attention-generating

activities (PR, thought leadership, social proof) that elevate search volume.

4.5.6 Summary of RQ3 Findings

Research Question 3 is conclusively answered: hybrid valuation models integrating hype
indicators, market timing, and fundamental factors dramatically outperform traditional
demographic approaches. The 551% improvement in R? (from 7.5% to 48.9%)
constitutes strong empirical validation of sentiment-integrated valuation theory.

Hypothesis 3 is decisively supported. However, decomposition analysis reveals that

177



improvement stems primarily from market timing (Period) and deal fundamentals
(Amount) rather than sentiment metrics alone, suggesting that hype operates through
indirect pathways (explored in Chapter 5). For academic research, these findings
establish sentiment-integrated hybrid models as superior frameworks for early-stage
valuation. For practice, they justify systematic incorporation of hype cycle tracking and

attention measurement into due diligence and valuation processes.

4.6 Research Question 4: Sector-Specific Dynamics and the FinTech Hype-
dependency Paradox
RQ4: How do investor perceptions and sector-specific dynamics mediate the impact of

hype on early-stage valuation, particularly within FinTech?

Hypothesis 4 (H4): FinTech companies will exhibit stronger hype-valuation relationships

than other innovation sectors, reflected in significant positive interaction coefficient.
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4.6.1 Analytical Approach
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Figure 6: Predicted Valuation by Sector and Hype Cycle Stage
RQ4 is addressed through Model 5, which adds a FinTech x Hype interaction term to the

hybrid specification. The interaction tests whether the marginal effect of hype on
valuation differs between FinTech and non-FinTech companies, operationalising the
hypothesis that FinTech’s unique structural characteristics (regulatory uncertainty,

network effects, credibility challenges) create distinctive hype-sensitivity.

Model 5 specification:

log Valuation = po + pi1(Age) + p:(is_FinTech) + ps(is_AIl) + fs(hype_index) +

Ps(Period 2024 _25) + Ps(log_Amount) + pr(FinTech_x Hype) + ¢

The interaction term FinTech x Hype =is_FinTech % hype index. Coefficient

indicates whether the hype-valuation slope differs for FinTech versus other sectors.
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4.6.2 Regression Results: The FinTech Paradox Uncovered

Table 19 presents Model 5 results, focusing on the interaction effect.

Table 19: Model 5 Regression Results—FinTech x Hype Interaction

Variable Coefficient Std. Error t-statistic p-value
(Intercept) 8.105 1.842 4.40 <0.001
Age -0.074 0.116 -0.64 0.526
is_FinTech -0.974 0.524 -1.86 0.066t
is_Al 0.208 0.273 0.76 0.448
hype_index -1.238 0.717 -1.73 0.087t
Period 2024 25 0.652 0.189 3.45 <0.001
log Amount 0.512 0.093 5.50 <0.001
FinTech x Hype 1.807 0.642 2.81 0.006
Model Fit:

R? 0.522

Adjusted R? 0.490

F-statistic 16.33 <0.001
N 113

Note: Dependent variable is log Valuation. 1 p<0.10, p<0.01, p<0.001.

Three coefficients jointly reveal the FinTech hype-dependency paradox:

is_FinTech main effect: f = -0.974 (SE = 0.524, t = -1.86, p = 0.0667)
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- Interpretation: For companies with zero hype (hype index = 0), FinTech
companies are valued exp (-0.974) = 0.38 times non-FinTech

companies—a 62% discount.

hype_index main effect (for non-FinTech): f =-1.238 (SE = 0.717,t =-1.73, p =

0.087%)

- Interpretation: For non-FinTech sectors, increasing hype is marginally
associated with lower valuations—a counterintuitive finding suggesting

investor scepticism toward hype in non-FinTech contexts.

FinTech_x_Hype interaction: = 1.807 (SE = 0.642, t = 2.81, p = 0.006)

- Interpretation: The hype-valuation relationship is 1.807 units more
positive for FinTech than for other sectors—a highly statistically

significant difference.

4.6.3 Computing Total FinTech Hype Effect
The total marginal effect of hype for FinTech companies is the sum of the main hype

effect and the interaction:

Total FinTech hype effect = f_hype + p_interaction = -1.238 + 1.807 = +0.569
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This positive net effect (though not statistically tested directly) suggests that for FinTech
companies, increasing hype is associated with higher valuations, whereas for non-

FinTech companies, hype has negligible or negative effects.

More precisely, the conditional effects by sector are:

Table 20: Sector and effects of Hype

Sector Marginal Effect of Hype Interpretation
FinTech +0.569 1-SD increase in hype —
~77% higher valuation
Non-FinTech -1.238% 1-SD increase in hype —
~71% lower valuation
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4.6.4 Visualizing the Interaction: The Hype-Dependency Crossover
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Figure 7: Predicted Valuation by Sector and Hype Level (Interaction Effect)

Figure 7 plots predicted log_Valuation against hype index for FinTech (blue line) and

non-FinTech (red line) companies, holding other variables at means. The plot reveals:

- At low hype (hype index <-0.5): FinTech companies have substantially lower

valuations than non-FinTech companies (FinTech discount dominates).

- At mean hype (hype index = 0): FinTech and non-FinTech valuations converge
(discount offset by modest positive hype effect for FinTech, negative for non-

FinTech).
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- At high hype (hype index >+0.5): FinTech companies have substantially higher

valuations than non-FinTech companies (FinTech hype-leverage dominates).

The crossover pattern illustrates the paradox: FinTech companies are uniquely dependent
on hype for valuation competitiveness. Without hype, they face skepticism discounts;

with hype, they achieve premium valuations.

4.6.5 Interpretation: Why FinTech Exhibits Unique Hype-Dependency

The FinTech paradox aligns with theoretical predictions developed in Chapter 2:

1. Regulatory uncertainty: FinTech faces evolving regulations that create
fundamental uncertainty unresolvable through traditional due diligence. Hype—
manifested as media visibility, policy endorsements, and social proof—serves as a
credibility signal, reducing perceived regulatory risk. High-hype FinTech
companies signal political acceptance and adoption momentum, justifying higher
valuations. Low-hype FinTech companies face skepticism about regulatory

viability, triggering discounts.

2. Network effects imperative: FinTech business models depend critically on
achieving network scale (users, merchants, transaction volume). Hype correlates
with user acquisition momentum: companies generating media attention and
search volume attract users through awareness and social proof. Investors
recognize this dynamic, valuing high-hype FinTech companies for their adoption
trajectories. Low-hype FinTech companies struggle to achieve critical mass,

depressing valuations.
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3. Credibility against incumbents: FinTech startups challenge established banks
with centuries of trust and capital. High hype provides legitimacy by
association—if media, influencers, and policymakers discuss a FinTech company
favorably, it signals disruption potential. Low-hype FinTech companies lack this
legitimacy signal, appearing as long-shot challengers unlikely to overcome

incumbent advantages.

4. Investor learning curves: FinTech in emerging markets (particularly India, 75%
of sample) is relatively novel. Investors lack deep sector expertise and rely more
heavily on external signals—hype, media consensus, social proof—when
evaluating opportunities. In more familiar sectors (SaaS, traditional software),
investors rely on technical differentiation and operational metrics, rendering hype

less influential.

4.6.6 Why Non-FinTech Shows Negative Hype Effects
The marginally significant negative hype coefficient for non-FinTech sectors (f = -1.238,

p = 0.087) is unexpected and merits explanation. Possible interpretations include:

1. Investor skepticism toward hype outside FinTech: In sectors where
fundamentals are more observable (Al technical capabilities, SaaS traction
metrics), excessive hype may signal overpromising or founder hubris, triggering
discounts rather than premiums. Sophisticated investors in these sectors may
penalize “all hat, no cattle” companies with high visibility but weak technical

differentiation.
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2. Sample composition: The “Other” sector category includes diverse companies
(Cloud, SaaS, general tech) where hype may operate differently. Aggregating
heterogeneous sectors into a single comparison group obscures sector-specific

dynamic.

3. Statistical artifact: The negative coefficient is marginally significant (p = 0.087)
and relatively imprecise (SE = 0.717). The estimate may reflect sampling

variability rather than true negative relationships.

4. Reverse causality: High-valuation non-FinTech companies may reduce hype-
generation activities (PR, social media) after securing capital, focusing resources
on product development. This would create spurious negative correlation between

observed hype and valuation.

While intriguing, the non-FinTech negative effect is secondary to the research focus. The
primary contribution is the positive, significant FinTech x Hype interaction,

demonstrating FinTech’s distinctive hype-dependency.

4.6.7 Hypothesis Testing and Implications

Hypothesis 4 is strongly supported: FinTech companies exhibit significantly stronger
hype-valuation relationships than other sectors, with an interaction coefficient of 1.807 (p
=0.006). The magnitude is substantial—FinTech’s hype sensitivity is 181% greater than

non-FinTech sectors—and the statistical significance is robust.
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This finding represents a major empirical contribution, revealing sector-contingent
sentiment effects absent from prior research. While behavioral finance demonstrates
sentiment affects asset pricing (Baker and Wurgler, 2006), sector-specific contingencies
have been underexplored. This research shows that sentiment-valuation relationships are
not universal but depend on industry characteristics, regulatory uncertainty, network

dependencies, competitive positioning—that vary across sectors.

Practically, the FinTech paradox has strategic implications:

For FinTech entrepreneurs:

- Hype generation is not optional—it is a valuation necessity. FinTech founders
must systematically invest in visibility: media relations, thought leadership,

conference presence, social media engagement.

- Timing matters: Launching fundraising during high-attention periods (following
product launches, regulatory wins, partnership announcements) maximizes hype-

driven premiums.

- Narrative coherence: FinTech pitches should emphasize regulatory acceptance
signals, adoption momentum, and disruption narratives to activate hype-valuation

linkages.
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For FinTech investors:

- Incorporate sentiment systematically: Google Trends data, media coverage, and
social proof metrics should be formal due diligence inputs, not informal “vibe

checks.”

- Adjust valuations for hype positioning: High-hype FinTech companies warrant
premiums; low-hype companies warrant discounts, even with comparable

operational metrics.

- Beware valuation inflation: During hype peaks, FinTech valuations may exceed
sustainable levels. Investors should calibrate expectations for hype-cycle

reversals.

For non-FinTech sectors:

- Hype is less critical: Al, SaaS, and Cloud companies can rely more on technical
differentiation and operational traction. Excessive hype may even backfire,

signaling overpromising.

- Focus on fundamentals: Investors in these sectors should weigh demonstrable

capabilities, customer traction, and revenue metrics over public visibility.

4.6.8 Summary of RQ4 Findings
Research Question 4 is decisively answered: sector-specific dynamics profoundly
mediate hype’s impact on valuations. FinTech companies exhibit a striking hype-

dependency paradox: without hype, they face 62% valuation discounts; with hype, they
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leverage 181% stronger positive effects than other sectors. Hypothesis 4 is strongly
supported. This sector-specific finding extends valuation theory by demonstrating that
sentiment effects are conditional, not universal—FinTech’s regulatory uncertainty,
network dependencies, and credibility challenges create unique reliance on narrative and
attention signals. The implications for strategy, investment practice, and future research

are substantial and elaborated in Chapters 5 and 6.

4.7 Additional Findings and Diagnostic Tests
Beyond the four primary research questions, several additional findings and diagnostic

test results merit reporting.

4.7.1 Control Variable Effects

— Funding Amount (log_ Amount): The log Amount coefficient consistently is the
strongest predictor across all models where included (Models 4-5: B = 0.51, p <
0.001). This is both mechanically expected (post-money valuation = pre-money +
amount) and economically meaningful (larger rounds signal investor confidence
and competitive bidding). The magnitude (f = 0.508 in Model 4) indicates that a
1% increase in funding amount is associated with approximately 0.51% increase
in valuation—near-perfect proportionality with slight convexity, consistent with
dilution constraints.

— Company Age: Age is consistently non-significant across all models (p > 0.10),
with small negative coefficients (-0.07 to -0.13). This null finding suggests that

within the narrow 1-3 year age range, maturity effects are negligible. Older
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companies within this cohort do not command premiums; if anything, slight (non-
significant) discounts may reflect that younger companies benefit from “hot new
startup” narratives.

— Sector Dummies (is_FinTech, is_ Al): In models without interactions (Models 1-
4), sector dummies are non-significant, indicating no baseline valuation
differences across sectors after controlling other factors. However, Model 5
reveals that the is_FinTech main effect becomes significant (f =-0.974, p =
0.066) when the interaction is included, exposing the conditional relationship:

FinTech’s valuation positioning depends critically on hype.

4.7.2 Multicollinearity Diagnostics (Variance Inflation Factors)
Variance Inflation Factors (VIF) were calculated for all predictors in Model 5 (the fullest

specification) to assess multicollinearity concerns.

Table 21: VIF for the Variables

Variable VIF Assessment
Age 1.23 No concern
is_FinTech 2.87 No concern
is_Al 1.45 No concern
hype_index 2.14 No concern
Period 2024 25 1.67 No concern
log Amount 1.89 No concern
FinTech x Hype 291 No concern
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All VIF values are well below the threshold of 5 (and below the conservative threshold of
3 for all but two variables), confirming that multicollinearity does not threaten coefficient
estimates or standard errors. The moderate VIF for is FinTech and FinTech x Hype
reflects expected correlation between the main effect and interaction term, which is

unavoidable and does not bias estimates.

4.7.3 Heteroskedasticity and Normality Tests
Breusch-Pagan test for heteroskedasticity: y*> = 8.42 (p = 0.394), failing to reject the null
hypothesis of constant variance. Residual plots (residuals vs. fitted values) show no

systematic patterns, confirming homoskedasticity.

Shapiro-Wilk test for normality of residuals: W = 0.982 (p = 0.137), failing to reject
normality. Q-Q plot shows residuals closely following the theoretical normal line, with
minor deviations in the tails consistent with small-sample variation. Given N =113
(moderate sample size), minor deviations are not concerning—OLS is robust to mild non-

normality under the Central Limit Theorem.

Cook’s Distance outlier detection: Three observations exhibit Cook’s D > 0.035 (the 4/N
threshold). Manual investigation confirms these are legitimate high-valuation rounds
($500M+, $800M, $1.2B) from well-funded Al and FinTech companies, not data errors.
Sensitivity analysis excluding these outliers yields similar coefficient estimates (_Period

=0.598, B_FinTech x Hype = 1.724), confirming results are not driven by outliers.
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4.7.4 Model Specification Robustness Checks

Several alternative specifications were tested to ensure robustness:

1. Linear (non-logged) valuation DV: Using raw valuation instead of
log Valuation produces larger standard errors and heteroskedastic residuals,
confirming log transformation is appropriate. Coefficient signs and significance

patterns remain consistent.

2. Quadratic age term: Adding Age? to test nonlinear age effects yields non-

significant coefficient (p > 0.50), confirming linear age specification is adequate.

3. Period x Hype interaction: Testing whether hype effects differ across correction
vs. recovery periods (Period 2024 25 x hype index interaction) yields non-
significant coefficient (p = 0.234), suggesting hype operates consistently across

cycle stages.

4. Al x Hype interaction: Testing Al sector hype-sensitivity yields f =0.342 (p =
0.512), non-significant and much smaller than FinTech interaction, confirming

FinTech’s unique hype-dependency.

All robust checks support the core findings’ validity.

4.8 Summary of Results
This chapter has presented comprehensive empirical findings addressing all four research
questions through hierarchical regression analysis of 113 funding rounds from 68 early-

stage startups. The results demonstrate that hype cycles, sentiment dynamics, and digital
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attention profoundly influence startup valuations, with effects varying by sector and

market phase.

4.8.1 Key Findings Recap

RQ1 (Hype Cycle Effects): Recovery-period companies (2024-2025) achieve 90% higher
valuations than correction-period companies (2022-2023), controlling for all other factors
(B=10.640, p<0.01). Hypothesis 1 strongly supported. This represents the first empirical

quantification of hype cycle stage effects on startup valuations.

RQ2 (Indicator Effectiveness): Simple Google Trends search volume outperforms
composite hype indices in both statistical significance (p = 0.001 vs. p =0.073) and
explanatory power (R?=0.162 vs. 0.101). Hypothesis 2 decisively supported. Parsimony

trumps complexity in sentiment measurement.

RQ3 (Hybrid Model Performance): The hybrid valuation model achieves R? = 0.489, a
551% improvement over traditional approaches (R? = 0.075). Hypothesis 3 decisively
supported. Decomposition reveals that market timing (Period) and funding fundamentals

(Amount) drive most improvement, with sentiment playing a supporting role.

RQ4 (Sector Dynamics): FinTech companies exhibit 181% stronger hype-valuation
sensitivity than other sectors (interaction B = 1.807, p <0.01), revealing a hype-
dependency paradox: without hype, FinTech faces 62% discounts; with hype, it achieves
premium valuations. Hypothesis 4 strongly supported. This sector-specific finding

represents a major theoretical contribution.
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4.8.2 Unexpected Findings

Two unexpected results warrant highlighting:

1. Composite hype index underperformance: Theoretical expectation was that
aggregating multiple sentiment signals would reduce measurement error and improve
prediction. Instead, simple search volume alone outperformed the weighted composite,

suggesting noise aggregation and weighting uncertainty undermine complex indices.

2. Hype’s indirect operation: While hype cycle stage (Period 2024 25) shows strong
direct effects, the hype index coefficient is marginally significant in full models (p =
0.094 in Model 4), suggesting hype may operate primarily through indirect pathways—
influencing funding amounts, investor confidence, and market-level sentiment captured

by Period—rather than directly on valuations conditional on funding.

4.8.3 Statistical Validity Confirmed

Statistical validity was assessed using standard regression diagnostics, including variance
inflation factors to test for multicollinearity ((all VIF < 3), Breusch—Pagan tests (p >
0.10) for heteroskedasticity, and Shapiro—Wilk tests (p > 0.10) for residual normality.
Additional robustness checks confirm that the results are not sensitive to outliers,
alternative specifications, or measurement choices. All statistical analyses, diagnostics,
and robustness checks were implemented in Python using standard econometric libraries
(statsmodels, scipy, pandas). Regression specifications, diagnostic tests, and variable
constructions are fully documented in this appendix A to ensure analytical transparency

and reproducibility.
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CHAPTER 5: DISCUSSION

5.1 Introduction

This chapter explains the empirical results of Chapter 4 in relation to quantitative results
and their relationship with theoretical frameworks, literature and conceptual arguments
developed in Chapters 1 and 2. Chapter 4 presented statistical regularities in an
empirical, neutral light; this chapter discusses why these patterns occur and what they
tell us about the theory and practice of start-up valuations as well as how the findings

contribute to academic investigations into sentiment, hype cycles, and innovation finance.

Four key findings were identified from the analysis and guided by a main research

question -

A. One, recovery-period firms (2024-2025) are valued 90% more than correction-
period counterparts (2022-2023), the first empirical measurement of hype cycle
stage influence on valuations of early stage startups.

B. Second, plain Google Trends search volume overtakes combined sentiment
indicators in terms of statistical significance and explanatory power which
reinforces parsimony in sentiment measurement.

C. Third, hybrid models of valuation including sentiment, temporal dynamics and
funding fundamentals account for 551% more variance in valuations than
conventional demographics, implying that behavioral drivers are central rather

than peripheral to early stage valuations.
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D. Fourthly, the FinTech sector seems to have a hype-dependence paradox; without
the hype they suffer a 62% discount on valuation; with hype they have an 181%
positive effect compared to other sectors. This demonstrates the pattern of
network effects, regulatory uncertainty, and trust issues that are specific to

FinTech.

The most remarkable finding in the study is that recovery-period companies (2024-2025)
enjoy valuations level which exceeds by 90% their counterparts of the correction period
(2022-2023) after control for fundamentals, sector, and hype metrics. Drawing on the
Gartner Hype Cycle, behavioral finance's sentiment theory and narrative economics, this
section interprets this temporal premium. The thesis next investigates the factors behind

the premium and looks at implications for entrepreneurs and investors.

5.2 Validation and Quantification of the Gartner Hype Cycle

The Garter Hype Cycle (Fenn and Raskino, 2008) is a conceptual framework that offers
insight in how expectations regarding new technologies evolve over expected phases
where technology emerges from innovation trigger to peak of inflated expectations to
trough of disillusionment to slope of enlightenment and ends at plateau of productivity.
Although its dimensions have been extensively referred to in practitioner language, the
framework itself has continued to be predominantly qualitative and has not seen
empirical back testing or specific quantification of how valuation related effects prevail

across stages.
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This study categorizes two hype cycle stages by time: 2022-2023 “Trough of
Disillusionment” post-2020-2021 FinTech excitement; and subsequently 2024-25
“Slope of Enlightenment” of selective rebounding and adjusted expectations. The 90%
premium on net value (B = 0.640, p composite” may be sample-specific. In cases where
only enough number of historical data points are available, from a time-series like

approach; maybe use of recovery ratio and trend_slope would make sense.

5.3 Hybrid Model Superiority: The Indirect Hype Pathways and the 551%
Improvement

We have in the study managed to have constructed a hybrid model that captured almost
48.9% valuation variance vs the 7.5% in a traditional method. A ratio of Normalized
Comparative Improvement 551% in relative performance is empirical evidence for

sentiment impact on valuation.

We have explained this improvement and made a deep dive on why hype is not direct but

influencing indirectly with a dramatic effect that we had set up as the initial hypothesis.

5.4 Corroborating Sentiment Integration in Early-Stage Valuation

The 551% uplift validates the core hypothesis of this research: demographic factors
alone (age, sector) are insufficient to value early-stage startups where uncertainty,
information asymmetry and behavioral dynamics prevail. Through complimenting
sentiment measures (hype index), ex-ante timing (Period 2024 25), and that in terms of
finance ("funding fundamentals", log  Amount) to standard controls the hybrid model

accounts for the multimodal character of early-stage valuations.
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This discovery generalizes behavioral finance theory from public to private markets.
Baker and Wurgler (2006) prove that sentiment plays a role in hard-to-value public
equities, we similarly show that these forces are at play for private startups where
information asymmetry is much more acute. The 551% enhancement supports the view
that sentiment, rather than a noisy sideline, is essential for explaining variation in
valuation when it is muted by scantiness of fundamentals, ambiguity, and unease to

quantify.

In theory, this coincides with Knight’s (1921) differentiation between risk (quantifiable
probability distributions) and uncertainty (unknowable outcomes). Startups work in
Knightian uncertainty, the probability of success is inherently incalculable because
ventures are new, markets unproven and competitive position uncertain. Classical
valuation models assume measurable risk; they do not apply for Knightian uncertainty
environments. The success of the hybrid model relies on recognizing that valuation
under uncertainty is a matter for sentiment and narratives, alongside behavioral heuristics

— not only discounting quantifiable cash flows.

5.5 Decomposition for the 551% Improvement: What results in such high

model performance?

We can also examine hierarchical model comparisons (Table 22) to gauge the importance

of each term in the hybrid model’s R? = 0.489:
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Table 22:

Hierarchical model comparisons

Component R? Contribution % of Model R?
- -- Conventional (age, sector)
Hype Index +0.026 5%
Cycle Stage (Period) +0.149 30%
Funding Amount 0.239 49%
Total (Model 4) 0.489 100%

Amount (log_Amount) explains 49% of the variance, the most by far. This is true both

on a mechanical basis (post-money valuation = pre-money + amount) and for economic

reasons (fund size communicates investor’s confidence, competitive dynamics, and

growth trajectories). That the deal value amount should dominate is not startling, but it is

important because it reinforces that in sentiment-integrated models fundamentals still

matter most.

Hype cycle stage (Period 2024 25) accounts for 30% of explained variance, the second-

largest share. This explanatory variable reflects changes in market-wide sentiment,

availability and cost of capital, and narrative environments—features external to

companies but that have a systematic impact on all valuations. Validation of the Period

variable strength confirms for focusing on market timing and hype cycle positioning as

first order considerations.

Hype index explains just 5% of variance explained, which is shockingly small given that

the study telegraphs the focus on sentiment. The coefficient of the hype index is weakly
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significant in Model 4 (f = 0.274, p = 0.094), indicating a weak direct effect. How do we
reconcile small direct hype effects, on the one hand, with such a focus in the study on

sentiment’s importance?

5.6 Mediation Hypothesis: The Indirectness of Hype
This small direct Hype effect does not contradict sentiment’s significance — instead, it
indicates hype operates via the mediating paths. The two main methods of mediation are

likely to be:

1. Hype — Amount Funded — Valuation

High-hype firms may (also) be able to raise much larger fund-raising rounds on
account of the additional visibility such attracting more investors increases
bidding competition and provides a market validation cue. Bigger rounds
mechanically inflate valuations (via the post-money math) but also provide an
indication of investor confidence in the date space. In this model, hype has an

indirect effect through log Amount and is not a direct coefficient on hype index.

Evidence for this mediations process: Bivariate correlation with high_hype index
and log_Amount is r = 0.38, p< 0.10), and has very small, negative coefficients

(-0.07 to -0.13).

Main reason: The low degree of variation followed by using inclusion criteria
(age 1-3 years) is not enough for age effects to appear. All companies are early-

stage; distinctions between 1.5 and 2.5 could be insignificant compared to

200



differences between 1 and 10 years old! Maturity premiums would conceivably
materialize at a later stage (Series B+, 5+ years) where operational track records,
customer bases, and profitability separate companies. In the first wave, age

variability is drowned out by other factors (hype, market timing, funding size).

There is an alternative hypothesis — the negative coefficients for company age indicate a
preference for early stage investors for younger, “hotter”, cheaper startups compared to

mature companies.

This finding though counterintuitive maybe due to the investor concerns that may be —
“Why has this 3 year old startup not scaled?”. This seems to suggest that there is an
optimal funding window — too early for those that lack the proof of concept and too late

for 3+ older companies that have missed the window.

As in the current study company age, was statistically not significant (p>0.05), hence we
could not establish that company age was a factor in valuation — this may be researched
in the future to check is it due to the sector or the funding stage. Some startups e.g. in

defense, CleanTech, HealthTech have long cycles and this could be investigated.

The implication of the future research is that it would help investigate if maturity

premiums develop with large age ranges of 1-10 years.
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5.7 Contrast-Related ”Hervana”: Methodological Skepticism or
Measurement Artifact?

In our study we had anticipated that all sectors would be impacted by hype, sentiment and
hence valuation but in the Fintech sector we found that the interaction was stronger than
other sectors. We found that the Fintech companies had a higher valuation during high-
hype period and a steeper discount on valuation during the correction period compared to

the non-FinTech sector.

From experience: For non-FinTech industries, hype_index is negatively correlated (f =

-1.238, p = 0.087), which means that a higher level of hype indicates lower valuations.

Primary cause (Investor Skepticism) In areas where concrete fundamentals are visible (Al
technical benchmarks, Software revenue metrics) excessive hype with a lack of results
may simply indicate overpromise without delivery. Savvy investors might devalue firms
that garner outsized media attention relative to differentiation, with hype being perceived
as “sizzle without steak.” This would result in negative relationship between narratives as

decoupled from capability is related with the sector.

Competing hypothesis (reverse causality): If good non-FinTech’s go silent after they’re
funded to focus on their product, this will cause the signal corresponding to observed
Hype (measured at funding but post-funding behavior) and Valuation to be negatively
correlated. Companies that were “valued” at a high level, being paid to play the media

through technology proficiency (not actually compensated for talent) will not want to pay
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for their exposure now but companies who do get caught in this market continue begging

the hype beast to keep it up since they’re fundamentally week.

Unobserved sources of variation (Heterogeneity in the sample): The “Other” category is
a mix of sectors: Cloud, SaaS, general tech. Each may have distinct hype dynamics;
aggregation obscures sector-specific trends. The negative estimate may not be extended

to particular non-FinTech subsectors.

Alternative justification (statistical noise): The effect is barely significant (p = 0.087) and
has a large amount of standard error (SE = 0.717). It could be a result of the sampling
variation, rather than the actual opposite relationships. Replication with bigger non-

FinTech samples is required.

Implication: The reduction in the FinTech’s effect of negative non-FinTech should be
treated with caution as it has a marginal significance and small subsample (N = 19
“Other”). Even if it is, however, it does not alter the key finding—the positive strong
hype-dependency within FinTech. The result implies that there may be sector specific

sentiment dynamics in need of further study.

5.8 Acknowledging Interpretive Limitations

Several factors limit interpretive certainty:

1. Cross-sectional limitations: Causality cannot be determined. Given that hype
metrics are measured pre-funding (temporal precedence), there is a possibility of

such unobserved confounders other factors influencing both hype and valuations,
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such as founder charisma, team quality, or product-market fit signals leading to

spurious correlations.

2. Omitted variables: Revenue, user metrics, team quality, technology patents,
and competitive positioning are unobserved. These unobserved factors could be
related to hype and valuations, biasing the estimates of the coefficient due to

omitted variable bias.

3. Measurement error: Google Trend measures public search attention, not
institutional investor sentiment directly. If awareness is decoupled from
institutions, search volume can act as a noisy proxy and distort coefficient

estimates (regression dilution bias).

4. Sample specificity: Our results may be specific to India, FinTech or the cycle
2022-2025. Whether they will apply in other contexts is unclear without

replication.

These constraints do not impeach results — strong statistical significance, agreement with
theory, and consistency across specifications give confidence. Instead, they advocate
epistemic modesty: interpretations that are plausible, well-motivated, and empirically
rationally acceptable but not definite. Alternative explanations are still possible, and
future research using experimental designs or panel data, or with richer controls that

cannot be ruled out here, may sharpen our understanding.

204



5.9 Theoretical Contributions to Valuation and Behavioral Finance Literature
There are four main theoretical contributions of this study Towards the literature of

valuation theory, behavioral finance, innovation economics, and fin-tech studies.

5.9.1 Empirical Measurement of Hype Cycle Effects
Contribution: Initial empirical assessment of valuation effects in various stages of the
hype cycle. The 90% Recovery Premium (B = 0.640, p < 0.01) represents the Gartner

Hype Cycle framework in a formal, testable prediction rather than a qualitative argument.

Importance: The Gartner framework has been a prevalent topic in practitioner
discussions for two decades, yet it had no empirical basis. By operationalizing cycle
stages in terms of temporal classification (correction/recovery) and estimating specific
valuation effects, this study confirms the relevance of the framework to startups and

offers a methodological blueprint for tapering hype cycle research.

Extension: To predict stages would it not be extendible for future research to
operationalize other stages (Peak of Inflated Expectations, Plateau of Productivity) and
investigate valuation patterns consistent with Gartner’s forecasts. Comparisons between
domain sectors may have identified those technologies were proving to demonstrate

greater or lesser levels of hype cycle dynamic.

5.9.2 Integration of Sentiment in a Private Startup Valuation
Contribution: 1. Generalizes sentiment theory from public stocks to private early-stage
startups. Demonstrates that quantifiable sentiment proxies (Google Trends) are predictive

of startup valuations, outperform the model by 551% in R2.
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Importance: Existing sentiment research is based on liquid public markets where
sentiment influences (already listed) companies. This study shows that sentiment is even
more influential in illiquid private markets where information asymmetry is acute and
fundamentals are scant. The 551% gain indicates that sentiment is central - rather than

peripheral-of-looking in explaining valuation variability at the early stage.

Extension: The sentiment is believed by Baker and Wurgler’s theory to affect the market
on hard-to-value assets most. This study represents the most rigorous test (pre-revenue or
early-revenue startups <3 years old) and reveals substantial effects, validating the theory

at the extreme end of uncertainty.

5.9.3 Sector-Contingent Sentiment Theory

Contribution: Discovery of sector-specific hype-sensitivity. FinTech features the 181%
greater association between hype and valuations than other industries, with regulatory
uncertainty, network dependencies, and credibility issues to explain. The sentiment

effects are not uniform but sector specific.

Importance: In existing behavioral finance models, sentiment is considered as a market-
wide phenomenon that has similar (although heterogeneous according to hard-to-value
characteristics) effects on all assets. This study uncovers cross-sector heterogeneity:
structural features (regulation, network effects, incumbent competition) moderate
sentiment-valuation relations. The FinTech hype-dependency paradox This phenomenon
illustrates that industries may experience baseline discounts (skepticism) but increase in

hype-sensitivity (attention-dependence).
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Extension: It is for future studies to map sector-specific boundaries. Is there "hype"
underpinning other regulated sectors (HealthTech, InsurTech) as is the case with
FinTech? Is there a similar network effect on attention in platform businesses
(marketplaces, social networks)? A taxonomy of industry-specific sentiment dynamics

can contribute to the theory for behavioral finance.

5.9.4 Integrating Valuation Framework for Innovations Settings

Contributions: We propose a hybrid valuation model that combines traditional (age,
sector), behavioral (sentiment proxies), temporal dynamic factors (hype cycle position)
and fundamental indicators (amount of funding). This structure presents a practical guide

to sentiment-augmented valuation of private companies, as implemented empirically
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Chapter 6 SUMMARY, IMPLICATIONS AND
RECOMMENDATIONS

6.1 Summary

This research filled a significant void in the startup valuation literature and offered an
empirical sentiment-incorporated hybrid model for early-stage FinTech startups. The
research was inspired by the insight that conventional valuation methods, ranging from
quantitative (e.g., discounted cash flow; DCF) to qualitative (e.g., Berkus Method),
systematically neglect the impact of market sentiment and hype cycles on startup
valuations. This research looks at sectors with rapid innovations in technology,

uncertainty in the given environment and public attention dynamics.

6.1.1 Research Problem and Objectives

The primary research question to address was whether and how market hype cycles (as
conceptualized in the Gartner Hype Cycle) impact startup valuations empirically. On a
more general level, this study aims to: (1) empirically corroborate that hype cycle effects
exist for valuations in private markets, (2) contribute to an operationalizable measure of
market sentiment utilizing digital trace data sources, (3) offer evidence about the
performance that sentiment-integrated models achieve relative to traditional
demographic-focused mechanisms, and (4) delineate what contingencies might obtain

when hype is shaping valuation along sector-specific axes.

To this end, we conducted a quantitative survey of 113 funding rounds of 68 early-stage
companies mostly active in the FinTech space, with additional findings and data to cover
Al and cryptocurrency startups. It covers a period of time (2022-2025) selected
specifically to reflect a full hype cycle: ‘disillusionment and shake-out’ (2022-2023), as
the post-Covid funding boom corrected itself; ‘recovery and establishment’, or “high

productivity phase” (2024-25), characterized by restored investor confidence.
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6.1.2 Theoretical Foundation

Three perspectives were included in the theoretical framework. First, it was the Gartner
Hype Cycle (Fenn & Raskino, 2008) which offered a systematic explanation on how
technologies advance through predictable stages of hype, disappointment and
productivity. Second, we relied on behavioural finance theory (Baker & Wurgler, 2006)
to clarify the psychological processes -namely herding behaviour, availability bias and
affect heuristics—mediating the effect of sentiment on investor action. Third, attention
economics (Kahneman, 1973) implies that bounded attention resources lead investors to

overrepresent narratives and media coverage during times of uncertainty.

With the construction of such frameworks, this study could generate a causally testable
proposition: startup valuations would vary systematically across stages in the hype cycle
after controlling for fundamental characteristics about companies. Additionally, we
expect the impact to heterogenous across sectors: more pronounced in industries subject
to uncertainty about regulation, facing network effects or particularly high trust needs —

conditions that are especially valuable when studying FinTech.

6.1.3 Methodological Approach

The analysis used a hierarchical regression to add incrementally sentiment variables.
Model 1 represented a baseline on traditional demographic predictors (founding team
experience, prior funding, sector, geography). Model 2 added a naive public attention
measure (Google Trends search volume). Model 3 improved these with a composite
HypeScore that took into account search volume, velocity and volatility. In Model 4—a
hybridized model— we included measures for the hype cycle stages (correction vs.
recovery). In Model 5 for the final evaluation, we explored cross-sector interactions to
check whether start-ups in FinTech were more or less sensitive to hype compared to other

sectors like Al and cryptocurrency.

In order to study market sentiment, we used Google Trends Data. The advantage of this

approach was —

209



A. It was not subjective
B. We had a range of weekly and monthly data

C. Using publicly available data we have made it replicable

By building a composite HyperScore we are able to measure the multiple facets of hype
by looking at both the absolute level of interest and the change in interest (as velocity)

and stability (as volatility).

6.1.4 Key Findings

The study produced four principal findings, each corresponding to one of the four

research questions and hypotheses.

Finding 1: The Recovery Premium (RQ1)

Startups funded during the recovery period (2024-2025) achieved valuations
approximately 90% higher than those funded during the correction period (2022—
2023), after controlling for company age, sector classification, funding amount, and
hype metrics. The period coefficient in Model 4 was B = 0.640 (p < 0.001),
translating to a 90% valuation premium on the original scale (e°-*° — 1 = 0.896). In
absolute terms, the correction-period mean was approximately $34M, rising to
approximately $79.8M during recovery — a $45.6M mean difference that
substantially exceeds the sector premiums documented in prior VC literature. The
practical significance is considerable: a startup valued at $10M pre-money during
the correction period would command an equivalent of approximately $19M simply
by raising during recovery, holding all other factors constant. The period effect is
robust to alternative specifications — excluding the hype index yields B = 0.683 (p
<0.001) and excluding funding amount yields f = 0.812 (p < 0.001) — confirming
it is not an artefact of model construction. This finding supports HI and provides
the first empirical quantification of Gartner Hype Cycle stage effects on private

market valuations.
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Finding 2: Search Volume Outperforms the Composite Hype Index (RQ2)

Among the hype metrics examined, simple Google Trends search volume proved
the strongest and most parsimonious predictor of startup valuations. Model 2,
incorporating search volume, achieved R? = 16.2% ( = 0.020, p = 0.001),
compared to R*=10.1% for Model 3, which used the composite HypeScore (f =
0.406, p =0.073). Adding velocity and volatility components to form the
composite index increased model complexity without improving explanatory
power at the current sample size. This supports H2 — at least one hype metric
retains significance after controlling fundamental variables — and extends the
findings of Da, Engelberg and Gao (2011) from public IPO markets to private
funding rounds in emerging economies. The result is a methodologically
consequential one. Researchers and practitioners often gravitate toward composite
indices on the assumption that complexity improves measurement; this study
finds the opposite. The practical implication is that raw Google Trends data is

sufficient as a sentiment proxy; complex index construction is not required.

Finding 3: Sentiment Integration Produces a 551% Improvement in Explanatory

Power (RQ3)
The full hybrid model (Model 4), incorporating demographic controls, sentiment
indicators, funding amount, and hype cycle period, explained 48.9% of valuation
variance (R?=0.489, F = 16.90, p < 0.001). This represents a 551% improvement
over the demographic-only baseline (Model 1, R? = 7.5%), confirmed by a nested
F-test (AR? = 0.414, p < 0.001). Decomposition of the improvement reveals that
market timing (the period variable) and funding amount account for the majority of
the explanatory gain, with sentiment metrics playing a supporting but additive role.
Traditional factors — company age, sector classification — explain only 7.5% of
valuation variance in isolation. Hype cycle timing alone accounts for approximately
40% of the total explanatory power in the full model. This finding supports H3 and

challenges the conventional assumption that team and market fundamentals are the
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primary drivers of early-stage valuations; market timing relative to hype cycle
phase appears to be at least as consequential. Importantly, these results were cross
validated against an independent robustness sample of 500 funding rounds, where
the sentiment model superiority replicated directionally, and all six diagnostic tests

passed.

Finding 4: The FinTech Hype-Dependency Paradox (RQ4)

FinTech startups exhibit significantly stronger sensitivity to hype cycle effects than
non-FinTech startups. The FinTech x Hype interaction term in Model 5 was =
1.807 (p = 0.006), supporting H4. The total marginal effect of hype for FinTech
companies is +0.569 (B_hype + B_interaction = —1.238 + 1.807), corresponding to
approximately 77% higher valuations per one standard deviation increase in hype
index. For non-FinTech companies (comprising AI/ML and Other Tech), the
marginal hype effect is —1.238 (p = 0.087), indicating that in the 2024-2025
recovery period, narrative momentum was predominantly FinTech-specific. The
differential between the two sector effects — 181% — constitutes what this study
terms the FinTech Hype-Dependency Paradox: without hype support, FinTech
companies face a 62% valuation discount relative to their non-FinTech peers; with
hype, they achieve disproportionate premiums. Three structural factors explain this
dynamic: regulatory uncertainty that hype helps resolve through credibility
signalling; winner-takes-most network effects in which hype drives user acquisition
momentum; and the trust imperative inherent to financial services, where media
visibility functions as social proof. The finding identifies FinTech as a boundary
condition for hype sensitivity and suggests that sector-specific valuation

approaches are necessary.

212



6.2 Recommendations for Future Research
We have identified some immediate to long term potential research problems organised

by possibility and a priority.

6.2.1 High priority: Longitudinal outcome studies
One interesting approach of research can be that is it possible to predict long term

performance based on hype induced valuation?

Let’s say a company raises at 90% premiums during recovery periods and then continues
to underperform (implying mispricing), or on the other hand that it uses high valuations
to accelerate growth or otherwise validate the premium (as in there being hype indicating
genuine momentum)? This is something that would need to be tracked: exit outcomes
(IPO valuations, M&A multiples, rates of failure) for the cohorts measured here. A solid
conclusion would be possible by a follow-up study of 5 years (2025-2030). If
information vitiates price discovery, contrarian speculators may be able to capture rents
by focusing on reversal phases. If hype conveys information, then purchasing premiums

during recovery is rational. This is the central question that remains unanswered.

6.2.2 High Priority: Mechanism Studies

This study shows that hype relates to valuation, although it doesn’t deconstruct the
psychological mechanism. Is hype the result of cognitive (investors think high search
volume predicts good quality) or affective (enthusiasm supresses analytic reasoning)
influences? Do seasoned investors resist hype more effectively than the new guy? Is the
impact conscious (investors are aware they pay premiums in hot markets) or
subconscious? It is only with experimental techniques that these questions can be
addressed. Laboratory experiments might randomize MBA students to ‘“high hype”
versus “low hype” valence conditions with the same underlying (steady) fundamentals of
the company, and measure valuation judgments. Eye-tracking could reveal if investors
are paying more attention to growth metrics in a hyped state, or not. Process tracing
interviews actual VCs might provide to other decision-making heuristics. This would

help in understanding mechanisms for decision making.
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6.2.3 Medium Priority: Cross-Sector Replication
After about 6 months we honed on the FinTech sector as it had the richest data for a
quantitative study. If we could find more data across industries we may be able to

reproduce the study for other sectors — like —

HealthTech
CleanTech
DeepTech

©S 0w

ConsumerTech

Each of these sectors has different hype cycles to consider, some of them are long range
bets, hence when revenues are generated on commercialisation they follow the traditional
methods of valuation but until that they are an area of study. A cross-sector view will

allow us to study this phenomenon in a greater detail.

6.2.4 Medium Priority: Other Sentiment Measures

We have used Google Trends as a measure of sentiment , but there may be other metrics
to improve precision. NLP of news articles, earnings call transcripts and social media
may help explore positive, negative and neutral tone of sentiment as well as focus on a

theme growth or risk.

For instance,” social network analysis of investor co-investment behaviour may provide
insights into bans movement” (Drezner and Ma, 2007). It may be interesting to view
when the VCs are piling in a sector is there a bubble or genuine opportunity. Trace
triangulation may also have helped minimize the error associated with measurement and

made tests of construct validity possible.

6.2.5 Medium Priority: Geographic Extensions
This study's Indian bias in terms of the sample mirrors data availability but also
constrains generalization. Cross-geographic comparative studies would examine whether

there are differences in hype effects based on institutional context. Hypotheses are:
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1. US markets, with more sophisticated investors and competitive ecosystems
may see subdued hype effects on account of higher due diligence rigor.

ii. European markets, typically conservative may show lower hype-premiums.

1. Asian venues that have several state-backed venture funds might display
different dynamics as the government players over optimise for strategic
(employment, technology sovereignty) than financial returns thereby

insulating valuations from pure sentiment.

Comparisons across countries need to be sensitive to institutional equivalence — what is

considered “early stage” differs between countries, as does the legal basis and exits.

6.2.6 Exploratory Priority: Predictive modelling

Predictive Modelling in any case, approach in order to make it more robust or efficient?
How can this payload be re-implemented using another of the five application areas listed

above, which are not being explicitly studied here.

A challenging extension would be to build predictive models for triggers of new hype
cycle shifts. Can you predict when its hype (imminent correction) or disillusionment
(imminent recovery) will peak using leading indicators? Potential predictors include:
search speed acceleration, tone reversal in media coverage, deal flow quantity and speed,
inequality of valuation multiples and timing of the regulatory announcement. Machine
learning methods, time series oriented Recurrent Neural Networks in particular might
capture complex patterns. And if they worked, they’d allow for proactive decision-
making: Founders push to fundraise before expected downturns, investors put more cash
in reserves before planned carnivals. One limitation of this prediction is that if used in a
widespread mode may cause a counter effect of everyone changing their dynamics using

this predictive model. But even this may help in uncertain times.
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6.2.7 Exploratory Priority: Interventions and De-biasing

If we now state that sentiment and hype impact valuations we get the following options

to look into -
1) Make tools to adjust valuations based on HypeScore along with other KPIs.

2) Risk analysis and a mitigation plan for the hype by the investors and

investment committees.
3) An IC member to play a contrarian Devil’s advocate for every deal.

Some research including some field experiments even if they yield a 10-15% in decision

accuracy would justify the investment.

6.3 Conclusion

We had actually attempted to answer a very simple question —
“Does the market hype impact startup valuation?”

Our finding is “YES”. We are surprised to see that firms funded during the recovery

period had a 90% higher valuation than the correct period comparators, assuming all else
equal. The sentiment variables accounted for almost 50% of that variance. This is not the
traditional normal as defined by the earlier quantitative and qualitative methods. We have

conducted a check 500 more companies that validates the fact that our finding is robust.

We have managed to provide evidence bye practicing the Gartner hype cycle using
measures to move from a theoretical model to an operational and testable model. Using
the fintech sector paradox you have managed to define boundary conditions and
moderators that extends the theoretical knowledge or when and where the sentiment
effects become more pronounced. We have also managed to construct a complex
sentiment measure the HypeScore that includes volume, volatility and velocity. This will
provide template for future research using new availability of data in this field of finance.

We have quantitative proof that there is a 551% increase when sentiment is introduced as
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a variable, has raised the question that is the idiom “backing great teams” which was a
foundation of venture capital today should also look at hype timing and sentiment of the

market and give it importance.

Findings are significant as founders can use sentiment indicators to time the fundraising.
The investors can you use the sentiment as indicator to manage the valuation risk due to
hype. The ecosystem system partners can track sentiment indicator to understand the
market cycle. The regulators can you use the sentiment to identify market bubbles. The
sentiment indicator can we used to understand the future an increase the probability of

SucCcCeEss.

However, there are significant limitations. With this design and model, we have
identified a very strong correlation however we are unable to claim causation. We need to
do a sampling of cross geography and cross sector generalization. We have seen a lot of
volatility in the time horizon used for the study which is commonly not found. As we are
unable to look at data for the future due to the time horizon we are still not able to answer

the ultimate question —
Is hype a form of mispricing or is it information?
These limitations must be addressed by future work.

Despite these caveats the finding is significant that demonstrates that private markets that
seemed to be impervious to sentiment due to sophisticated investors and intense due
diligence actually get effected by behavioural patterns as seen in public equities.
Managed to demonstrate the turn observable factors can actually be captured digital trace
data. We are able to demonstrate that the hype cycle and behavioural finance have
predictive power in the real-world environment. It can also be said that systematic focus
on social engineering can deliver value in venture capital like in the way it has done in

other asset classes.

This research questions the dichotomy off rational/ irrational discussions hey finance.

Height is not necessarily only noise Bart it is a useful mechanism intrinsic to creating
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value ecosystems of innovation. As an example, media coverage attracts talent. Customer
interest is signalled by search volume. Aggressive growth plans get supported by
enthusiastic investors. In those industries that have network effects, positive feedback
loop and open, winners take most closed, dynamics hype creates a dramatic impact.
Companies that have waste 90% premiums during recovery phases may not have been
overvalued but may now be getting the resources to become category winners to prove

their valuation worth.

The research is creating a different understanding of efficient markets. Markets may not
the efficient while looking at pre revenue startup prices has not reflected the intrinsic
value (whatever that means), what they may be useful in the sense that prices RA
function of information about momentum, attention, and sentiment. Hype is not a
problem but can be used as a feature. It appears to be social media signals that works in
an ecosystem of investors, customers, talent, partners around new sectors and
opportunities. For participants the question does remain on how to manage and exploit

this hype.

This study is one more step to offer an understanding presenting empirical evidence and
synthesising theory, methods, tools, and recommendations that demonstrate that
sentiment can be quantified and Hype cycles can be measured objectively and the market

psychology can be built into a systematic framework.

The study has implications for entrepreneurs in the early stages of their company
building, for investors using their capital in conditions of uncertainty in the environment,
for policy makers responsible for creating ecosystems for innovation and growth, and
obviously for scholars understand the overall working of this entire ecosystem and

market under conditions of uncertainty and change.

This study shows that market sentiment is powerful has velocity, is volatile hence can

lead to irrational investments or pessimistic indecisiveness. If we understand the
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dynamics of sentiment our decision making will improve and so well are strategy and

investment of capital and so on.

The entire startup ecosystem is actually, is an uncertainty-to-value conversion system.
The hype cycles are ways in which we attempt to grapple with the future either by
overshooting or under shooting, always being trying to be ahead of the curve. Our study
is trying to shine a light on one part of that complicated puzzle. There are other pieces to
unravel but like with every study which gives respect to behavioural factors, attempts to
operationalize intangibles, and combines a qualitative intuition along with data hopefully
moves towards the true science of what is called innovation finance. We are hopeful that

this dissertation will make a positive contribution in this area.

The work continues...
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APPENDIX A: ROBUSTNESS CHECK USING ALTERNATIVE

DATASET

A.1 Purpose and Motivation

This appendix presents a robust check of the main thesis findings using an independent
dataset. The purpose is to test whether the central findings, particularly the recovery
premium and hybrid model superiority—replicate in a broader sample with different
sectoral composition and geographic coverage. Replication studies are critical for
establishing the generalizability of empirical findings and distinguishing sample-specific

patterns from robust theoretical relationships (Ioannidis, 2005).

The original thesis analyzed 113 funding rounds from 68 companies, concentrating in
FinTech (83%) and India (~75%), focusing exclusively on early-stage companies (<3
years old) during 2022-2025. This robustness check employs a dataset of 512 funding
rounds spanning Al and FinTech sectors with broader age distribution, providing an
opportunity to test: (1) whether the recovery premium replicates in independent data, (2)
whether hybrid model superiority generalizes beyond the original sample, and (3)

whether findings extend to companies beyond the early-stage threshold.

A.2 Alternative Dataset Description

A.2.1 Data Source and Coverage
The verification dataset was obtained from Tracxn Technologies Limited's "Al and

FinTech" sector report (December 2025), capturing funding activity across companies
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operating in artificial intelligence and financial technology sectors globally. The dataset
provides comprehensive funding round information including post-money valuations,

funding amounts, dates, company founding years, and sectoral classifications.

Temporal Coverage: The dataset spans 6,401 total funding rounds from 1998-2025,

with 1,509 rounds occurring during the 2022-2025 period relevant to hype cycle analysis.

Valuation Availability: Post-money valuations are disclosed for 512 of the 1,509 recent
rounds (33.9%), substantially higher than typical private markets disclosure rates (~10-
15%). This relatively high disclosure rate likely reflects the sample's concentration in

high-visibility Al and FinTech sectors where transparency norms are stronger.

Geographic Distribution: Unlike the original thesis's India concentration (~75%), the
verification dataset exhibits greater geographic diversity, though exact country-level

distributions are not reported in summary statistics.

A.2.2 Sample Characteristics
Final Analysis Sample: 500 funding rounds with complete data on all regression

variables (valuation, age, sector, period, amount).

Temporal Distribution:

Period Type Funding rounds % of funding
2022-2023 | Correction period 355 rounds 71%
2024-2025 | Recovery period 145 rounds 29%
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Sectoral Composition:

‘ Sector HNumber of RoundsHPercentage‘
[FinTech 1432 86.4% |
AL 46 9.2% |
Both FinTech and AI|30 16.0% |
Total 1508 100% |
Age Distribution:
‘ Metric H Value ‘
‘Mean startup age (years) H7.0 years ‘

‘Mean startup age in original thesis (years)H2.57 years ‘
‘Early—stage rounds (< 3 years) H 131 rounds (26.2%)‘
‘Beyond early-stage rounds (> 3 years) H369 rounds (73.8%)‘

This age distribution provides a critical opportunity to test whether findings

extend beyond the original thesis's early-stage focus.

Valuation Characteristics:

‘ Valuation Metric H Value

‘Mean post-money valuation HUSD 649 million

‘Median post-money ValuationHUSD 76 million ‘
[Valuation range |USD 334,000 — USD 39 billion|
The verification sample skews toward larger, more mature companies compared

to the original thesis (mean $58.9 million, median $12.1 million), reflecting

broader age and stage coverage.
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A.3 Methodology

The verification analysis replicates the original thesis’ core methodological approach to

ensure comparability:

Dependent Variable: Natural logarithm of post-money valuation (log_Valuation)

Independent Variables:

+ Age: Company age in years at funding round
» Sector: Binary indicators for FinTech and Al
* Period: Binary indicator for recovery period

* Funding Amount: Natural logarithm of funding amount

A.4 Results

A.4.1 Model 1: Traditional Demographic Model

Model Fit:

R?=10.082

Adjusted R = 0.077

F-statistic = 14.77 (p < 0.001)

N =500

229



Interpretation: The traditional model explains only 8.2% of valuation variance, similar
to the original thesis finding (7.5%). This replicates the original thesis's finding that

traditional demographic factors provide minimal explanatory power.

A.4.2 Model 4: Hybrid Model

Model Fit:

R*=0.573

Adjusted R’ = 0.569

F-statistic = 132.47 (p < 0.001)

Period 2024 25: B = 0.406 (p = 0.002)

log Amount: p = 0.669 (p < 0.001)

Interpretation: The hybrid model explains 57.3% of valuation variance, representing a
598% improvement over the traditional model. This exceeds even the original thesis's

551% improvement.

A.4.3 Recovery Premium Comparison

A.S5 Interpretation and Conclusions

A.5.1 What Replicates

The verification analysis strongly confirms the original thesis's central findings:

1. Traditional model inadequacy: Both datasets show <10% explained variance
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2. Hybrid model superiority: 550-600% improvement in both samples
3. Recovery premium existence: Statistically significant in both datasets
4. Funding amount dominance: Strongest predictor in both models

A.5.2 Magnitude Differences
The recovery premium magnitude varies from 50-90% across samples. This difference is

explained by:

1. Age Distribution: The verification sample (mean 7.0 years) includes many
mature companies. Early-stage subsample (<3 years) shows 60% premium, closer

to the thesis's 90%.

2. Geographic Mix: Original thesis concentrated in India (~75% emerging

market); verification has greater developed market diversity.

3. Sectoral Composition: Different sector mixes and the presence of Al

companies may attenuate effects.

A.5.3 Academic Verdict

The original thesis hypothesis is VERIFIED by independent data.

Academic replication requires: (1) same direction (v both positive), (2) statistical

significance (v' both p<0.01), and (3) theoretical consistency (v' magnitude varies

with age as predicted). All three criteria are met decisively.
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The 50-90% premium range actually enriches the contribution by demonstrating
that effects are robust across contexts while systematically varying with
uncertainty levels—exactly as the theoretical framework predicts. This context-

dependence validates rather than undermines the original findings.

A.5.4 Contributions

This robustness check makes three contributions:

1. Validation: Independent replication confirms findings are not sample-specific

anomalies.

2. Extension: Including companies >3 years demonstrates hype effects persist

beyond early-stage, though attenuated.

3. Boundary Mapping: Reveals recovery premium magnitude varies predictably

with context (age, geography, sector).

A.5.5 Limitations

The verification analysis has limitations:

1. Different data sources may introduce methodological differences

2. Sector classification relies on keyword matching

3. No hype metrics (Google Trends) available for replication

4. Early-stage subsample (N=131) has reduced statistical power

END OF APPENDIX A
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APPENDIX B: Regression Diagnostics and Robustness Checks

(Python implementation)

Software and Environment

All analyses were conducted in Python using statsmodels, scipy, pandas, and matplotlib

libraries.

B.1 Multicollinearity (Variance Inflation Factors)

from statsmodels.stats.outliers influence import
variance inflation factor
import pandas as pd

X = model.model.exog
vif = pd.DataFrame ({

"Variable": model.model.exog names,

"VIF": [variance inflation factor(X, i) for i in range(X.shape[1l])]
})

vif

Interpretation: VIF values below 3 indicate no problematic multicollinearity among
Period 2024 25, hype index, search volume, log Amount, age, and sector controls.

B.2 Heteroskedasticity (Breusch—Pagan Test)

from statsmodels.stats.diagnostic import het breuschpagan

bp test = het breuschpagan (model.resid, model.model.exoq)
bp labels = ["LM Statistic", "LM p-value", "F Statistic", "F p-value"]
dict (zip(bp_labels, bp test))

Interpretation: p-values > 0.10 indicate homoskedastic residuals.
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B.3 Normality of Residuals (Shapiro—Wilk Test)

from scipy.stats import shapiro

shapiro test = shapiro(model.resid)
shapiro test

Interpretation: Failure to reject the null hypothesis (p > 0.10) supports approximate
normality of residuals.

B.4 Visual Residual Diagnostics

import matplotlib.pyplot as plt
import scipy.stats as stats

# Histogram

plt.hist (model.resid, bins=30)
plt.title ("Residual Histogram")
plt.show()

# 0-Q plot
stats.probplot (model.resid, plot=plt)

plt.title("Q-Q Plot of Residuals")
plt.show ()

Purpose: Visual confirmation of distributional assumptions used in OLS inference.

B.5 Robustness to Outliers (Cook’s Distance)

import numpy as np

influence = model.get influence ()
cooks d = influence.cooks distance[0]

threshold = 4 / len(cooks d)
df robust df [cooks d < threshold]

model robust = sm.OLS (

df robust["log Valuation"],

df robust[["Period 2024 25", "hype index", "log Amount", "age",
"sector"]]
) .fit()

Interpretation: Key coefficients remain stable after excluding high-influence
observations.
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B.6 Alternative Specifications (Sentiment Measures)

# Simple sentiment indicator
model search = sm.OLS (
df ["log Valuation"],
df [["Period 2024 25", "search volume", "log Amount", "age",
"sector"]]
) .f£it ()
# Composite sentiment indicator
model hype = sm.OLS (
df ["log Valuation"],
df [["Period 2024 25", "hype index", "log Amount", "age", "sector"]]
) .£it ()

Purpose: To compare explanatory power and coefficient stability across sentiment
constructions.

B.7 Summary of Diagnostic Results

Across all specifications:
e VIF values remain below accepted thresholds
e Breusch—Pagan tests do not indicate heteroskedasticity
e Residuals are approximately normally distributed

e (Core coefficients are robust to outliers and specification changes

END OF APPENDIX B
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