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Abstract

New ventures face challenges due to their liability of newness and need to gain legitimacy within the context
of crowdfunding to secure vital resources for growth and survival. Previous studies have primarily assessed
crowdfunding success through structured metadata or social media analytics, often neglecting detailed examinations
of campaign narratives. To fill this gap, we introduce LegitimNarrate, an expert-annotated dataset specifically
designed to analyze legitimation mechanisms in crowdfunding narratives. This dataset comprises 97 Kickstarter
campaign descriptions segmented into 4,954 sentences, each meticulously annotated by management experts
according to theoretical legitimacy frameworks. We benchmark LegitimNarrate with various contextual sentence-
classification methods. This resource facilitates comprehensive research on discursive legitimacy and the role
of narrative in crowdfunding contexts. The dataset is publicly available at anonymous-coder31/LegitimNarrate_dataset.
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1. Introduction

Entrepreneurial activity is widely recognized as a
key driver of economic growth, job creation, and so-
cial innovation. Nonetheless, many new ventures
fail in their early years, often due to their small size,
limited resources, and insufficient market validation
(Frydrych et al., 2014). Recent global entrepreneur-
ship studies (GEM)! indicate that about half of all
startups struggle to secure stable financing at incep-
tion, underscoring the need for alternative fundrais-
ing mechanisms.

In this context, crowdfunding has attracted grow-
ing attention for its potential to democratize ac-
cess to capital by enabling ventures to engage
the market, validate their business models, and
attract both funding and consumer interest (Belle-
flamme et al., 2014; Frydrych et al., 2014). Crowd-
funding platforms offer flexibility beyond traditional
fundraising methods, providing opportunities to
reach broader, geographically dispersed audiences
(Mollick, 2014). Platforms like Kickstarter simulta-
neously facilitate funding and cultivate early market
interest, evidenced by substantial financial contri-
butions from millions of backers globally (Oo et al.,
2023). Nevertheless, many campaigns fail to meet
their funding targets due to insufficient credibility
and perceived legitimacy, issues exacerbated by
information asymmetry between entrepreneurs and
backers (Courtney et al., 2017; Suchman, 1995).

Prior computational studies addressing crowd-
funding success primarily utilize structured meta-

1https ://www.gemconsortium.org/

data—such as pledge amounts, number of backers,
and campaign durations—or multimodal features
(Tang et al., 2022; Pekar et al., 2024; Gunduz, 2024;
Zhang and Lau, 2024). For instance, Zhang and
Lau (2024) proposed a multimodal deep learning
model that jointly integrates textual descriptions,
video clips, and metadata. They found that the
combination of project description, accompanying
video, number of backers, and the number of pre-
viously supported projects were the most predic-
tive features. Similarly, Tang et al. (2022) and Lee
et al. (2018) employed deep attention networks
to extract salient textual, visual, and audio fea-
tures, demonstrating their influence on campaign
outcomes. Zhou et al. (2018) explored readability
and tone in project descriptions, while other studies
such as Zhao et al. (2025) and Oo et al. (2023) used
speech act theory to analyze how entrepreneurial
language drives backer engagement. However,
these works typically provide limited annotation,
lack theoretical grounding in entrepreneurship, or
do not make datasets publicly available—thereby
restricting reproducibility and deeper investigation.

Critically, existing computational frameworks pre-
dominantly focus on linguistic structures without in-
tegrating legitimacy perspectives that are central to
entrepreneurial success. Legitimacy theory empha-
sizes how strategic communication and narrative
framing help new ventures overcome their inher-
ent liabilities (Lounsbury and Glynn, 2001; Vaara
et al., 2024). Clear legitimacy signals in campaign
narratives have been shown to positively influence
crowdfunding outcomes (Taeuscher et al., 2021;
Chen, 2023), yet no comprehensive supervised
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dataset currently exists to analyze specific legitima-
tion mechanisms—such as identity construction,
associative references, or organizational credibil-
ity—in a structured manner.

To bridge this critical research gap, we introduce
LegitimNarrate, the first publicly available expert-
annotated dataset explicitly designed for super-
vised analysis of legitimation mechanisms in crowd-
funding narratives. LegitimNarrate comprises 97
Kickstarter campaign descriptions segmented into
4,954 sentences, each annotated by management
experts according to established legitimation frame-
work. While our study does not directly predict
campaign success, it systematically identifies nar-
rative elements contributing to project credibility,
significantly advancing our understanding of how
legitimacy shapes crowdfunding outcomes.

The contributions of this work are as follows:

1. We introduce LegitimNarrate, an expertly an-
notated corpus with fine-grained legitimacy
labels, which constitutes a foundational re-
source for interdisciplinary research at the in-
tersection of computational linguistics and en-
trepreneurial theory;

2. We formulate two central tasks for legitimacy
analysis in crowdfunding narratives: binary
classification for legitimacy-signal detection
and multi-class classification for the identifi-
cation of specific legitimacy mechanisms;

3. We benchmark several contextual sentence-
classification architectures on these tasks,
thereby demonstrating the usefulness of the
dataset and establishing strong baselines for
future research.

2. Related Work

Several public datasets have been released to sup-
port research on crowdfunding, with most focusing
on structured campaign metadata. The WebRobots
Kickstarter dataset® contains detailed information
on Kickstarter projects, including goals, funding sta-
tus, and timelines. Similarly, the dataset provided
by Rajat Jaiswal® offers metadata at the campaign
level. Another dataset on Kaggle* includes binary
labels indicating whether a campaign was success-
ful. These datasets are useful for quantitative analy-
sis of crowdfunding dynamics but lack annotations
of narrative content. In contrast, LegitimNarrate

’https://webrobots.io/
kickstarter—-datasets

3https://github.com/rajatj9/
Kickstarter—-projects/tree/master/dataset

*https://www.kaggle.com/datasets/
codename007/funding-successful-projects

provides sentence-level annotations of campaign
descriptions, focusing on how entrepreneurs use
narrative strategies to build legitimacy.

In related domains, some datasets target finan-
cial sentiment analysis, drawing from social me-
dia and investor communications to assess market
trends, IPO activity, or company reputation (Daud-
ert, 2022; Malo et al., 2014; Gaillat et al., 2018; Maia
et al., 2018; Cortis et al.). These resources are de-
signed to capture public sentiment and financial sig-
nals. However, LegitimNarrate takes a different ap-
proach. Rather than measuring financial sentiment
or valuation, it examines how early-stage ventures
use storytelling to gain legitimacy from potential
backers. This dataset introduces a new perspec-
tive on investment-related narratives by aligning
with legitimacy theory instead of traditional finan-
cial indicators, as legitimacy theory explains how
new ventures gain acceptance from key audiences
and reflects a generalized perception that an en-
tity’s actions are desirable, proper, or appropriate
within a socially constructed system of norms and
beliefs (Suchman, 1995). The dataset is therefore
aligned with theorized mechanisms through which
new ventures counter liabilities of newness and
smallness.

Research distinguishes different ways organiza-
tions discursively do legitimacy—through autho-
rizations, rationalizations, moral evaluations, and
narratives (Vaara et al., 2024). Building on this
tradition, entrepreneurship studies document how
ventures craft claims that signal who they are ?
(identity), how they are organized ? (organiza-
tional credibility), and with whom they are asso-
ciated ? (associative ties) to mobilize resources
(Uberbacher, 2014; Fisher, 2020). For illustration:
identity claims highlight founder’s expertise and
the distinctiveness of the product (e.g., "We are
a team of experienced robotics engineers"); orga-
nizational claims often reference governance or
quality routines (e.g., "ISO-certified manufacturing
partner; transparent delivery schedule"); associa-
tive claims tie the venture to reputable actors or
categories (e.g., "Backed by a top accelerator; fea-
tured at CES"). Empirically, clear legitimacy signals
are linked to improved crowdfunding performance
(Taeuscher et al., 2021; Chen, 2023; Courtney et al.,
2017).

Cultural entrepreneurship emphasizes that sto-
ries and symbols are central to resource acquisi-
tion (Lounsbury and Glynn, 2001). Ventures gain
attention and support by producing coherent nar-
ratives that position their offerings within recog-
nizable categories while also highlighting distinc-
tiveness (Navis and Glynn, 2011). Narrative de-
vices—such as problem—solution arcs, origin sto-
ries, endorsements, and awards—help audiences
make sense of novel ideas and evaluate credibility.
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Thirty One: Take your measures with your smartphone

Thirty One is the first Al technology to take your measurements with your smartphone to order
fitted clothing from your favourite shops

S

A developer workina at Gooale. in TensorFlow branch. clarified the sustainabilitv of our proiect durina a ]
meeting granted to our project. | k/_ L .

at does thirty one do ? Associative Mechanism
In order to accompany the recent evolution of tailor-made, our custom application based on augmented
reality, will create an "identity card" of your body measurements. The user will be able to take his
measurements at home thanks to the camera on his smartphone and our application, and then transmit
them very easily to the websites of our partner retailers.
Our confidence is high, the technology to realize this project is now ready to be launched in Beta and we
need you to publicize the project and finance the first costs at launch.
How will it works 7
Each partner will define the measurement standards of their brands and Thirty One will advise you on the
size of the garments according to your measurements.
Who are we and how the project was born ?
The project started a year and a half ago. Launched by a team of 9 developers still students at Epitech, an
engineering school specialized in training computer experts.
Thirty One is an end-of-study project which today has the vocation to become an innovative technology in
the ready-to-wear and measuring industry.
If you want to discover our team in detail, let's check the news page of the project.
What are the next steps ?
For the past few months, Thirty One has been preparing to launch a Beta phase in order to gather the first
opinions and feedback on the technology.)in order to do so, Thirty One still needs to deploy the project on
application stores and finalize its latest functionalities.
Why kickstarter ?
As Thirty One is a project developed by students, our funding possibilities are still limited! As the project
has already received a number of very positive and engaging opinions about the concept, we would like to
allow a majority to have access to this technology.|Especially given the current situation we are living in,
our application would be an excellent way to reduce the need for physical testing and contact, which is
why we have decided to give a bigger dimension to Thirty One.
Where does the name Thirty one come from ?
The name Thirty One is a play on words with the French expression "se mettre sur son 31" which literally
means to take out your best clothes and look perfect.
Thank you very much for taking the time to read in the hope that Thirty One will be useful to you in the
future.
Thirty One team.

Story

Risks and challenges

The real challenges for the project will be to be able to find partners in order to gain visibility.
As the technology is almost finalized, we need to be able to see what happens next in order to get the
most out of our technology.

Figure 1: An example of an annotated crowdfunding project

3.1.

The dataset was sourced in 2021 from the Kick-
starter platform 5, focusing on technology-based
crowdfunding campaigns lunched in France, and
presented in English with funding goals exceed-
ing 5,000 euros. This threshold was deliberately
set to ensure the inclusion of projects demonstrat-
ing substantial commitment and detailed planning,
which are typically associated with higher financial
requirements.

After extracting the descriptions of projects, the
text was systematically segmented into individual
sentences using punctuation marks as delimiters.
This sentence-level segmentation was chosen over
analysis at the project-level to enable a more pre-
cise detection of legitimation mechanisms.

This perspective complements legitimacy theory by Corpus collection
specifying how sense-making and cultural frames
enable acceptance. LegitimNarrate operational-
izes this link by annotating sentence-level legiti-
mation mechanisms that commonly appear in en-
trepreneurial stories (identity, organizational, asso-
ciative), thus providing a practical bridge between
cultural-entrepreneurship concepts and computa-
tional analysis. This design supports supervised
learning for (i) detecting legitimacy cues and (ii)
classifying specific mechanisms, thereby facilitat-
ing reproducible, theory-informed analysis of crowd-
funding narratives and complementing prior mul-
timodal approaches (Zhang and Lau, 2024; Tang
et al., 2022).

3. Dataset Construction 3.2. Category definitions

To analyze how new ventures construct legitimacy

This section defines the data collection, explains  in crowdfunding narratives, we developed an an-

the mechanisms of legitimation used for the annota-
tion, describes the annotation process, the quality
assurance of annotation, and details the resulting
dataset.

notation scheme grounded in entrepreneurial legiti-
macy theory. We adopt the typology introduced by

Shttps://www.kickstarter.com/?ref=nav
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Fisher et al. (2017), which builds upon earlier work
by Aldrich and Fiol (1994) and Delmar and Shane
(2004). This framework identifies distinct mecha-
nisms that entrepreneurs use to gain legitimacy.

Following this literature, we designed a two-tier
annotation strategy. First, each sentence was an-
notated using a binary label to indicate whether it
expresses a legitimation signal. Second, for sen-
tences containing such a signal, we applied a multi-
class label specifying the type of mechanism used.

Category 1. Legitimacy-related: Texts that fall
under one of the following categories:

» Category 1.1 - Identity mechanism: This
mechanism highlights how new ventures man-
age and construct their identities using cultural
tools (Fisher et al., 2017) such as storytelling,
impression management, and the use of ar-
guments and analogies. These tools are vital
for aligning the venture with the identity expec-
tations of its audience, covering both explicit
claims (Fisher et al., 2017) and the subtle im-
pressions conveyed by the entrepreneur. This
mechanism is crucial for establishing a reso-
nant image that captivates potential backers.
For example, Cornelissen and Clarke (2010)
and Wuillaume and Janssen (2020) argue that
analogies and metaphors help entrepreneurs
link new ventures with familiar concepts, en-
hancing sensemaking. lllustration (Figure 1):
"The project started a year and a half ago,
launched by a team of nine developers still
students at Epitech, an engineering school
specialized in training computer experts" —
this expresses who the founders are and their
institutional affiliation.

» Category 1.2 - Associative mechanism:
This mechanism focuses on a venture’s rela-
tionships and affiliations with external entities
(Fisher et al., 2017). It involves establishing
ties that may include organizational links or
connections with top management and influen-
tial industry figures. Entrepreneurs need to em-
phasize the venture’s potential contributions
to the community and its value to community
members, often aligning with other reputable
organizations to validate these contributions
(Fisher et al., 2017). This association helps to
bolster the venture’s credibility and community
standing. lllustration (Figure 1): "A developer
working at Google (TensorFlow) clarified the

feasibility of our project during a meeting" —

this example primarily illustrates an associa-
tive mechanism, as the venture highlights an
active relationship with a high-status external
expert through direct interaction and meetings,
thereby signaling proximity to a reputable actor
in the field. At the same time, the expert’s clari-

fication of the project’s feasibility also foreshad-
ows the organizational mechanism discussed
next, since the association is not merely sym-
bolic but also produces concrete evaluative
feedback that reinforces the venture’s techni-
cal credibility.

+ Category 1.3 - Organizational mecha-
nism: Related to the venture’s structural and
performance-based legitimacy, this mecha-
nism encompasses achieving milestones and
gaining external validation (Fisher et al., 2017).
Ventures must demonstrate their ability to de-
liver on promises, such as showcasing a proto-
type (Wuillaume and Janssen, 2020) or reach-
ing specific organizational goals like product
launches (Fisher et al., 2017) or obtaining cer-
tifications (Rao, 1994). The presence of quali-
fied leadership (Fisher et al., 2017) and the im-
plementation of a professional organizational
structure (Khaire, 2010) also play critical roles
in substantiating the venture’s operational com-
petence. lllustrations (Figure 1): "For the past
few months, Thirty One has been preparing
to launch a beta phase in order to gather ini-
tial opinions and feedback on the technology" —
this highlights a concrete milestone (beta readi-
ness) and delivery capability, while also re-
flecting operational routines (preparation and
feedback collection), thus signaling execution
discipline.

Category 2. Not legitimacy-related: Texts that
do not fall under the three previous categories are
included here.

These categories are meticulously chosen based
on their prevalence in the literature and their ap-
plicability to the crowdfunding context, which often
requires ventures to quickly establish a credible and
engaging presence to attract funding and support.

3.3. Annotation Process

Our expert-annotated dataset was developed
through a structured, multi-stage process, as fol-
lowing:

Stage 1. Hand annotation: Four experts,
working in pairs, conducted blind annotations on
each sentence to identify legitimacy-related con-
tent. Each sentence was annotated by two experts,
and a third expert reviewed all sentences with dis-
agreements to make a final classification based
on majority rule among the three annotators. This
initial phase yielded an imbalanced dataset with
234 "Legitimacy-related" and 1666 "Not legitimacy-
related" sentences, resulting in an imbalance ratio
of 7.11.

Stage 2. Data augmentation and man-
ual verification: In the second stage, we mit-
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Augmented Sentences ——— Category —|

Sentence

At the moment, only two modules configurations
plus add-ons are available, but we are working on
developing many more to expand the Slite’s abilities
even further.

&

Prompt : Rewrite the following sentence from a
crowdfunding project's description in the selected tone.
Ensure that the generated sentence maintains the same
meaning and semantic content of the original sentence
:<original sentence>

Bing-Chat

'We currently offer two modules options with -
Legitimacy
Not-related

additional features, and we plan to create more
modules to enhance the Slite’s capabilities in the
future.

Legitimacy
Related

Right now, you can choose from two different
modules and some extras, but we're not stopping
there. We're working hard to create more modules
that will make Slite even more awesome.

We have two modules configurations and some
add-ons ready for you, but that's not all! We are
constantly working on creating more modules to
make Slite even more amazing and versatile.

Legitimacy
Related

We have two modules configurations and some
add-ons ready for you, and we're not stopping
there. We're constantly working on creating more

Legitimacy
Related

modules to give Slite more capabilities in the future.

@Professional @ Casual @ Enthusiastic Informative

Figure 2: Data augmentation with Bing-Chat

igated class imbalance by augmenting the mi-
nority class—namely, the legitimacy-related sen-
tences—via paraphrasing. We used Bing Chat
(GPT-4-based) to rewrite existing sentences while
preserving their original meaning. Each sentence
was rendered in one of four tones: Professional (for-
mal, reserved), Casual (conversational, relaxed),
Enthusiastic (lively, expressive), or Informative (fact-
focused). The generation followed a structured
zero-shot prompt: "Rewrite the following sentence
from a crowdfunding project’s description in the se-
lected tone. Ensure that the generated sentence
maintains the same meaning and semantic content
of the original sentence: <original sentence>" (see
Figure 2).

All augmented sentences were then manually
reviewed by domain experts to ensure that both
semantic content and the assigned legitimation
mechanism were preserved. During this review, we
observed that changes in phrasing can alter a sen-
tence’s rhetorical function. In particular, replacing
operational language (e.g., "working on develop-
ing...") with vague or future-oriented expressions
(e.g., "plan to create..") often removed the intended
legitimation signal. As illustrated in Figure 2, such
shifts can eliminate cues that are critical to organi-
zational legitimacy. Consequently 7% of the gener-
ated sentences lost their legitimacy mechanism.

After deduplication and removal of paraphrases
that lost their legitimacy signal, we retained 583 ver-
ified, annotated legitimacy-related sentences. We
treat this augmented set as an auxiliary dataset and
it was used only for model training in Stage 3 and is
kept separate from the final released corpus. More
generally, this auxiliary set may also be useful in fu-
ture work for training under class imbalance, since
the task naturally exhibits a long-tailed distribution.

Stage 3. Model-assisted annotation and ex-
pansion: In the final stage of our annotation pro-

cess, we fine-tuned a BERT-based model on the
auxiliary augmented data combined with the man-
ually annotated data. The training results are re-
ported in Table 1, showing that data augmentation
improved the model’s macro F1-score on the test
set from 0.69 to 0.71. This model was then used to
annotate an additional 3,054 sentences extracted
from the descriptions of 61 new campaigns. Each
model-predicted sentence was subsequently re-
viewed by an expert; in cases of disagreement, a
second expert evaluated the sentence, and the final
annotation was determined by majority vote among
the two annotators and the model.

The resulting 3,054 sentences were merged
with the original unaugmented dataset of 1,900
sentences, yielding a comprehensive collection of
4,954 sentences from 97 project descriptions, with
imbalance ratio of 7.86.

Stage 4. Legitimation mechanism identifica-
tion: After identifying the sentences that conveyed
a legitimacy signal, we collected the mechanism la-
bels assigned by each annotator in order to resolve
cases where annotators agreed on the legitimacy-
related nature of a sentence but disagreed on the
specific mechanism involved. Disagreements re-
garding mechanism type accounted for 22% of the
legitimacy-related sentences. These cases were
discussed collectively to reach a final decision. Fol-
lowing this adjudication process, we introduced two
levels of annotation: a dominant mechanism and,
when relevant, a secondary mechanism. Overall,
3% of the legitimacy-related sentences were as-
signed a secondary mechanism.

This rigorous process ensured the accuracy and
reliability of our annotated dataset and enables mul-
tiple uses—binary, multi-class, and multi-label clas-
sification—as detailed in Section 4.
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Model Validation set Test set
Bert 0.73 0.69
Bert+aug 0.77 0.71

Table 1: Macro F1-scores for model used in Stage
3 of annotation

3.4. Annotation & Quality Assurance

The dataset was annotated by four management
experts, all of whom are co-authors of this paper.
Annotators A and B are professors specializing in
Entrepreneurship (with A as a full professor and
B as an associate professor), Annotator C is an
associate professor in Finance, and Annotator D
is a research engineer with expertise in Manage-
ment and Entrepreneurship. Prior to annotation,
Annotators C and D participated in several training
sessions with Annotators A and B, who possess ex-
tensive expertise in the entrepreneurial legitimacy
construct. These sessions involved reviewing ex-
amples and counterexamples for each category
and subcategory in the labeling framework, ensur-
ing a clear and consistent understanding of the
annotation task.

In the initial manual annotation round, the anno-
tations achieved a Cohen’s Kappa score of 0.54
(observed agreement: 0.88; expected agreement:
0.75), indicating moderate agreement and reflect-
ing the inherent interpretive challenges of the task.
For example, the sentence "The first step to enable
everyone to use the app is by translating it into as
many languages as possible" was interpreted by
Annotator 1 as reflecting an organizational mecha-
nism, since it suggests concrete actions undertaken
to adapt the application to a broad audience and
thus signals implementation capability. In contrast,
Annotator 2 considered it merely descriptive of the
product’s features rather than a legitimacy signal.
After further review, Annotator 3 confirmed that
the sentence did not express a legitimacy-related
mechanism and should therefore be categorized
as not legitimacy-related. Similarly, for the sen-
tence "It is the combination of French craftsman-
ship, luxurious ltalian full-grain calfskin, and the
newest technologies in the wireless charging field",
Annotator 1 identified a legitimacy signal because
the sentence associates the venture with culturally
valued attributes and technological sophistication.
Annotator 2, however, interpreted it primarily as a
storytelling or promotional element. Following adju-
dication, Annotator 3 confirmed that the sentence
was indeed legitimacy related, as it conveys signals
intended to enhance the venture’s credibility and
perceived value.

During the model-assisted annotation phase, the
extension portion of the dataset was divided into
four parts. Each part was first annotated by one

expert, whose annotation was treated as the equiv-
alent of Annotator 1 in the first annotation round. In
cases where the model prediction disagreed with
this first expert annotation, the sentence was then
reviewed by a second expert, different from the
first, who acted as Annotator 2. Thus, the "second
expert” was not always the same individual, but
rather one of the remaining experts involved in the
annotation process. Under this protocol, the Co-
hen’s Kappa between model predictions and first-
pass human annotations (Annotator 1) reached
0.66. Importantly, in disagreement cases, 97%
of the model’s labels were confirmed by the sec-
ond expert’s review (Annotator 2), suggesting that
the model’s decisions were not tied to systematic
alignment with a single annotator, but were instead
broadly consistent with expert judgment across an-
notators.

All disagreements were ultimately resolved
through a third round of annotation involving ma-
jority voting. For particularly challenging examples,
the four annotators engaged in group discussions,
highlighting the complexity of the task.

Each sentence was assigned a binary label indi-
cating whether it was legitimacy-related or not. For
those deemed legitimacy-related, annotators also
specified the legitimation mechanism; agreement
on mechanism labels achieved a Cohen’s Kappa
score of 0.83. In cases of disagreement regarding
the type of legitimation mechanism, a third anno-
tator adjudicated. When multiple categories were
judged plausible, we retained a multi-label annota-
tion, designating both a dominant and a secondary
category to reflect narrative complexity.

3.5. Dataset statistics

The final dataset comprises 4,954 human-
annotated sentences, with 4,395 labeled as
"Not legitimacy-related" and 559 as "Legitimacy-
related". Within the "Legitimacy-related" category,
there are 239 sentences categorized under the
"ldentity Mechanism", 89 under the "Associative
Mechanism", and 294 under the "Organizational
Mechanism".

Notably, the dataset reveals that a single sen-
tence can express multiple facets. For example, the
sentence from the project Cakewalk 3D, "Over the
past weeks, we gathered feedback from makers to
food-lovers across various fablabs, incubators, and
cooking schools", illustrates the Identity Mechanism
by showing the venture’s active engagement with a
broad community to improve its offerings. This en-
gagement reflects a commitment to inclusively and
ongoing enhancement, aligning with societal values
of collaboration and user-centric design. Addition-
ally, this sentence also employs the Associative
Mechanism by enhancing the venture’s credibil-
ity through affiliations with recognized institutions,
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Category Count Length Mean Median  Std Min Max
Not Legitimacy-related 4,395  Sentences/Project 51.07 45.00 32.98 7 168
Legitimacy-related (Total) 559  Tokens/Sentence 19.65 17.00 12.75 2 174
Identity Mechanism 239  Tokens/Not-related 1898 17.00 12914 2 166
Organizational Mechanism 294  Tokens/ldentity 2416  22.00 11.62 5 72
Associative Mechanism 89  Tokens/Organizational 25.54  22.00 18.67 4 174
Total 4,954  Tokens/Associative 2719  22.00 20.99 10 174

Table 2: Sentence label distribution

which helps to strengthen its legitimacy. The Table
2 shows the distribution of labels which helps in un-
derstanding the prevalence of each mechanism in
crowdfunding campaign descriptions. Additionally,
Table 3 provides statistics on the sentence lengths
across various categories of the dataset.

4. Potential use cases

Given the information included in the Legitim-
Narrate dataset, we envision several potential
use cases for narrative analysis in the context of
crowdfunding, covering both application-driven and
research-driven scenarios.

4.1.

» Scenario.1 Legitimation mechanism detec-
tion and Scoring: The dataset supports su-
pervised binary, multi-class, and multi-label
classification to identify sentences that express
legitimacy signals and assign mechanism-
specific labels, enabling sentence-level and
document-level legitimacy scoring; it also sup-
ports contextual sentence classification, where
predictions leverage neighboring sentences
within the project description.

Application-driven scenarios

+ Scenario.2 Optimizing entrepreneurial com-
munication: By analyzing the legitimation
mechanisms employed in campaign narratives,
entrepreneurs can derive actionable insights
to refine their communication strategies. This
enables them to better align their messages
with the expectations and norms of potential in-
vestors and customers, potentially increasing
their chances of funding success.

» Scenario.3 Recommendation system for
crowdfunding projects: The dataset can be
used to build an investment recommender that
ranks and suggests campaigns based on their
estimated legitimacy score.

4.2. Research-driven scenarios

» Scenario.4 Impact analysis on campaign
success: Researchers can integrate our

Table 3: Descriptive statistics of sentences and projects

dataset with other datasets that contain com-
prehensive campaign metadata to assess the
influence of legitimacy scores on the overall
success of crowdfunding campaigns.

» Scenario.5 Ai-generated sentences detec-
tion : During the data augmentation and man-
ual verification phase (Section 3.3), we con-
structed a small auxiliary dataset consisting
of paraphrases produced by Bing-Chat (GPT-
4) for minority-class (legitimacy-related) sen-
tences. This auxiliary material—not included
in the released corpus—enables a binary clas-
sification task contrasting human-authored
(original) sentences with LLM-generated (para-
phrased) ones.

+ Scenario.6 Learning with class imbalance:
The corpus displays a genuine long-tailed dis-
tribution, with imbalance ratios of 7.86 for bi-
nary classification and 46.3 for multi-label clas-
sification. This characteristic makes it particu-
larly suitable for investigating training and eval-
uation strategies under class imbalance.

As the main use case considered during the con-
struction of this dataset, we provide experiments on
legitimation mechanism detection and legitimacy
scoring in the following section.

5. Experimental evaluation

To conduct our experiments, we partitioned the cor-
pus at the project level into three splits: a test set
(10 projects), a validation set (6 projects), and the
remaining projects for training. Selection was strat-
ified by the prevalence of multi-label annotations,
with projects containing many multi-label sentences
deliberately assigned to the test set to increase dif-
ficulty. The label distribution across splits is shown
in Figure 3.

5.1. Scenario 1: lllustrative Experiment

We conduct two sets of experiments on Scenario
1 where we evaluate the effectiveness of contex-
tual sentence classification models on our dataset.
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Figure 3: Label distribution among different data
splits

The first task is a binary classification, where sen-
tences are categorized as either legitimacy-related
or not legitimacy-related. The second task is a more
fine-grained multi-class classification, where each
sentence is classified into one of several classes:
not-related or one of the specific legitimation mech-
anisms. In this setting, we consider only the
dominant mechanism assigned to each legitimacy-
related sentence, without modeling the task as
multi-label classification. Specifically, we com-
pare two architectures: (1) a global-context model
encodes each sentence with BERT-Large, then
fuses these representations with a project-level
context produced by ModernBert-Large (Warner
et al., 2024); and (2) a local context model based
on Longformer-large (Beltagy et al., 2020) using
a sliding window of 10 sentences. In addition, we
assess the zero-shot classification capabilities of
LLama3-8b (Al@Meta, 2024), and Mistral 8x22B
(Jiang et al., 2024), representing recent large lan-
guage models, and we include ModerBert-large as
baseline model without a contextual classification.

Results are reported in Table 4. The Longformer-
based model outperforms all other approaches,
achieving a F1-score(Macro) of 0.72 on the binary
classification task and 0.53 on the multi-class task.
These results underscore the importance of mod-
eling local sentence context when detecting subtle
rhetorical mechanisms. Notably, this task remains
challenging due to the contextual dependency of
legitimacy cues, as reflected in inter-annotator dis-
agreement during the labeling phase.

Model Binary Multi-class
ModernBert 0.67 0.47
Longformer 0.72 0.53
ModernBert-Bert  0.70 0.47
Mixtral8x22B 0.62 0.39
LLaMAS-8B 0.53 0.32

Table 4: Macro F1-scores for each model (Best per
task in bold)

Legitimacy score vs. campaign status

[C]

EN

w

N

Legitimacy score

i

Failed Canceled
Campaign status

o

n=30_
Succeed

Figure 4: Campaign status vs legitimacy score

5.2. Scenario 4: lllustrative Experiment

Beyond classification, the dataset records the fund-
ing status of each campaign, which enables an
exploratory analysis of the relationship between
discursive legitimacy and performance. We define
a simple legitimacy score at the project level. For
project i, let M; denote the number of sentences
annotated as expressing at least one legitimation
mechanism (identity, organizational, or associa-
tive), and let S; be the total number of sentences
in the project description. The score is:

N log(1+8;)

This length-normalized ratio down-weights very
long descriptions without overly penalizing them.

Using this score, preliminary results (see Fig-
ure 4) indicate that successful campaigns tend
to exhibit a higher average L, than failed ones,
suggesting that a stronger presence of legitima-
tion mechanisms may be associated with more
favorable crowdfunding outcomes. Interestingly,
the highest score was observed for a canceled
project, which suggests that campaign cancellation
may depend on factors beyond narrative legitima-
tion, such as media coverage or campaign duration.
This measure remains intentionally simple, and fu-
ture work could refine it by introducing mechanism-
specific weights (e.g., L\") = % with &k €
{identity, organizational, associative}) or project-
type-dependent priors.

6. Discussion

Overall performance remains modest, which is ex-
pected given the subtlety of legitimacy signalling
at the sentence level. Signals often hinge on fine-
grained wording and local context, while the se-
mantic boundaries between mechanisms are nar-
row. Sentence-level inputs also ignore project-level
cues (e.g., preceding sentences naming a part-
ner or a certification) that are frequently required
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to disambiguate a claim. In addition, class imbal-
ance—where legitimacy mechanisms are compar-
atively rare—tends to induce over-prediction of the
majority class (“not related-legitimacy”) and under-
detection of minority classes.

The confusion matrix of the baseline illustrated in
Figure 5 indicates that most errors occur between
the not related-legitimacy class and legitimacy-
related classes, with fewer but notable confusions
among the mechanisms themselves. A recurring
false positive arises when the model treats qualita-
tive product descriptions as evidence; for example,
"Besides being a very nice product, Zimpure is
now very quiet" is descriptive, but it does not pro-
vide a verifiable metric, a recognized third-party
association, or an organizational proof, and should
therefore be labeled as not related-legitimacy. Con-
versely, typical false negatives include identity-
oriented sense-making that the model dismisses as
mere storytelling, such as "One day, while walking
along the Seine in Paris at sunset, we got the idea
to create a clock with the binary system where light
indicate digits, whose shape would be a Parisian
building where we could imagine people living as
lights turn on and off", which frames vision and
purpose and thus constitutes an identity signal. In
the multi-class classification task, some sentences
identified as false positives or false negatives for
a given mechanism may in fact express more than
one legitimation mechanism. In such cases, the
model may fail to predict the dominant mechanism,
even though the sentence contains valid cues for
another category. This difficulty arises because a
single sentence can simultaneously convey multi-
ple legitimacy signals. As illustrated in Figure 1,
the first sentence reflects both organizational and
associative mechanisms, but the model may cap-
ture only one of them while missing the dominant
label

These observations suggest three modeling di-
rections. First, a multi-label formulation can bet-
ter capture co-occurring mechanisms within a sen-
tence. Second, more sophisticated context-aware
architectures—such as sequence tagging with
cross-sentence attention—can incorporate nearby
cues (e.g., the sentence that names a partner or
cites a standard). Third, imbalance-aware learn-
ing, including class-aware sampling, re-weighting,
mixup/remix for minority classes, and per-class
threshold tuning with calibration, can mitigate skew
without distorting sentence wording. Complemen-
tary few-shot approaches with concise definitions
and counterexamples may also help large language
models discriminate borderline cases.

Several limitations point to directions for future
work. Expanding coverage of minority classes and
incorporating domain-specific lexicons (e.g., stan-
dards, grants, and institutions) may improve pre-
cision and recall for legitimacy-related categories.
Moreover, evaluating document-level models that
jointly capture local and global context could help
reduce a substantial portion of the observed false
positives and false negatives.

7. Conclusion

We introduced LegitimNarrate, the first expert-
annotated dataset dedicated to analyzing how new
ventures construct legitimacy through narrative in
crowdfunding contexts. The dataset was carefully
built to capture subtle linguistic signals of legiti-
macy, with particular attention to word choice and
contextual nuance. To address the natural class
imbalance—due to the rarity of legitimacy-related
sentences—we applied expert-verified data aug-
mentation.

LegitimNarrate enables a range of research ap-
plications, including legitimation mechanism clas-
sification, crowdfunding success prediction, and
contextual sentence modeling. lts structure also
supports critical NLP challenges such as class im-
balance learning and few-shot learning, given the
scarcity of positive samples. This dataset offers a
foundation for advancing computational methods
that require semantic sensitivity, rhetorical aware-
ness, and discourse-level understanding.

Ethics Statement

This study uses publicly available Kickstarter cam-
paign descriptions. Only content voluntarily dis-
closed by project creators was collected, and no
private or sensitive personal data were used. No
direct interaction with human participants was in-
volved.

The annotations were produced by domain ex-
perts who are also co-authors of the paper. Al-
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though this ensured alignment with the theoretical
framework, it may introduce interpretive bias. To
reduce this risk, annotation was performed inde-
pendently, disagreements were reviewed through
adjudication, and inter-annotator agreement was
reported.
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