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Abstract

Crowdfunding provides a new solution for
individuals and companies to overcome financial
hardships. However, how to improve the success rate
of crowdfunding remains a challenge for project
initiators. Pre-launch  crowdfunding success
prediction allows the initiator to understand the
likelihood of crowdfunding success and then adjust the
project information based on the result. Previous deep
learning-based pre-launch crowdfunding success
prediction models mainly focused on improving model
performances by applying cutting-edged Al models or
algorithms. These methods ignored the fine-grained
features contained in projects and platforms that
cannot be recognized by pre-trained encoders. In this
study, we use speech act theory to recognize linguistic
patterns in project descriptions. We propose applying
contestable market theory to capture fine-grained
competition intensity as well as the regional features.
Moreover, we suggest using social exchange theory to
incorporate critical information that may affect
donors’ decisions in impact letters into the framework.
The experiment results demonstrate the effectiveness
of integrating speech acts in pre-launch crowdfunding
success prediction.

Keywords: Crowdfunding Success Prediction, Deep
Learning, Speech Act Theory, Fine-grained
Crowdfunding Features

1. Introduction

The popularity of online crowdfunding has been
increasing in recent years. Online crowdfunding
provides greater flexibility than traditional offline
fundraising methods by enabling crowdfunding
projects to reach a wider range of potential backers and
facilitate project completion (Van Teunenbroek et al.,
2023). Online crowdfunding can support start-ups,
artistic endeavors, or charitable projects. For example,
commercial crowdfunding platforms are able to assist
individuals and small and medium-sized enterprises in
raising essential business funds (Eldridge et al., 2021;
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Oo et al., 2023), which greatly cuts down the financial
barriers and improves development opportunities.
Besides, educational crowdfunding platforms play a
critical role in balancing educational resources among
different areas. A major issue faced by project
initiators is how to make their project more attractive
and successfully raise the money before the due date.
Wei et al. (2020) highlighted in their study that a
significant number of crowdfunding projects failed to
raise the necessary funds. Given the importance of the
issue, many studies explored different mechanisms to
improve projects’ funding success. Some studies
focused on donors’ backgrounds and tried to identify
the critical demographic factors that drive donors’
donating decisions. Another group of researchers (Liu
et al., 2018; Lee & Chiravuri, 2019; Burtch et al.,
2013; Mollick, 2014) conducted empirical analyses to
understand which features of crowdfunding projects
are able to attract donors significantly.

The development of artificial intelligence enables
humans to obtain the representations of multimodal
data and trained deep learning-based models to study
patterns in the data. This breakthrough enables
researchers to  leverage  multimodal data
representations for more accurate predictions of
crowdfunding success. By analyzing representations
of different crowdfunding projects, Al models can
identify critical factors that significantly contribute to
crowdfunding success. However, with the application
of state-of-the-art Al algorithms and the enhancement
of data utilization, it has become hard to significantly
improve crowdfunding prediction accuracy by
modifying the model structure. To address this issue,
our study proposes a new approach that integrates
critical fine-grained features suggested by previous
research or theories into a cutting-edge pre-launch
crowdfunding success prediction framework. For
example, we apply the speech act theory (Searle 1969;
Kronrod et al., 2012; Oo et al., 2023) to recognize
linguistic patterns in the project description, which
enables the framework to identify the fine-grained
linguistic clues conveyed by project initiators to
potential backers in the project descriptions. In
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addition, we also propose applying contestable market
theory to capture fine-grained regional features as well
as the competition intensity. Moreover, we suggest
using social exchange theory to incorporate critical
information that may affect donors’ decisions in
impact letters into the framework. By integrating fine-
grained linguistics clues (speech acts), our proposed
model has a solid improvement in performance
compared to the previous methods. We believe that
our model helps project initiators reduce trial-and-
error costs and has the potential to become a valuable
resource for the platform.

2. Related Work

2.1. Key Factors on Crowdfunding Success

In online crowdfunding, potential donors make
their donating decisions based solely on the
information provided by the platform and the self-
reported information from the project initiators, due to
the absence of face-to-face communication between
project initiators and potential donors. Previous
research proposed that online crowdfunding projects
affect donors' perception of project quality from four
different aspects: project description, project features
and project creator features, social information, and
rewards (Van Teunenbroek et al., 2023). We consider
all the aspects of our prediction model. However, due
to our research context which is a donation-based
crowdfunding platform, we do not consider rewards in
our model.

2.1.1. Project Description. It is believed that project
description has a significant influence on donors’
decision-making process, as it serves as the primary
channel to convey essential project information to the
donors (Krause, 2014; Burtch et al., 2013). Behl &
Dutta (2020) suggested that crowdfunding project
descriptions enhance donors’ perception of the quality
of the project through sharing detailed project plans.
Additionally, factors related to the project description
itself, such as description length (Ho et al., 2021) and
spelling errors (Wu et al., 2022), may also influence
individuals' donating decisions. Moreover, researchers
have suggested that the emotions conveyed in the
project description, as well as the emotions elicited in
potential donors after reading project descriptions, are
able to significantly influence their decisions (Wang et
al., 2022). In addition to considering the shallow
features of the description, we also consider the
linguistic expression embedded in the description.
Lastly, recent research found that specific linguistic
expressions in project descriptions could induce
donating behavior (Oo et al., 2023). Donors tend to

respond positively and donate when specific linguistic
expressions (such as assertive speech acts and
expressive speech acts in the Speech Act theory) are
applied and well-organized in project descriptions.
This finding provides a new perspective for studying
crowdfunding success by examining the linguistic
expressions embedded in project descriptions.

2.1.2. Project Features and Project Creator
Features. Prior research has revealed the effect of
project features (e.g background information (Ba et al.,
2021) and required funds (Wei et al., 2022)) and
project creator features (e.g the demographic
information (Younkin & Kuppuswamy, 2018) and
reputations (Liu et al., 2018; Lee & Chiravuri, 2019))
on crowdfunding success. However, most of the
previous research studied the impact of project and
creator features focusing on individual projects, which
ignores the dynamic competition among the projects
with similar features on the platforms. To address this
limitation, our research adopts the contestable market
theory to measure the competition intensity among
homogeneous projects at a given time as well as the
regional information at a given area on the platform
when a new project is launched.

2.1.3. Social Information. Research also showed that
the social information or credibility about the project
initiators in previous projects may positively influence
their future projects. For example, Althoff & Leskovec
(2015) emphasized the effect of impact letters of
previous projects on the success of future
crowdfunding projects. On the one hand, they
proposed that impact letters encourage previous
donors to support new projects. On the other hand,
impact letters serve as an effective way for potential
backers to understand the outcomes of previous
donations and build trust with project initiators.

2.2. Pre-launch Crowdfunding Success
Prediction

Pre-launch crowdfunding success prediction
refers to using critical project features and project
information to forecast the probability of achieving the
project goal before a project is launched (Cai et al.,
2024). To precisely predict crowdfunding project
success, research has utilized various Al models and
algorithms to identify critical patterns within the data.
Greenberg et al. (2013) trained Support Vector
Machine (SVM) model and tree-based models on the
critical initiator features and project features to predict
crowdfunding success. Yuan et al. (2016) used an
unsupervised machine learning method to develop a
topic model trained on large scale text data from a
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crowdfunding corpus. The topic model can offer
additional topic information to the crowdfunding
success prediction model by extracting related
information from the crowdfunding projects.
Recently, the ability of deep neural networks to
recognize complex patterns from multimodal data has
been valued by researchers. More and more studies
have attempted to wuse deep learning-based
frameworks to extract key information from
multimodal crowdfunding data in pre-launch
crowdfunding success prediction (Cheng et al., 2019;
Zhang et al., 2021). Such methods rely less on human
knowledge and seek to identify critical patterns in
numerous features through complicated neural
networks. Building upon these, researchers started to
use pre-trained language models and computer vision
models as encoders to obtain vectorial representations
of text and image data from crowdfunding projects. By
feeding the representations into the neural networks,
pre-launch prediction models can extract critical
information from multimodal project data. Faralli et al.
(2021) utilized a pre-trained BERT model to extract
critical information that affects donors’ decisions in
project descriptions. Cheng et al. (2019) used the pre-
trained VGG-16 model as an encoder to extract
information from images in crowdfunding projects,
which significantly improved the performance
compared to the previous models. On the basis of
utilizing pre-trained computer vision models to extract
image information, Zhang et al. (2021) further
employed the pre-trained Neural Image Assessment
(NIMA) model to obtain fine-grained artistic features
of the project images, which provides additional
information for the model. Recently, researchers
integrated cutting-edge techniques, such as the cross-
attention mechanism (Tang et al., 2022) and graph
convolutional module (Cai et al., 2024) into the deep
neural network framework. These added new modules
enhanced the capability of the framework to identify
interactions between multi-model data and improve
the performance. However, we found that previous
crowdfunding forecasting models have paid less
attention to utilizing fine-grained features embedded
within the data, which reflect the relationships
between projects or are linked to specific contexts.

3. Fine-grained Crowdfunding Features

Fine-grained features are usually considered to be
finer features among the general features. Well-
defined fine-grained features are able to highlight the
factors identified by humans that significantly
influence the target within a specific context.

A unique study conducted by Zhang et al. (2021)
examined the impact of fine-grained image features,

the aesthetics of an image, on potential donors. The
authors employed a pre-trained NIMA model to grade
artistic scores for the product images and incorporate
graded scores for the pre-launch prediction models.
Their results showed that integrating human-defined
concepts, which are hard to recognize by commonly
used encoders, as fine-grained features can effectively
improve the model's performance  without
significantly increasing the model complexity.

Identifying  fine-grained  features  requires
researchers to draw insights from existing studies and
related theories. After extensively reviewing the
literature and related theories, we found some theories
that may explain the relationships among the projects
as well as the impact of unobtrusive features on donors
in the crowdfunding context. In this section, we will
introduce these theories and explain why they are
critical for pre-launch crowdfunding success
prediction.

3.1. Speech Act Theory

Research suggested that linguistic expressions
embedded in the text serve as an alternative way to
help readers discern the intentions conveyed in the text
silently (Searle 1969; Abassi et al., 2018). To identify
the linguistic clues in project descriptions and
understand their role in enhancing the likelihood of
crowdfunding success, we use the Speech Act theory
to define various linguistic expressions. Austin (1962)
defined speech act as delivering speakers’ intentions
to listeners. Our research utilized four different speech
act behaviors defined by Searle (1969): Assertive,
Expressive, Commissive, and Directive. Each speech
act conveys specific intentions to the listeners. The
detailed explanations and examples of each category
are shown in Table 1.

Table 1. Definition of speech act behaviors

Category | Description Example
Assertive Describing the | We are located in a
real facts low-income area.
Expressive | Describing We love to learn in
personal COLOR.
feelings or
attitudes

Commissive | Committing to | We will use these
some future materials for Math

actions practice.

Directive Requesting the | | am requesting new
people to do mailboxes.
something

Previous research has shown that speech acts
significantly influence listeners’ responses. For
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example, utilizing assertive speech acts in promotional
messages is more likely to draw customers’ attention
than other types of speech acts when promoting
hedonic products (Kronrod et al.,, 2012). Recent
research conducted by Oo et al. (2023) demonstrated
the significant impact of speech acts on donors’
donating decisions in online crowdfunding. Their
result suggested that both assertive and expressive
speech acts were positively correlated to
crowdfunding success. In contrast, the commissive
speech act tends to decrease donors’ willingness to
donate. Given that previous research has examined
and demonstrated a significant relationship between
speech acts and the recipients’ positive reactions, we
choose speech acts as fine-grained features to predict
crowdfunding success and integrate them into our pre-
launch crowdfunding success prediction framework as
the crucial input.

3.2. Contestable Market Theory

The review of prior crowdfunding research
reveals that most of the previous research has focused
on studying the characteristics of individual projects
while ignoring the dynamic competition from
homogeneous projects on the platform. Specifically, at
any given period, the crowdfunding projects on the
platform are competing with others for limited
donations, which aligns with the mechanism of a
contestable market.

Perrakis (1982) defined a contestable market as
one into which entry is absolutely free and exit is
costless. Shepherd (1984) summarized five key
characteristics of a contestable market: low entry, low
exit barriers, less sunk costs, few technical barriers, as
well as high market transparency. Online
crowdfunding platforms perfectly fit these five
characteristics. Project initiators are not restricted to
launching or quitting a project and do not require high
investments. In addition, the platform reduces the
technical requirements for the project creators and
improves the transparency of the projects. Based on
the analysis above, it is reasonable to analyze online
crowdfunding from a contestable market perspective
and treat every single crowdfunding project as a
competitive product on the market.

3.2.1. Competition Among Homogeneous Projects.
According to the contestable market theory,
homogeneous products face fierce competition due to
the threat of new entrants and limited market share. In
online crowdfunding, when a new project is launched,
the presence of homogeneous projects on the platform
will create fierce competition (Zhu et al., 2022) and

reduce the likelihood of success of the new project.
Therefore, it is necessary to consider the impact of
competition from the existing projects in the pre-
launch crowdfunding success prediction framework.
This enables the framework to capture fine-grained
competition among homogeneous projects on the
platform at a given time.

3.2.2 Regional Information. Agrawal et al. (2011)
proposed and demonstrated that donors prefer to
contribute to crowdfunding projects in the local
community. From a contestable market perspective, a
local community can be viewed as a market segment
where projects (products) attract local donors through
locally relevant information, unique elements, and
preferences. Incorporating these elements into a
project may arouse local donors’ donating willingness.
Moreover, projects in adjacent areas often share
similar characteristics due to the geographical
proximity. Therefore, the pre-launch crowdfunding
success prediction framework should be able to
identify the connection between features of a new
project and previous projects within the nearby
regions. The fine-grained regional features enable the
framework to capture unique regional features that are
highly related to crowdfunding success.

3.3. Social Exchange Theory

Social Exchange Theory emphasizes that
maintaining particular social interactions relies on
individuals perceiving fair rewards for their efforts
(Cook et al, 2013); Otherwise, such social
relationships are hard to sustain. In online
crowdfunding, reward-based crowdfunding projects
offer rewards directly to donors. While in other types
of crowdfunding, the thank-you letter or impact letter
helps donors perceive the value of their contributions
by describing how the funds have positively impacted
the beneficiaries. Based on the social exchange theory,
giving an impact letter after the project completion
enhances the donors' perception of the utility and
intensifies the relationship between the donors and the
project initiator. This also increases the chance of
donors supporting projects launched by the initiator in
the future. Additionally, impact letters from past
projects may enhance potential donors’ confidence in
the effectiveness of their donations in the new project,
thereby accelerating project completion. Given the
importance of the impact letters, we incorporate them
in the framework to capture their influence on the
donors.
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Table 2. Summary statistics

1) ) ®) (4)
Variables mean sd min max
Speech Act Scores
Assertive 0.410 0.115 0.010 0.890
Expressive 0.563 0.118 0.040 0.940
Commissive 0.342 0.123 0.030 0.970
Directive 0.174 0.106 0.030 0.870
Project Characteristics
Funding_status 0.748 0.434 0.000 1.000
Students_reached 78.740 119.299 0.000 800.000
Total_price 531.623 370.195 17.000 2,425.017
Eligible_double_your_impact_match 1.331 0.471 1.000 2.000
Eligible_home_match_variable 1.074 0.262 1.000 2.000
Word_count 276.222 84.693 1.000 491.000
Resource_usage Dummy variable for the usage of funds
Metro Dummy variable for the school location
Subjects Dummy variable for subject
Poverty level Dummy variable for local poverty
Grade_level Dummy variable for students’ grades

Teacher Characteristics

Teacher_prefix

Gender of the project initiator

4. Data and Methodology
4.1. Dataset

The experiment dataset contains 71,656
crowdfunding projects launched on DonorsChoose
between 2004 and 2012. DonorsChoose is an
educational platform where K-12 educators can raise
funds to purchase teaching materials and support
various educational activities. Potential donors can
access  detailed information regarding  the
crowdfunding projects on the platform, such as the
student's grade, subject, resource usage, the poverty
level of the region where the school is located, etc. We
select 9 critical project features (‘resource_usage',
‘grade_level', ‘poverty _level’, ‘teacher_prefix,
'subjects’, ‘eligible_double_you_impact_match’,
‘eligible_almost_home_match', 'metro’,
‘total_price_excluding_optional_support') to
construct the project feature vector. The summary
statistics are shown in table 2. Since the ratio of
completed projects to uncompleted projects is
approximately 4:1, we use the down sampling method

to balance the distribution of positive class and
negative class in the dataset. We separate the final
dataset into training data and test data, the ratio of
training data to test data is 8.5:1.5. We select 8 critical
project features (‘resource_usage', 'poverty_level',

‘eligible_almost_home_match’, 'subjects’,
‘eligible_double_you_impact_match’,

‘total_price_excluding_optional_support', ‘metro’,
‘grade_level) and one project initiator feature

(‘teacher_prefix") to construct the feature vectors.
4.2. Speech Act Measurement

Oo et al. (2023) obtained speech act classifiers by
training Xgboost models on manually annotated data.
The classifiers were then used to predict the speech act
category for each sentence in the final dataset. We
follow this method to obtain classifiers for four speech
acts by fine-tuning the pre-trained DistilBERT model
on a manually annotated dataset. The detailed process
will be introduced in this section.
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Table 3. Classifier performances

Ratio Sampling Test Test Test Val F1 | Val Val

Pos:Neg Methods F1 Recall Precision Recall Precision
Assertive 3:7 Down 0.84 0.82 0.86 0.83 0.83 0.84
Expressive 6:4 None 0.84 0.86 0.82 0.82 0.86 0.80
Commissive | 3.2:6.8 Down 0.86 0.88 0.85 0.85 0.87 0.83
Directive 1:9 Mix 0.84 0.82 0.86 0.83 0.83 0.84
Notes: The column Ratio shows the distribution of positive and negative classes among different speech act
categories. The Sampling Methods column shows our sampling methods for dealing with imbalanced classes.
(Down: Down-sampling method; Mix: A combination of down-sampling method and up-sampling method)

4.2.1. Data Annotation. We started by annotating the
sentences randomly sampled from the dataset. The
labeled sentences help the model to identify patterns
of speech acts embedded in the project descriptions.
This is critical for models to gain the capability to
predict the speech act type of a new, unseen sentence.
To accurately label the speech act category of the
sentences, we adhere to the description of four speech
acts outlined by Abbas et al. (2018), as shown in Table
1. We randomly selected 100 sentences from the
dataset for the pilot test, making sure that the three
researchers participating in this study understand the
definition of different speech acts accurately. We
randomly sampled 1% of projects (about 200 projects)
and decomposed all the project descriptions into a total
of 3900 sentences to construct the final training
dataset.

4.2.2. Prediction. After reviewing the labeled results,
we input the data into the DistilBERT model designed
by Sanh et al. (2018). DistilBERT has a smaller
structure and faster processing speed while
maintaining the performance of BERT, which makes
it extremely suitable for labeling large amounts of data
efficiently. We fine-tune pre-trained DistilBERT
models to develop classifiers for all four speech acts.
Adjusting the weights of the last few layers with
training data enables the model to learn the linguistic
patterns of various speech act categories iteratively.
The sampling strategies and test performances of
models for four speech act classifiers are shown in
Table 3.

We then employ the fine-tuned classifiers to
predict the probability that the sentences in project
descriptions belong to a specific speech act. We
calculate the average of the sum of probabilities for
each speech act category across all sentences in the
project description and use them as the measurements
of the fine-grained linguistic clues in the projects (Oo
etal., 2023).

We are working on capturing other fine-grained
features such as competition intensity, regional
information, and credibility information from the

impact letter. The following section only contains the
preliminary model input and model evaluation by
adding the speech act fine-grained features.

5. Preliminary Model Input and Model
Structure

5.1. Feature extraction

The framework includes three major inputs, project
description, speech act scores, and project features,
initiator features. We use a pre-trained BERT model
as an encoder to get the content embedding of all n
project description D = [Dy; Dy; D3; ...; D, ] € R™%in
the training data, where d is the number of dimensions
of BERT’s output vector. Speech act scores are
measured by the distribution of four speech act
categories  (Assertive, Expressive, Commissive,
Directive). For each crowdfunding project, we create
a four-dimensional speech act vector I € R™*
representing all four speech act categories. The final
input speech act scores of all n project descriptions is
S =[S1;52;S3;...;S,] ER™* . We use m project
features to help the framework distinguish the
differences among project features, the input feature of
all n project in the dataset is F = [Fy; F,; Fs; ...; E,] €
R™™_ Similarly, project creator features are built in
the same way.

5.2. Model Structure

The model structure is shown in Figure 1. The
inputs are content embedding, project initiator feature,
speech acts scores, and project features. The content
embedding is first sent to linear layers 1(LN 1) to
further integrate the information in the project
description to avoid the dimensionality issue. The
output is a 100-dimensional vector. In addition, the
framework concatenates the speech act scores, project
initiator features vector, and project features vector
directly and sends the concatenated vector into another
linear layer 2 (LN 2) to obtain another 128-
dimensional output. This augmentation improves the
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importance of speech act scores and project features.
Eventually, the model concatenates the output vectors
of the different linear layers and sends them to the final
Multi-Layer Perceptron (MLP) to output the final
prediction. The MLP module includes two fully
connected layers and one ReLU activation function.
The final loss is calculated by adding up the difference
between the predicted value and actual values for each
project within a batch.

Project Pretrained
Description BERT
LN1

Initiator

Feature
Speech Act N LN2

Scores L/ NP Le
Project

Features

Figure 1. Model structure
6. Model Performance

The model performance is shown in table 4. We
selected different machine learning methods applied in
previous studies in the experiments. The target
variable of the experiment is whether a crowdfunding
project has successfully raised the money. Based on
results in table 4, the fine-grained semantic framework
we proposed comprehensively surpasses the
performance of the baseline models across multiple
metrics.

Table 4. Model performance

Model fl Accuracy | AUC
score

Random Forest | 0.5616 |0.6180 0.5822
XGhboost 0.5850 |0.6048 0.6046
Lightgbm 0.6028 |0.6227 0.6225
Logistic 0.6209 | 0.6083 0.6085
Regression

BERT-MLP 0.5886 |0.6229 0.6225
Our 0.6347 | 0.6256 0.6258
framework

The significant improvement in f1 score indicates
that our framework that includes speech act scores is
able to capture the difference between positive and
negative examples effectively. Additionally, we
adjusted the proposed framework by removing the
fine-grained speech acts features, creating a BERT-

MLP variant. By comparing BERT-MLP with the full
framework (ablation experiment), we demonstrated
that adding fine-grained speech acts features improves
predictive accuracy. We are expected that by adding
more fine-grained features, our model performance
will be increased even more. We will display the
results of other features in the Future Work Section.

7. Future Work
7.1. Fine-tuning Semantic Embeddings

Pre-trained language models learned patterns and
word associations on large-scale general data.
Consequently, utilizing a pre-trained language model
as an encoder may not precisely represent the
meanings of words in a particular corpus. For
example, in DonorsChoose corpus, the word "apple"
usually denotes Apple company and its products, like
Apple TV or Apple computers. In most cases, "apple”
has nothing to do with its conventional meaning,

‘fruit apple’. Therefore, in the future, we are going
to apply the Word2Vec method to enable the
framework to capture the association among the words
more accurately within the corpus. This may further
enhance the ability of the framework to accurately
capture the semantic meanings of words and make
them perfectly fit the crowdfunding context.

7.2. Capturing Competition Among
Homogeneous Projects Through Attention
Mechanism

When a crowdfunding project is launched, this
project will compete with other projects on the
platform at the time. Therefore, accurately predicting
a project's success may require understanding the
presence of competitive projects on the platform. We
would like to introduce the attention mechanism to the
framework to identify homogeneous projects on the
platform. Chen et al. (2024) designed an attention-
based sales prediction model. This model utilized the
attention mechanism to capture the relationship among
the online customer reviews. Each element in the
generated attention vector indicates the strength of the
association between the focal review and another
review. Similarly, in an online crowdfunding
environment, crowdfunding success influenced by
competition (Zhu et al., 2022). Therefore, we refer
Chen et al. (2024)’s method and employ the attention
mechanism to measure the strength of interaction
between the focal crowdfunding project and all its
competing projects. Projects with higher attention
values indicate strong competition and will be
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assigned a high weight. By learning the attention
values between all projects and their competitors in the
training data, the framework will be able to accurately
and dynamically adjust the weights of various
competitors to enhance project success prediction.

7.3. Capturing Regional Features Using GNN

It is worth noting that each project on the platform
is not isolated from others. For example, there could
be strong correlations between the projects from the
nearby counties or those launched by the initiators
from the different schools in the same region. In this
case, we will attempt to capture this type of correlation
through Graph Neural Networks (GNN). Specifically,
we treat each project as a node in the graph, while the
project features and regional features serve as edges to
connect the nodes, including both project-specific and
region-specific data. The framework will then be able
to identify the regional patterns from the constructed
graph by studying the associations between the focal
project and recent projects from nearby regions. The
learned regional features will be presented as a vector
and combined with other types of features as the input
for the final prediction model.

7.4. Impact Letter

On the DonorsChoose platform, many initiators
write impact letters to donors if they raise money
successfully. These letters state the utilization of the
funds as well as the impact of the funds on students.
According to our analysis in the social exchange
theory section, the statement on the utilization and
impact of the funds in the impact letter will enhance
donors' perception of the value of their donation,
thereby enhancing and maintaining the credibility of
the project initiator.

Project Fine-tuned
Description Word2vec

Initiator

Feature
Speech Act Y LNz -
Scores N /

1
Project
Features

M
GNN ‘ ‘ Impact Letter

LP

Competition
Intensity

Focal Project and Project

in Nearby Regions.

Figure 2. Full model structure.
We will input the embedding of the project
initiator's impact letters in previous projects into the

framework. On the one hand, the framework assesses
the impact of the presence of impact letters on the
success of a new project. On the other hand, the
framework can identify the critical contents mentioned
in impact letters that significantly enhance the
credibility of donors.

The full model structure is shown in figure 2.

8. Conclusion

Our research developed a fine-grained fusion
framework to predict the success of crowdfunding
projects by integrating fine-grained speech act scores,
marketing competition intensity, regional features, and
the influence of impact letters. The experiment results
demonstrate that utilizing multiple types of fine-
grained features is able to enhance the capability of the
pre-launch  crowdfunding  success  prediction
framework to distinguish between successful and
unsuccessful projects effectively, thereby improving
classification accuracy. The practical contribution of
our research is that our model helps reduce the trial-
and-error costs for project initiators. When the model
predicts a low likelihood of success, the initiator can
increase the chance by refining the project description
or decreasing the required funding amount. In
addition, our framework has the potential to be
integrated into the platform and become a valuable
asset for enterprises.

IS research always highlights the importance that
humans should actively participate in the process of
interacting with Al as experts (Berente et al., 2021;
Sturm et al., 2021). Our research shed an idea to
introduce the findings or theories from previous
research into the Al framework as expert knowledge
to improve the capability of models to identify the
patterns in small sample data more effectively.

Our ongoing work focuses on designing and
integrating fine-grained features of regional project
correlation using GNN, as well as integrating market
competition and impact letters into the framework. We
will then train the final framework and demonstrate
the effectiveness of fine-grained features through
ablation experiments. We do expect to complete this
and present the results at the conference in January.
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