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1 Summary

Background: Conventional crowdfunding research frequently employs linear models to imply that heightened social
signals—such as social media engagement, video integration, and regular project updates—are directly associated with
project success. But as global crowdfunding platforms grow up and the digital world gets more crowded, these basic linear
ideas may not be true anymore. The high number of competing campaigns creates "noise" that could interfere with the
direct signaling effect of traditional success drivers. This leads to what this study calls the "Predictability Paradox."

Objective: This study examines the disassociation of feature significance from linear correlation in crowdfunding results.
We seek to ascertain the rationale behind the negligible linear relationships of high-impact strategic variables (e.g., social
media reach and goal setting) with success in extensive datasets, while these variables remain essential elements of
predictive machine learning models.

Methodology: This research utilizes a comprehensive dataset of 100,000 international crowdfunding campaigns across
five principal sectors (Film, Music, Games, Technology, and Art), employing a dual-methodological approach. Initially,
we employ Pearson correlation matrices to discern linear dependencies, subsequently applying a Random Forest (RF)
classification algorithm. This non-linear ensemble method is used to get Gini importance scores, which makes it possible
to compare traditional statistical correlation with modern predictive feature importance in a strong way.

Results: The empirical findings indicate a substantial variation in variable impact. Even though traditional success
indicators like SocialMediaPresence and NumUpdates have almost no linear correlation coefficients ($r < 0.01$), they are
the most important predictors in the non-linear Random Forest framework, making up more than 35% of the model's
predictive weight along with Goal Amount. The data shows that the success rate is about the same for all categories, around
50%. This means that the success of a campaign is more affected by complex, non-linear interactions of strategic signals
than by membership in a certain category or region.

Conclusion: The findings indicate that conventional crowdfunding signals operate as "threshold factors" rather than linear
drivers; they are crucial for campaign legitimacy but do not ensure success in a proportional manner. This study contests
the prevalent "more is better" philosophy in entrepreneurial finance and offers an enhanced framework for project owners
to manage the intricacies of digital signaling in oversaturated markets.

Keywords: Crowdfunding; Predictive Analytics; Random Forest; Signaling Theory; Non-linear Dynamics;
Entrepreneurial Finance.
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2. Introduction

2.1 The Concern: The Inconsistencies of "Best Practices" Crowdfunding has grown into a democratic way for
entrepreneurs to get money in the growing digital economy. Although there are a lot of "best practices" that have been
around for a long time, like having a strong presence on social media, giving regular updates, and including high-quality
video content, a lot of campaigns still don't meet their financial goals. According to what people in the industry think,
there is a linear relationship: more engagement means a higher chance of success. But practitioners often feel like they're
in a "Red Queen's Race," where putting in more effort in these traditional areas doesn't always lead to more funding
outcomes. This research designates this occurrence as the "Predictability Paradox," wherein signal saturation results in a
cessation of their efficacy.

2.2 The Gap: From Small-Scale Observation to Big Data Reality One big problem with the current crowdfunding
literature is that it relies on datasets that are too small or too niche, usually with only a few hundred to a few thousand
observations. These studies have been very helpful in finding basic signs of success, but they often don't have enough
statistical power to find non-linear dynamics or the "diminishing returns" of campaign efforts.

This study fills in the gaps by using a huge, fast-moving dataset of 100,000 crowdfunding campaigns. Because this data
is so big, it is possible to look for hidden patterns that smaller samples might miss because they think they are outliers.
Our data shows that the success rate stays very stable at about 50.09% across a wide range of categories, including Film,
Technology, and Games. This suggests that having "best practice" signals is no longer a competitive advantage but rather
a baseline requirement for entry.

2.3 Research Questions (RQs) This study examines the dissociation of signal significance from linear success by
addressing the following research inquiries: * RQ1: How closely do traditional success signals (like Social Media
Presence, Num Updates, and Video Included) linearly relate to the financial success of a campaign in a market that is
already full? « RQ2: Do these variables show "diminishing returns," meaning that increasing frequency or reach past a
certain point doesn't significantly raise the chances of success? « RQ3: Is it possible for a non-linear machine learning
method (Random Forest) to find hidden feature importance that linear regression models miss

2.4 Contributions of the Research This study enhances Signaling Theory by analyzing 100,000 campaigns, revealing that
in high-noise environments, signals diminish their linear predictive efficacy. The study gives entrepreneurs a new way to
think about their business: instead of trying to meet every "best practice" metric, they should focus on finding the right
balance between Goal Amount and Social Media Presence (which our Random Forest model found to be the most
important features at ~18% and ~17.9% respectively).

3. A review of the literature and a theoretical framework
3.1 The Role of Signaling Theory in Digital Entrepreneurship

According to signaling theory, when there is an information gap—when the project owner knows more about the project's
quality than potential backers—the owner must send "signals" to show that they are trustworthy and valuable. In the
context of crowdfunding, the dataset reveals three principal signals:

* Having a lot of followers on social media is a sign of legitimacy. It shows that there is already a community of trust,
which makes new backers feel less risky. « Update Frequency as a Commitment Signal: Regular updates show that you
are working hard and being honest after the launch. They give backers peace of mind that the business owner is working
hard and taking responsibility. « Video as a Quality Signal: People often see the inclusion of a video as a "costly signal."
Videos take time and money to make, so they show that you are more prepared and professional.

3.2 The "Crowdfunding Paradox': Realities That Are Linear vs. Non-Linear

A lot of the research that has been done so far (for example, Mollick, 2014; Ahlers et al., 2015) says that these signals
are positively and linearly related to the success of a campaign. Most of the time, these studies say that "more is better,"
meaning that more updates and a bigger social reach always make you more likely to succeed.
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The study of 100,000 campaigns, on the other hand, brings up a "Crowdfunding Paradox." The Random Forest model
says that these variables are very important features, with Social Media Presence and Goal Amount being the best
predictors. However, their Linear Correlation with success is very low (about 0.0004).

The Counter-Argument: Signal Overload
In a saturated market, we think these signals have reached a state of ''Signal Saturation,”" which is marked by:

1. Diminishing Returns: After a certain amount of social media presence or updates, the extra benefit to the chance of
success drops to almost zero.

2. Too Much Noise: There are 100,000 campaigns fighting for your attention, so signals that used to set you apart have
become "hygiene factors." They are important to think about (High Importance), but they don't guarantee a win on their
own anymore (Low Correlation).

3.3 Theoretical Synthesis: The Effect of the Threshold

Figure 1: Empirical Threshold Effect
(Social Media Deciles vs. Success Probability)
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This research goes beyond the "linear success" model to present a Threshold Framework. We assert that success is not
dependent on the number of signals, but rather on the strategic alignment between the signal and the Goal Amount.

The interaction analysis indicates that a "Very High" social media presence performs only marginally better than a
"Medium" presence when the goal amount is improperly configured. This shows that the link between financial goals and
social cues is not straight and simple, so it needs advanced machine learning models to understand.
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Figure 2: Proposed Theoretical Framework for the Threshold Effect
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3.4 Formulating Hypotheses We suggest the following based on the framework above:

* H1: In non-linear models, traditional signals like social media and updates will be very important, but in linear models,
they won't have much of an effect on success.
e H2: The Goal Amount of the campaign changes how social signals affect success.
* H3: The success rates are the same for all categories (Film, Tech, Games). This means that platform-wide signaling
norms are more important than advantages that are only available in one category.

4. The methodology utilized in the research This section talks about the careful study of the "Predictability Paradox" in
crowdfunding. We use a large-scale computational method that compares ensemble machine learning with traditional
frequentist statistics to meet the high standards needed for Scopus-indexed standards.

4.1 Where the data came from and what the sample was like This study employs a dataset comprising 100,000 distinct
crowdfunding campaigns that undergo rapid fluctuations. The data shows five main types of projects: art, music, movies,
games, and technology. There are many places in it from all over the world. The recorded variables include financial goals
(Goal Amount), time factors (Duration Days), engagement metrics (Num Backers, Num Updates), and social signals
(Social Media Presence, Video Included). The primary benefit of this extensive sample is its ability to mitigate "small-
sample bias," a prevalent issue in crowdfunding research. This helps researchers find small, non-linear interactions.

4.2 Getting Things Done with Variables

* Dependent Variable: The outcome is determined by Is Successful, a binary indicator (1 for success, 0 for failure), with
success explicitly defined as Raised Amount > Goal Amount.

* Independent Variables: We divided predictors into three groups: 1. Strategic/Financial: How much the goal is and how
long it will take to reach it. 2. Social Signals: The number of updates, whether there is a video, and how often the account
posts on social media. 3. Contextual/Fixed: The owner's experience, the country, the category, and the month the product
was released.

4.3 Getting the Data Ready We used the Python Pandas and Scikit-learn libraries to get the data ready for
algorithmic analysis by doing the following:

1. Categorical Encoding: We used label encoding to turn nominal variables like Category, Country, and Launch Month
into numbers that machine learning can understand. 2. Binary Transformation: The Video Included variable changed
from "Yes" or "No" to "1" or "0." 3. Data Integrity: The first audit found that all 100,000 records had all of their values.
This means that the dataset is complete and not biased.

4.4 Analytical Techniques: A Method with Two Models We employed two distinct analytical frameworks to evaluate
our hypothesis that significance and correlation are not synonymous. A. Pearson Correlation Analysis (Linear
Relationship) We used the Pearson Correlation Coefficient (r) to see how strong and in what direction the linear
relationship was between each predictor and the success outcome. This is how most people do their math. B. Random
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Forest Classification (Predictability that isn't straight) We used a Random Forest (RF) Classifier to figure out how the
"Threshold Effect" works in a way that is not straight and is hard to understand. RF is a kind of ensemble learning that
looks for patterns by using more than one decision tree. This is not the same as models that are straight lines.

* Hyperparameters: 100 estimators, a maximum depth of 10 to keep from overfitting, and Gini impurity for the split
criteria. * Feature Importance: We used Gini Importance (Mean Decrease in Impurity) to find out which variables have
the biggest effect on how well the model can make predictions, even if they aren't directly related. 4.5 Testing and
Reliability We divided the data into two groups: 80% for training and 20% for testing. We used a confusion matrix to
check the model's accuracy, precision, and recall to see how well it worked. We were able to use the fact that Random
Forest is made up of a lot of trees to make K-fold Cross-Validation work. This was done to make sure that the "Feature
Importance" stays the same no matter where it is in the data.

5. Results

5.1 Distribution of Campaign Success

1. Distribution of Campaign Success
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This chart shows how many campaigns in the dataset were successful and how many were not. * Inference: The dataset is
almost evenly split, with 50.09% of campaigns being successful (1) and 49.91% being unsuccessful (0). This shows that
the environment is very competitive, and almost half of all projects don't reach their goals.

5.2Success Rate by Category

2. Success Rate by Category
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A look at how well the five main categories—Aurt, Film, Games, Music, and Technology—did. ¢ Inference: The success
rates are very similar for all categories. Film and music have the highest success rates, just above 50.3%. Art has the
lowest success rate, at 49.69%. This means that no one category is clearly better than the others.
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5.3Success Rate Trend by Launch Month

3, Success Rate Trend by Launch Month
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This line chart shows how the success rate changes depending on when the campaign started. * Inference: It looks that
seasonality doesn't have much of an effect. The success rate stays around 50% all year, which means that for this dataset,
the month of the debut doesn't seem to be a good predictor of success.

5.4Impact of Video Inclusion on Success

4. Impact of Video Inclusion on Success
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This graphic looks at if adding a video to the campaign site changes the result.

* Inference: Campaigns that have a video (Yes) are 50.23% successful, whereas those that don't are 49.95% successful.
A video is usually thought to be a good idea, however in this large dataset, it only makes the chance of success go up by
0.28%.
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5.5Average Goal vs. Average Raised Amount

5. Average Goal vs. Average Raised Amount
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A comparison between the average funding target (Goal) and the average amount actually collected (Raised) by category.

o Inference: Across all categories, the average amount raised is remarkably close to the average goal amount. This
indicates that, on average, the community supports projects to the level of their requests, though individual project
performance varies wildly.

5.6Success Rate vs. Owner Experience

6. Success Rate vs. Owner Experience
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This chart examines the relationship between the owner's years of experience and their success rate.

o Inference: Surprisingly, the success rate does not show a linear increase with experience. It fluctuates between 49%
and 51% regardless of whether the owner has 0 or 19 years of experience, implying that project quality or marketing may
outweigh historical experience.
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5.7Success Rate by Number of Updates

7. Success Rate by Number of Updates
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Campaigns were sorted by how many updates were sent to backers (0-10, 11-20, etc.)

* Inference: Like previous metrics, the number of updates reveals that the success rate is stable across all bins. This means
that while communication is vital for getting people involved, just sending a lot of updates doesn't mean that the funding

will go through.

5.8Distribution of Campaigns by Country

8. Distrbution of Campaigns by Country
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A list of how many campaigns started in each country in the dataset.

* Inference: The campaigns are going to on in a lot of big countries, such as Canada, the UK, Germany, Australia, and the
US. The fact that the numbers have an even distribution in these areas shows that people from all over the world contribute

money to these crowdfunding initiatives.
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5.9Social Media Presence vs. Raised Amount

9. Social Media Presence vs. Raised Amount (Sample)
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A correlation analysis including 2,000 campaigns to see whether an increased social media presence correlates with higher

revenue.

* Inference: The regression line is mainly flat, which implies that there isn't a strong link between the number of followers
on social media and the total amount raised. This indicates that having a lot of followers on social media won't
automatically make you more money. There need to be additional things that aid.

7 Crowdfund overall analysis

1. Overall Success vs Failure

2. Success Rate (Zoomed)
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6.1Descriptive Statistical Summary

The following table summarizes the key numerical metrics

) Goal Raised Duration Num Owr.ler SOClioll

Metric Amount Amount (Days) Backers Experience | Media
y (Yrs) Presence
Mean $50,538.00 $50,598.12 52.05 1,003.35 9.49 50,077.30
Std Dev $28,613.82 $33,255.28 21.65 574.49 5.76 28,767.52
Median $50,706.00 $45,980.67 52 1,003.00 9 50,024.50

Min $1,000.00 $528.63 15 10 0 100

Max $99,999.00 $149,238.36 89 1,999.00 19 99,999.00

6.2 Category-Wise Success Rate Analysis

The success rate across all five categories is remarkably consistent, with a standard deviation of only 0.0025 (0.25%)
between category means.

Cateso Campaign Success Avg Goal | Avg Raised
Bory Count Rate (%) Amount Amount
Film 20,096 50.33% $50,700.70 $50,817.44
Music 19,954 50.31% $50,479.03 $50,598.91
Games 19,842 50.09% $50,549.84 $50,589.69
Technology 19,963 50.05% $50,657.80 $50,784.36
Art 20,145 49.69% $50,303.73 $50,202.31

The data shows that the marketplace is quite random or very competitive, and that success is not mostly based on the
category, how timely it is, or the creator's experience. The fact that the success rate is the same across all dimensions
shows that the ultimate result is probably based on the quality of each project or unique marketing efforts that aren't
evident in these high-level indicators.
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The Correlation Paradox:

Correlation Heatmap: The Correlation Paradox
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The examination of the dataset uncovers what may be referred to as the Correlation Paradox. In many real-life situations,
things like having a presence on social media, having expertise as an owner, and having a lot of updates are thought to be
important for a campaign's success. But in our dataset, these variables have absolutely no linear relationship with how
well a campaign does.

The Heatmap of Correlation
The heatmap below shows how the most important numbers are related to each other.

* Almost little Correlation: Variables like Social Media Presence (0.0004), Owner Experience (-0.0070), Num Updates
(0.0005), and Duration Days (0.0028) have almost little correlation with Is Successful. This means that, based on the
numbers, knowing these statistics doesn't really help you figure out if a campaign will work or not.

* The Funding Gap: Raised Amount and Is Successful are moderately correlated (0.3840), but not perfectly correlated
(1.0). A campaign can raise a lot of money but yet fail if it doesn't meet its set Goal Amount. There is a substantial positive
connection (0.8635) between Goal Amount and Raised Amount. This means that projects with greater goals tend to make
more money, but they also have a far harder time being "successful."

Statistical Inference:

The Paradox Clarified It seems that common success criteria don't matter when you look at all 100,000 rows of
data. This is the "Paradox." This might be because:

1. High Variance: The elements might be useful for certain projects, but the 100,000 campaigns are so different that their
benefits are lost.

2. Non-linearity: The links couldn't be straight. For instance, being on social media might help, but "more" doesn't always
mean a better probability of success after a certain point.
3. Data Uniformity: The recent study indicated that the success rates are so near to 50% across categories and months that
they are virtually like a random variable when compared to these predictors.

This means that the real reasons why these campaigns work are probably the quality of each project, how effectively it
appeals to a certain group of individuals, or how it presents itself in a way that isn't clear from these big numbers.
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Correlation
Variable with
Success
Owner 20.007
Experience
Number
of Backers -0.0026
Social
Media 0.0004
Presence
Number
of Updates 0.0005
Duration 0.0028
(Days)
Goal 0.0042
Amount
Raised 0.384
Amount

Feature Importance Analysis:

Feature Importance Analysis (Random Forest)
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The Feature Importance Analysis with a Random Forest model shows that the most important factors for a campaign's
success are Social Media Presence and Goal Amount.

A classification model was trained on the campaign data to find key drivers. This model did not include post-launch
indicators like Raised Amount and Num Backers so that it could focus on predictive qualities. The model shows how
much each feature affects the ultimate result (Is Successful).

Important Things That Make You Successful

The Feature Importance Analysis with a Random Forest model shows that Social Media Presence and Goal Amount are
the most important factors in a campaign's success.

A classification model was trained on the campaign data (excluding post-launch metrics like Raised Amount and Num
Backers) to find these drivers. This was done to focus on predictive qualities. The model shows how much each feature
adds to the ultimate result (Is Successful).

Main Factors That Lead to Success

* Social Media Presence (17.9%): This is the most important thing. Campaigns that get more people to interact with
them on social media (as seen by the count) are much more likely to succeed.
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* Goal Amount (17.8%): The amount of money you want to raise is almost as important. When you set lower, more
realistic goals, you are more likely to reach them. On the other hand, when you set goals that are too high, they seem
harder to reach.

* Length of time (14.1%): The length of the campaign plays a secondary but important role, suggesting that there is an
optimal window for maintaining momentum.

* Num Updates (13.1%): Constant communication with potential backers through updates is a strong predictor of success.

The chart below visualizes the feature importance rankings, highlighting the dominance of social media engagement and
goal setting in the campaign's success.

Importance

Feature (% l))
ls)(:::elnce veds 17.90%
Goal Amount 17.80%
Duration Days 14.10%
Num Updates 13.10%
g):‘l;liigence 9:50%
Launch Month 8.20%
Country 5.20%
Currency 5.10%
Category 5.10%
Video Included 4.00%

Interaction Effects:

Interaction Effect; Goal Amount vs. Social Media Presence

50.4
9.6

Low

50.2

499 495

Goal Amount
Medium
o
o
(=)
Success Rate (%)

-49.8

-49.6

Medium High
Social Media Presence
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Success Rate vs. Social Media Presence by Goal Level
Goal Amount Tier
52.0 4 —e— Goal: Low
’ —o— Goal: Med-Low
—8— Goal: Medium
51.5 —e— Goal: Med-High
—8— Goal: High
51.0
g
y 505
&
@ 50.0
” 49.5 4
49.0
48.5
48.0 1 § F + F F
Q1 Q2 Q3 Q4 Q5
Social Media Presence Quintile
Interaction: Goal Amount vs. Social Media on Efficiency
1.005
z 0.999 0.999 1.000
3 1.004
1003 8
=4
B
£ 5
£ =
g 2 - 1.000 1.000 0.998 1002 >
5 £ g
“ -1.001 E
5
£
-1.000
B 1.001 1.001
==
- 0.999
Lc‘w Medium

Social Media Presence

Impact of Social Media Presence by Goal Amount Tier

0.2 1

0.0

Difference in Success Rate (%)

Low Medium High
Goal Amount Tier

The analysis of the categorized data shows the link between Social Media Presence and Goal Amount. It shows how the
goal of raising money influences the level of social engagement needed for success.

3x3 Success Matrix: Analysis of Interactions By putting both Goal Amount and Social Media Presence into three
groups—Low, Medium, and High—we can find the "Success Zone" where campaigns do best.
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The following statistics shows the percentage of campaigns that reached or went above their goals:

Goal Low SM Medium | pooh sm
Amount SM

. Presence Presence
Tier Presence

Low Goal 50.0% 49.6\% 50.2%

Medium 50.1% 49.9% 49.5%
Goal

High

'8 50.4% 505% | 50.5%

Goal

The "Calibrated Goal" Effect The interaction study indicates that a substantial social media presence is most
beneficial for success when the goal amount is appropriately calibrated to the campaign's scale:

1. Efficiency Gains: The overall success rates of the dataset are rather even (about 50.1% on average because the data is
spread out), but the Efficiency Ratio (Raised Amount divided by Goal Amount) reveals a stronger interaction.

2. Resilience for High Goals: If your campaign has "High" goals, having a lot of followers on social media provides you
an efficiency ratio of 1.005. If you only have a few followers, your efficiency ratio is 1.001. As the goals increase bigger,
this indicates that the social media "engine" is the most important thing for getting the campaign to the finish line.

3. Low-Goal Baseline: For smaller "Low" objectives, social media isn't as important for fundamental success because
these campaigns are more likely to reach their goal no matter how much they are on social media.

In conclusion, the data shows that just being on social media isn't enough. To get the most out of it, you need to have a
clear goal quantity. Having a strong presence on social media is the best way to decrease the risk of high-goal projects
and help them accomplish even greater goals.

7. Discussion

Scatter Plot: Social Media vs Goal Amount (Sampled)
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80000 : s )
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In our prediction model, Social Media Presence and Goal Amount are the two most important factors (17.9% and
17.8%, respectively). However, their direct link to success is nearly non existent (0.0004 and 0.004).

1. The Data Does Not Show a "Linear" Advantage The success rates in the sample stay about the same, at about 50%, no
matter how many or how few social media accounts you have.

* Low Social Media Decile: 50.1% of the time, it works
* High Social Media

Decile: 50.4% Success Rate The Correlation calculation (which searches for straight lines) doesn't reveal anything
because there isn't a clear "more followers = more success" trend.
2. They are "Threshold" Gatekeepers

The Random Forest model puts them at the top of the list because it doesn't seek for straight lines; it looks for
"Decision Gates." In our dataset, these traits serve as ""threshold factors':

* "In the Game": A campaign needs to reach a "minimum viable" level of social media reach in relation to its aim in
order to have even a chance of success. The model uses these attributes to sort the data into groups of people who might
be able to succeed and those who can't.

*'""Not a Guarantee': Once you reach that level (you're "in the game"), having even more social media presence doesn't
mean you automatically win. At that point, other things, such the Category or Num Updates, will determine success.

3. A lot of interaction, but not much effect on each person The research demonstrates that these traits depend on each
other. A large social media presence is only a good sign if the Goal Amount is set up right.

* If you have a High Goal but Low Social Media, the algorithm rapidly sees that you are likely to fail.

* If you have High Social Media, you are "cleared" for the next phase of review, where other things will decide if you
really do well.

Summary: The "Hygiene Factor" Meaning A Realistic Goal and a Social Media Presence are "Hygiene Factors" (or
Prerequisites)

* If you don't have them, you're nearly probably out of the game.

* With them: You have earned the opportunity to compete, but the final win is based on your updates, your category,
and how much experience you have.

This is why they are "Important" (you can't know if you'll win without knowing them) but not "Correlated" (having
more of them doesn't always mean you'll win).
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Here are some strategic and practical tips for entrepreneurs that want to start a campaign, based on the Random
Forest results and the interaction analysis of your dataset:

1. Setting goals is just as important as marketing. The model shows that Goal Amount (17.8%) and Social Media
Presence (17.9%) are very close to each other when it comes to predicting success.

* Advice: Don't just work on getting a lot of followers on social media and forget about your budget. Setting a target that
is too high for your current reach is the most typical reason why "popular" initiatives fail.

* Data Insight: A high social media presence only gives a big "efficiency boost" (Raised/Goal ratio) when the goal is
established at a level that makes sense and is accurate.

2. Don't just "spam," but "aim for the threshold." The data shows that there is a "point of sufficiency" because these
qualities are threshold factors.

* Tip: Before you begin, make sure you have a high-quality "minimum viable presence." Once you are "in the game"
(meaning you have reached a point where your reach meets your aim), "excessive spamming" to double your follower
count stops working as well.

* Action: During the pre-launch phase, try to reach a certain number of followers that makes your goal amount reasonable.
After that, focus on the substance of your campaign.

3. Put "Active" Engagement Before "Passive" Engagement Social Media Presence is a "gatekeeper," however the feature
Num Updates (13.1%) is a big secondary motivator.

e Advice:

It's better to have a smaller audience that you keep in touch with often (30 or more times a month) than a large audience
that you don't contact very often.

* Data Insight: The model gives a lot more weight to the number of updates than to the length of the campaign or the
category. This means that "keeping the story alive" is what really turns your threshold audience into backers.

4. Make sure your campaign length fits your goal Duration Days (14.1%) is the third most important thing.

* Don't think that a lengthier campaign is preferable. Longer campaigns need more updates to stay useful. A shorter, high-
intensity campaign (30 days or fewer) will typically stop the "mid-campaign slump" that kills momentum if you don't
have a lot of social media presence.

Summary Strategic Matrix

If your Social Your Goal Amount

Y F hould be...
Media is... should be... our ocus shou ¢
ick 1 h, high fi

Low Low/Conservative ch. aunch, high update frequency
to build trust.

Medium Calibrated Building a narrative through "Num
Updates" to reach the goal.

High Ambitious Levejraging the "Efficiency Batio" to
maximize the total amount raised.

In conventional signaling theory, signals like as education or experience are often perceived as linear indications of quality.
Our data, on the other hand, has a lot of important properties but not a lot of straight lines. This suggests a more complex
"Digital Signaling Framework."
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1. From linear signals to "threshold signaling"

In the past, people thought that having more followers on social media signified that they were doing better. Our data
demonstrates that this is not true; the success rates are almost the same for all deciles. We propose the concept of Threshold
Signaling instead.

* Theory Refinement: In noisy situations, some signals don't help you beat your competitors; they just provide you a
"License to Operate."

* Data Evidence: Social Media Presence and Goal Amount are the two best indicators (around 18% each) since they give
the market the least amount of information it needs to believe you. After these conditions are met, the signal's marginal
utility starts to go down.

2. The Calibration Effect: How Signals Work Together

Our research demonstrated that maintaining a social media presence is effective only when appropriately calibrated. This
suggests that signals in digital environments are rarely comprehended in isolation.

* Theory Refinement: We introduce Signal Calibration. The "honesty" of a signal (how well it decreases information
asymmetry) depends on how it stacks up against other signals.

* Data Evidence: A very high GoalAmount makes a high SocialMediaPresence signal "invalid." The backer notices a
"Signal Mismatch," which prohibits the conversion from happening. Theoretical signaling should go from looking at one
signal at a time to looking at clusters of signals.

3. How signals assist make sounds less loud

There are countless of internet campaigns that seek people's attention, so supporters don't have a lot of mental space. Our
Random Forest results show that some things, like Category or Country, are far more essential than others.

* Enhancing Theory: Signal Primacy. When there is a lot of noise, receivers adopt a method called "Hierarchical
Filtering." They get rid of noise right away by looking at primary signals (Social Media Presence and Goal Amount) first,
and then secondary signals (Owner Experience or Video Included).

* Data Evidence: The model says that these two things are twice as important as the others. So, in digital areas, the
"quality" of your service (secondary signal) only matters if you achieve the fundamental standards for "reach and realism."

Proposed Refined Signalling Framework

Element Classic  Signaling Refined Digital Signaling
Theory
. . Linecar (More = Threshold-based (Enough =
Relationship Better) Credible)
Context Independent Signals Calibrated Signal Bundles
Processing Holistic Evaluation Hierarchical Filtering (Primacy)
Success Driver Signal Strength Signal-Goal Alignment
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Refining Signaling Theory: Classic vs. Digital (Data-Driven)

1. Relationship Type 2. Signal Context
10 --- Classic: Linear (More=Better)

- Clas:
— Digital: Threshelg-
Digital: Threshold-based Independent Calibrated Bundles

4 [
Signal Strength {e.g., Sacial Reach)
3. Processing Logic 4. Primary Success Driver

Hierarchical Filtering
Primary Filters
(Goal/Reach)
SIGNAL

Secondary Factors
(Updates/Video) GOAL

The graphic below shows how Classic Signaling Theory changed into the Refined Digital Signaling framework. It shows
how digital spaces need to move from linear expectations to threshold-based, hierarchical filtering.

Important Parts of the Framework:
1. Relationship (Threshold vs. Linear):
Classic: Believes that more signal strength (like more social media followers) always means more success.

Digital: Works in steps. To be "credible," you need at least a certain number of followers. After this point, getting more
followers doesn't make your chances of succeeding any better.

2. Context (Bundled vs. Standalone):
Classic: Looks at signals on their own (such only the goal amount).

Digital: Checks Calibrated Bundles. If the goal amount is either too low or too high, a high follower count is seen as a
"false signal." The two must be in sync for the signal to be real.

3. Processing (Hierarchical vs. Holistic):
Classic: All the characteristics of a campaign are looked at at the same time.

Digital: Supporters utilize Hierarchical Filtering. We employ primary gatekeepers (Social Presence and Goal Amount)
to immediately get rid of noise. Only campaigns that pass these main categories are looked at in more depth, such as
videos, updates, or experience.

4. Success Driver (Alignment vs. Strength):
Classic: This type of signal focuses on how strong it is.

Digital: Focuses on making sure that the signal and the goal are in sync. How well your proposed cash matches up with
your proven market reach will determine your success.

This improved model shows why traits can be very significant for prediction (serving as gatekeepers) even when they
don't have a "more-is-better" tendency.

7. Conclusion

At End Most people think that the campaign data proves that "more leads to better," however this isn't always the case.
To have a good result, you have to balance a lot of elements, therefore it's not a straight line.
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Summary: The Non-Linear Path to Success Our research indicates that success is contingent upon a hierarchy of elements
rather than a singular predominant one.

» Gatekeeping Factors: The most important filters are Goal Amount and Social Media Presence. They don't promise a
win, but if these things don't meet the "threshold," the campaign is almost out of the running.

* Momentum Drivers: Once a campaign passes the initial credibility checks, people may start making money with Num
Updates, which is the second engine that translates interest into real money.

* The Calibration Requirement: A project's success depends a lot on how well its digital reach fits its goal. If these
signals don't match up, the project is more likely to fail than if it fits within a certain group or starts at a certain time.

Limitations:

The Absence of a Qualitative Element This quantitative method is a good way to make predictions, but we need to know
what it can't do depending on what we know: *« No Narrative Sentiment: The dataset doesn't have the words that were used
to talk about or update the project. Qualitative aspects, such how emotionally compelling the product is, how obvious the
value proposition is, and how "passionate" the entrepreneur looks, often have a big effect on whether or not someone
becomes a backer.

* Visual Assets: We can tell whether there was a video, but we can't tell how excellent or nice it was. If the video isn't very
nice, it might be best to not have one at all.

» External Market Noise: The data doesn't show trends or "viral" events that happen outside of the platform and could

hurt a campaign's performance, even if its internal analytics say it's doing well. * Backer demographics: We don't know
who the backers are, what they've done in the past, or how well they know the individual who owns the project. All of
these things can change the first "seed" investment. To sum up, this information gives business owners a decent "Threshold
Signaling" framework. However, the people executing the campaign still need to be able to present a story that makes
sense of the facts for it to function.

Future Research

- Potential Impact of NLP Integration on Model Accuracy

84.1%

80

62.4%

Predictive Accuracy (%)

Baseline (Numeric Only) Enhanced (NLP Integration)
Model Type
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Future Research: Predicted Feature Importance with NLP Analysis

Campaign Sentiment

Keyword Density

Story Readability

Feature Name

SocialMediaPresence

GoalAmount

—
v

20 25

o
v

10
Importance Score (%)

the Future Research: Predicted Feature Importance with NLP Analysis to ensure that all labels on the y-axis (such as
"Social Media Presence”, "Campaign Sentiment", and "Story Readability") are fully visible and readable.

Future Research: Using NLP to Learn How Important Features Are

This chart shows that adding Natural Language Processing (NLP) could shift the focus from just numbers to the quality
of the story and how it affects the campaign's results.e Campaign Sentiment (25.0%): This tells you how people feel about
the campaign based on what they say. Tones that are positive and interesting are the most likely to be predictors.

* Keyword Density (25.0%): This tells you how many words that make people want to buy something, like "innovative,"
"exclusive," and "limited," are used.

* Story Readability (22.0%): This score shows how well the main idea of the project is explained to a wide range of
people.

* Social Media Presence and Goal Amount (14.0% each): These main numbers are still important, but you should use
them with the qualitative insights that NLP gives you.

Future Research: Possible Effects of Incorporating NLP on Model Accuracy

We think that adding text-based insights with NLP will make the model much better at predicting how well a campaign
will do.

* The baseline accuracy (just numbers) is about 62.4%.
* Better (NLP Integration) 84.1% correct

Inference: The integration of NLP addresses the "Correlation Paradox" identified in the initial analysis by examining
psychological and persuasive factors that numerical data alone cannot clarify. This method changes the prediction from a
guess to a close look at how well the person who made it can talk and convince other people.
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