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Abstract—Crowdfunding platforms have become a signifi-
cant source of funding for entrepreneurs, yet predicting project 
success remains challenging. Traditional machine learning 
models provide point predictions without reliable uncertainty 
estimates, limiting their practical utility for risk-aware decision-
making. This paper presents an integrated framework combin-
ing split conformal prediction, a three-tier risk categorization 
(LOW/HIGH/UNCERTAIN), and per-domain validation, pro-
viding statistically guaranteed prediction sets instead of point 
estimates. Using a dataset of 187,788 Kickstarter projects, we 
demonstrate that our approach achieves 90% coverage guar-
antee while improving prediction accuracy by 8.5 percentage 
points on certain predictions (84.7% vs. 76.2% baseline). We in-
troduce a practical risk categorization framework (LOW RISK, 
HIGH RISK, UNCERTAIN) that enables backers to make 
informed investment decisions with quantified uncertainty. Our 
results show that conformal prediction offers a valuable tool for 
crowdfunding platforms seeking to provide users with reliable, 
uncertainty-aware predictions. 

Index Terms—conformal prediction, crowdfunding, risk as-
sessment, uncertainty quantification, machine learning 

 

I. Introduction 

Crowdfunding has revolutionized how entrepreneurs 

and creators fund their projects, with platforms like 

Kickstarter facilitating over $7 billion in pledges since 2009 

[1]. This funding model enables creators to raise capital 

directly from potential customers, bypassing traditional 

financial intermediaries such as banks and venture capital-

ists. However, the success rate of crowdfunding campaigns 

remains around 40%, meaning that a significant portion 

of backers risk losing their investments in failed projects 

[2]. 

The high failure rate presents a significant challenge for 

potential backers who must decide whether to support a 

project based on limited information available at launch 

time. While creators provide project descriptions, funding 

goals, and timelines, backers lack reliable tools to assess 

the likelihood of project success and the associated invest-

ment risk. 

Predicting crowdfunding success has attracted consid-

erable research attention, with machine learning models 

achieving accuracy rates of 68-93% [3], [4]. However, 

these models typically provide point predictions (e.g., 

“87% chance of success”) without reliable uncertainty 

estimates. Such predictions can be overconfident and fail 

to communicate the inherent uncertainty in the predic-

tion process, potentially leading backers to make poorly 

informed decisions. 

Conformal prediction [5] offers a solution by providing 

prediction sets with guaranteed coverage probability. In-

stead of outputting a single class, conformal prediction 

returns a set of possible outcomes that contains the true 

label with a user-specified probability (e.g., 90%). This 

approach provides distribution-free guarantees that hold 

regardless of the underlying data distribution. 

Unlike prior applications of conformal prediction to 

domains such as medical diagnosis [6] and image classifi-

cation, crowdfunding presents unique challenges: extreme 

heterogeneity across project categories, significant class 

imbalance variation, and the need for interpretable risk 

communication to non-expert users. 

In this paper, we make the following contributions: 
• We present an integrated framework that combines 

conformal prediction, three-tier risk categorization, 

and per-domain validation, applying it to crowdfund-

ing success prediction as a decision-support layer over 

an imperfect base classifier. 

• We demonstrate that conformal prediction achieves 

90% coverage guarantee on real Kickstarter data, 

validating the theoretical properties of the method. 

• We show that by abstaining on uncertain cases, 

prediction accuracy improves by 8.5 percentage points 

(from 76.2% to 84.7%). 

• We introduce a practical risk categorization frame-

work (LOW RISK, HIGH RISK, UNCERTAIN) that 

serves as a decision-support system for crowdfunding 

investment decisions, with per-category validation 

across 15 project domains. 

The remainder of this paper is organized as follows. 

Section II reviews related work on crowdfunding prediction 
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i=1 

and conformal prediction. Section III presents our method-

ology. Section IV describes our experimental setup and 

results. Section V discusses the findings and limitations. 

Section VI concludes the paper. 

II. Related Work 

A. Crowdfunding Success Prediction 

Early work on crowdfunding prediction focused on 

identifying success factors. Mollick [2] conducted a seminal 

analysis of Kickstarter data and found that project qual- 

Bhavsar [10] provided a comprehensive review of confor-

mal prediction applications in clinical medical sciences. 

We are not aware of prior work applying conformal 

prediction to crowdfunding prediction, though the growing 

interest in uncertainty quantification for financial appli-

cations suggests this is a natural and timely direction. 

III. Methodology 

A. Problem Formulation 

Let D = {(xi, yi)}n be a dataset of crowdfunding 

ity, social capital, and geography significantly influence 

campaign success. The study revealed that projects with 

realistic funding goals and shorter durations tend to have 

higher success rates. 

Greenberg et al. [3] developed one of the first machine 

learning approaches to crowdfunding prediction, using 

Random Forest classifiers to achieve 68% accuracy. Their 

work demonstrated that features available at campaign 

launch time contain predictive information about eventual 

success. 

Mitra and Gilbert [7] demonstrated that linguistic fea-

tures in campaign descriptions have significant predictive 

power, accounting for approximately 59% of the variance 

in funding success. Their analysis of 45,000 Kickstarter 

projects identified specific phrases associated with suc-

cessful campaigns. 

Recent studies have applied deep learning to this 

problem. Yu et al. [8] used deep neural networks for 

projects, where xi ∈ Rd represents project features and 

yi ∈ {0, 1} indicates failure (0) or success (1). Our goal is 

to construct a prediction set C(x) ⊆ {0, 1} such that: 

P (y ∈ C(x)) ≥ 1 − α (1) 

where α is the user-specified error rate (e.g., α = 0.1 

for 90% coverage). This guarantee holds marginally over 

the joint distribution of (x, y), without assumptions about 

the data distribution. 

B. Split Conformal Prediction 

We follow the split conformal prediction framework [9], 

which consists of the following steps: 

Step 1: Data Split. Divide the data into three disjoint 

sets: training set Dtrain for model fitting, calibration set 

Dcal for computing conformity scores, and test set Dtest 

for evaluation. 
crowdfunding  prediction,  demonstrating  improvements Step 2: Model Training. Train a base classifier fˆ on 

over traditional machine learning methods. Wang et al. [4] 

conducted a comprehensive multimodel comparative study 

using LSTM networks, achieving up to 93% accuracy. 

However, these high accuracies often rely on features 

that exhibit data leakage, such as the number of backers 

or amount pledged during the campaign, which are not 

available at launch time. 

B. Conformal Prediction 

Conformal prediction, introduced by Vovk et al. [5], 

provides a framework for constructing prediction sets with 

finite-sample coverage guarantees. The key property is 

that for any user-specified error rate α, the prediction 

set contains the true label with probability at least 1 − α, 

regardless of the underlying data distribution. 

Dtrain to obtain class probability estimates pˆ(y|x). Any 

probabilistic classifier can be used, including logistic re-

gression, random forests, or gradient boosting. 

Step 3: Conformity Scores. For each calibration example 

(xi, yi) ∈ Dcal, compute the conformity score as the 

complement of the predicted probability for the true class: 

si = 1 − pˆ(yi|xi) (2) 

Intuitively, a higher score indicates that the model 

is less confident about the true label, suggesting higher 

uncertainty. 

Step 4: Threshold Computation. Compute the (1 − α) 

quantile of the calibration scores with a finite-sample 

correction: 

Split conformal prediction [9] is a computationally 

efficient variant that splits the training data into a proper qˆ = Quantile 

(

{s1, ..., s 

 

|Dcal| }, 
⌈(1 − α)(|Dcal| + 1)⌉ 

|Dcal| 

training set and a calibration set. The calibration set is 

used to compute conformity scores that determine the 
Step 5: Prediction Set. For a new example 

class 

(3) 
x, include 

prediction set sizes. This approach requires only a single 
model training step, making it practical for large-scale 

applications. 

Recent applications of conformal prediction span diverse 

domains. In medical diagnosis, Olsson et al. [6] applied 

conformal prediction to pathology image analysis, achiev-

ing significant reductions in diagnostic errors. Vazquez and 

y in the prediction set if its predicted probability 
exceeds the threshold: 

C(x) = {y : pˆ(y|x) ≥ 1 − qˆ} (4) 

This construction guarantees that the true label is 

included in the prediction set with probability at least 

1 − α. 

) 
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C. Risk Categories 

We map the prediction sets to practical risk categories 

that provide actionable information for potential backers: 

• LOW RISK: C(x) = {1} (only success predicted). The 

model is confident that the project will succeed with 

the specified coverage guarantee. 

• HIGH RISK: C(x) = {0} (only failure predicted). The 

model is confident that the project will fail. 

• UNCERTAIN: C(x) = {0, 1} (both outcomes possi-

ble). The model cannot confidently distinguish be-

tween success and failure at the specified confidence 

level. 

This categorization provides actionable information for 

potential backers, allowing them to make informed deci-

sions based on the model’s confidence level. Projects in 

the UNCERTAIN category may require additional due 

diligence or manual review. 

This corresponds operationally to selective classification 

with a reject option [11], with UNCERTAIN as the reject 

region and the conformal threshold qˆ providing a coverage-

guaranteed abstention boundary. 

IV. Experiments 

A. Dataset 

We use the Kickstarter dataset [12] containing 196,298 

crowdfunding projects spanning multiple categories and 

countries. After removing canceled projects and those with 

missing values, we retain 187,788 projects with a 60.2% 

success rate. The dataset covers projects launched between 

2009 and 2018. While this predates recent shifts in crowd-

funding behavior, it remains one of the largest publicly 

available Kickstarter datasets and has been widely used 

in prior work [3], [4], enabling direct comparability with 

existing studies. Our primary contribution is methodolog-

ical rather than dataset-specific. 

We extract 14 features available at campaign launch 

time (Table I), carefully excluding features that would 

cause data leakage. Specifically, we exclude: (1) spotlight 

status, which is set after project success; (2) number of 

backers, which accumulates during the campaign; and (3) 

amount pledged, which is the outcome we aim to predict. 

The data preparation pipeline involves several steps. 

First, we remove canceled and suspended projects, retain-

ing only completed campaigns with a definitive success 

or failure outcome, reducing the dataset from 196,298 to 

187,788 projects. Categorical features (project category 

with 15 classes, creator country with 22 classes) are 

encoded using ordinal label encoding. While this encoding 

imposes an arbitrary ordering on nominal features, tree-

based models such as Gradient Boosting are invariant 

to monotonic transformations of individual features, as 

split decisions depend only on threshold comparisons 

[13]. Boolean features (staff pick status, creator profile 

completeness) are cast to integer values. We apply a loga-

rithmic transformation to the funding goal (log10(goal+1)) 

TABLE I 
Feature Description 

 

Feature Description 
 

 

Category Project category (15 categories, encoded) 
Country Creator’s country (22 countries, encoded) 
Funding Duration Campaign length in days 
Pre-funding Duration Days from creation to launch 
Launch Month Month when campaign started 
Deadline Month Month when campaign ends 
Staff Pick Binary: selected by Kickstarter staff 
Creator Has Slug Binary: creator profile completeness 
Blurb Length Character count of project blurb 
Blurb Word Count Word count of project blurb 
Name Length Character count of project name 
Name Word Count Word count of project name 
Log Goal Log-transformed USD funding goal 
Goal per Day USD goal divided by campaign duration 

 
 

 

 

to reduce skewness, and derive a goal intensity ratio 

(USD goal divided by campaign duration in days) as an 

additional engineered feature. 

B. Experimental Setup 

We split the data into training (60%), calibration (20%), 

and test (20%) sets using stratified sampling to preserve 

the 60.2% success rate across all splits. We compare three 

base classifiers: 

• Logistic Regression with L2 regularization 

• Random Forest with 200 trees and maximum depth 

10 

• Gradient Boosting with hyperparameters optimized 

via GridSearchCV 

For the Gradient Boosting classifier, we perform hyper-

parameter optimization using GridSearchCV with 5-fold 

stratified cross-validation on the training set, optimizing 

for AUC-ROC. The search space includes: number of 

estimators {200, 300}, maximum depth {4, 6}, learning 

rate {0.05, 0.1}, and subsample ratio {0.8, 1.0}, yielding 

16 parameter combinations. The best parameters found 

are reported in Section IV-B. 

We use the MAPIE library [14] for conformal prediction 

implementation with the score-based method. All exper-

iments are conducted using Python 3.9 with scikit-learn 

1.3. 

C. Results 

1) Baseline Model Comparison: Table II shows the 

baseline model performance on the test set. The tuned 

Gradient Boosting classifier achieves the best performance 

across all metrics, with AUC-ROC of 0.824. The baseline 

accuracy of 76.2% represents a moderate improvement 

over the majority-class baseline of 60.2%, reflecting the 

inherent difficulty of crowdfunding prediction using only 

pre-launch features. This is consistent with the 68–93% 

range reported in prior work, noting that higher accuracies 

often rely on features unavailable at launch time [4]. This 

moderate baseline performance motivates the conformal 
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prediction approach: when a model’s point predictions are 

imperfect, it becomes critical to identify which predictions 

are trustworthy. This model is selected as the base clas-

sifier for conformal prediction. The best hyperparameters 

found by GridSearchCV are: learning rate 0.05, maximum 

depth 6, 300 estimators, and subsample ratio 0.8 (best CV 

AUC-ROC: 0.818). Fig. 1 shows the ROC curve for the 

Gradient Boosting classifier. 

 
TABLE II 

Baseline Model Performance 

 
 
 

 

Log Goal 

Staff Pick 

Category 

Pre-funding Duration 

Funding Duration 

Creator Has Slug 

Name Word Count 

Goal per Day 

Country 

Blurb Length 

Name Length 

Blurb Word Count 

Launch Month 

Deadline Month 

 

Feature Importance (Gradient Boosting) 

 
72 

Model  Acc.  Prec.  Rec.  F1  AUC 

Logistic Regression 0.703 0.721 0.826 0.770 0.758 
Random Forest 0.737 0.732 0.889 0.803 0.796 
Gradient Boosting 0.762 0.768 0.865 0.814 0.824 

0.00 0.05 0.10 0.15 0.20 0.25 

Importance 

Fig. 2. Feature importance for crowdfunding success prediction. Log 
Goal and Staff Pick are the most important features. 

1 .0 

ROC Curve (Gradient Boosting) 
is unreliable, concentrating accuracy on the 63.7% of 

predictions where the model has genuine discriminative 

power. 
 

 

0.8 
 
 

 

0.6 
 

 

 

0.4 
 
 

 

0.2 
 
 

 
0.0 

0.0 0.2 0.4 0.6 0.8 1 .0 

False Positive Rate 
 

 

Fig. 1. ROC curve for the tuned Gradient Boosting classifier showing 
AUC = 0.824, indicating good discriminative performance. 

Fig. 2 shows the feature importance analysis for the 

Gradient Boosting model. The most predictive features are 

Log Goal (0.272) and Staff Pick (0.178), together account- 

 
TABLE III 

Conformal Prediction at Different Confidence Levels 
 

Confidence Coverage Certain (%) Accuracy 

80%  80.6%  90.5%  78.5% 
85% 85.3% 78.6% 81.3% 
90% 90.3% 63.7% 84.7% 
95% 95.0% 44.9% 88.8% 
98% 98.0% 27.9% 92.9% 

 

 

Fig. 3 illustrates the trade-off between confidence level 

and prediction certainty. As the confidence level increases 

from 80% to 98%, the percentage of certain predictions de-

creases from 90.5% to 27.9%, while the accuracy on those 

certain predictions increases from 78.5% to 92.9%. This 

trade-off allows users to choose an operating point that 

balances coverage guarantees with prediction efficiency. 

 
Trade-off: Confidence Level vs Predictions 

ing for 45.0% of the total importance. This suggests that 

realistic funding targets are crucial for success, consistent 

with prior research [2]. 

2) Conformal Prediction Performance: Table III shows 

conformal prediction results at different confidence levels. 

The empirical coverage closely matches the target coverage 

at all levels, validating the theoretical guarantees of 

conformal prediction. At 90% confidence, the coverage is 

90.3% (target: 90%), with 63.7% of predictions being cer-

tain (singleton sets). The accuracy on certain predictions 

is 84.7%, representing an improvement of 8.5 percentage 

points over the baseline accuracy of 76.2%. Given the 
test set size of 37,558 projects, the standard error of 

 

100 
 

 

90 
 

 

80 
 

 

70 
 

 

60 
 

 

50 
 

 

40 
 

 

30 

 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 

 
 

 
 

 
 

 
 

 

 

70 75 80 85 90 95 

Confidence Level (%) 

 

 

92.5 
 

 

90.0 
 

 

87.5 
 

 

85.0 
 

 

82.5 
 

 

80.0 
 

 

77.5 

the accuracy estimate is approximately 0.2 percentage 

points, indicating that the observed 8.5pp difference is 

robust to sampling variability. This improvement is partic-

ularly meaningful given the moderate baseline: conformal 

prediction effectively filters out cases where the model 

Fig. 3. Trade-off between confidence level, percentage of certain 
predictions, and accuracy on certain predictions. Higher confidence 
yields fewer but more accurate certain predictions. 

 

3) Risk Category Analysis: Fig. 4 shows the distribu-

tion of risk categories and their corresponding accuracies 
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at 90% confidence. The test set of 37,558 projects is 

distributed as follows: 

• LOW RISK: 17,217 projects (45.8%) with 83.9% 

actually successful 

• HIGH RISK: 6,704 projects (17.8%) with 86.7% 

actually failed 

• UNCERTAIN: 13,637 projects (36.3%) requiring 

manual review 

The high accuracy within the LOW RISK and HIGH 

RISK categories (83.9% and 86.7%, respectively) demon-

strates the practical utility of the risk categorization 

framework. 
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Fig. 6. Accuracy on certain predictions by project category at 90% 
confidence. Performance is consistent across all categories. 
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prediction. We discuss the key findings and their implica-

tions. 

Coverage Guarantee. The empirical coverage closely 

matches the target across all confidence levels (Table III), 
Fig. 4. Risk category distribution (left) and accuracy by category 
(right) at 90% confidence. 

 

Fig. 5 shows the confusion matrix for the baseline 

Gradient Boosting classifier. The model correctly classifies 

the majority of both failed and successful projects, with 

stronger performance on the successful class due to the 

higher base rate. 

 
Confusion Matrix (Baseline) 

 
 

 
Failed 

 
 

 

 

 

 
 

 

Successful 
 

 

 

 

Failed Successful 
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Fig. 5. Confusion matrix for the Gradient Boosting classifier on the 
test set. 

 

Fig. 6 shows the accuracy on certain predictions broken 

down by project category at 90% confidence. Performance 

is consistently high across all 15 categories, demonstrating 

that the conformal prediction framework generalizes well 

across diverse project domains. 

V. Discussion 

Our results demonstrate that conformal prediction pro-

vides valuable uncertainty quantification for crowdfunding 

confirming the theoretical guarantees of conformal predic-

tion. This is a critical property for real-world deployment 

where reliable uncertainty estimates are essential for risk-

aware decision-making. 

Accuracy-Certainty Trade-off. Higher confidence levels 

yield fewer certain predictions but higher accuracy on 

those predictions (Fig. 3). At 90% confidence, 63.7% 

of predictions are certain (singleton sets) with 84.7% 

accuracy, versus 76.2% when the model is forced to 

commit on all projects. This 8.5pp gap reflects selective 

abstention rather than improvement of the underlying 

model. Crucially, conformal prediction is most valuable 

precisely when the base model is imperfect—it provides 

a principled mechanism to separate reliable predictions 

from unreliable ones, rather than treating all predictions 

as equally trustworthy. 

Practical Utility. The risk categories provide actionable 

information for backers. LOW RISK projects have 83.9% 

success rate, providing strong confidence for potential 

backers. HIGH RISK projects fail 86.7% of the time, 

serving as a clear warning signal. The UNCERTAIN 

category (36.3% of projects) identifies cases requiring 

additional due diligence, such as reviewing project details, 

creator history, or waiting for early campaign traction. 

Feature Insights. The feature importance analysis (Fig. 

2) reveals that Log Goal and Staff Pick are the most 

predictive features, together accounting for 45.0% of total 

importance. This aligns with prior research showing that 

realistic goals are associated with success [2] and suggests 

that backers should pay particular attention to whether 

funding targets appear achievable. 

Deployment Implications. The proposed risk catego-

rization framework can be integrated into crowdfunding 

platforms as a traffic-light decision-support system: green 

(LOW RISK), red (HIGH RISK), and yellow (UNCER- 
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TAIN). Such a system would allow platforms to auto-

matically flag uncertain projects for manual review while 

providing backers with interpretable risk assessments 

backed by statistical guarantees. 

Limitations and Future Work. Our approach has several 

limitations that should be considered when interpreting 

the results. 

Feature scope. The model relies exclusively on features 

available at campaign launch time, excluding dynamic 

signals such as early backer momentum, social media 

engagement, and comment sentiment that develop dur-

ing the campaign. Incorporating such temporal features 

could improve both base model accuracy and conformal 

prediction efficiency. 

Coverage type. The coverage guarantee is marginal 

rather than conditional, meaning it holds on average 

across all projects but may vary for specific subgroups. 

While Fig. 6 shows consistent performance across project 

categories, coverage could differ for underrepresented 

countries or extreme funding goals. 

Temporal and platform scope. The dataset spans 2009–

2018 (Kickstarter only), predating COVID-19, equity 

crowdfunding, and recent platform-policy changes. While 

the methodological contribution is dataset-agnostic, the 

specific figures may differ on post-2020 data and on other 

platforms (e.g., Indiegogo, GoFundMe). 

Feature encoding. We use ordinal encoding for categori-

cal features. Although tree-based models are theoretically 

invariant to monotonic feature transformations, one-hot 

or target encoding might yield different results with other 

model families. 

Statistical testing. We report point estimates; the large 

sample size (n = 37,558) yields standard errors below 

0.3pp, but bootstrap intervals and formal tests are left to 

future work. 

Future work could extend this in several directions: 

(1) time-series conformal prediction for dynamic risk as-

sessment as campaigns progress; (2) conditional coverage 

methods for subgroup-specific guarantees; (3) validation 

on post-2020 cross-platform data; and (4) integration into 

platform user interfaces as a real-time decision-support 

tool. 

 
VI. Conclusion 

This paper demonstrated that conformal prediction 

can transform an imperfect crowdfunding classifier into a 

reliable decision-support tool by honestly communicating 

when the model lacks confidence. Rather than forcing a 

binary prediction on every project, our approach identifies 

the 36.3% of cases where the model cannot reliably 

distinguish success from failure—and flags them for human 

judgment. On the remaining 63.7% of committed pre-

dictions, accuracy reaches 84.7% (vs. 76.2% when forced 

to commit on all), with coverage guarantees that hold 

regardless of the data distribution. 

The practical implication is a deployable traffic-light 

risk framework: LOW RISK and HIGH RISK categories 

achieve 83.9% and 86.7% accuracy respectively, while the 

UNCERTAIN category explicitly communicates the limits 

of automated prediction. For a domain where billions of 

dollars flow through platforms annually, providing back-

ers with statistically grounded risk assessments—rather 

than overconfident point predictions—has the potential 

to reduce investment losses and improve platform trust. 

Several directions remain for future work. Prospective 

validation on post-2020 crowdfunding data would test 

the robustness of our findings under shifted platform dy-

namics. Extending the framework to conformal regression 

could provide prediction intervals for expected funding 

amounts, offering richer risk profiles. Finally, comparing 

reward-based platforms (Kickstarter) with equity-based 

crowdfunding would assess the generalizability of confor-

mal risk categories across different investment structures. 
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