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Introduction

Simulation-based statistical inference (SBI) uses computer simulations to
help scientists understand and analyze complex data. It has many
applications in:

Statistics Engineering
B Computer Science @ Robotics
Classical Methods

Approximate Bayesian Computation Density Estimation
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Research Focus
« Using SBI to analyze transport data
+ Aiming to improve predictive modeling and decision-making

Why transportation and SBI?

 Analyzing transport data helps understand travel patterns, optimize

infrastructure, and enhance network efficiency

+ Transportation systems significantly impact economic development,
environmental sustainability, and social equity
Traditional statistical inference methods face challenges in capturing
the complexity of transportation
Al and machine learning improve inference quality, enabling us to
handle more complex data

Data and Methodology

Data:
Table 1: Bureau of Transportation Statistics data on Indiana transportation
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Techniques and Implementation

« Started using from 1 data point and gradually added more until 10 data
points for predictions to check whether the method can be effective
even when using minimal data
Applied Approximate Bayesian Computation - Markov Chain Monte
Carlo (ABC-MCMC) and Synthetic Likelihood methods to generate
100,000 total data points
Used synthetic data to train Random Forest and Gradient Boosting
Machine (GBM) models in R
« GBM showed better results, so focus only on the GBM model
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Statistical Algorithms

ABC MCMC Algorithm
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Results

Vehicles

Figure 1: Vehicles Predicted Values by Years of Data Used with Actual Data
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Figure 2: Error Percentages by Years of Data Used
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Drivers

Figure 3: Drivers Predicted Values by Years of Data Used with Actual Data
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Figure 4: Drivers Error Percentages by Years of Data Used
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Conclusion

Small difference between actual and predicted data
Reliable with limited real-world data

High computational resource

Dependence on model assumptions and data quality

@ Time consuming

Impact on
P %{ﬁ Optimize Tnvestment

Promotes sustainable transportation solutions

@ Enhances network efficiency

Future Improvement

Computer Build models that require less computational power

Power

@;EP;@ Implement efficient algorithms for data processing

® Optimize code to reduce runtime

Data

TFind better model assumptions and data quality

Reduce margin of errors
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