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EVALUATING RIDE-SHARING SURGE PRICING 

IMPACT ON URBAN TRAFFIC CONGESTION 

1. Objective 
The aim of this project was to determine whether Uber’s dynamic surge pricing system 

contributed to measurable changes in urban traffic congestion. Specifically, the project sought to 

estimate the causal effect of surge pricing events on short-term traffic flow using high-frequency, 

multi-source data analyzed through econometric modeling in MATLAB. 

2. Client and Use Case 
The project was commissioned by a non-profit urban mobility policy institute based in 

Washington D.C. The client intended to use the results to influence city-level transport planning 

and regulatory decisions related to gig economy traffic externalities. 

3. Dataset Overview 
Geographic Scope: Three U.S. metropolitan cities with high Uber usage—Chicago, Boston, and 

San Francisco. 

Time Frame: January 2022 to January 2023 (12 months) 

Data Sources: 

• Uber Surge Data: Collected using publicly available API logs, recording surge 

multipliers every 5 minutes. 

• Traffic Congestion Data: Extracted from Google Maps API, reporting congestion scores 

on a 0–100 index scale. 

• Weather Data: Hourly rain, wind, and temperature data from NOAA weather stations. 

• Calendar Data: Included time-of-day and day-of-week fixed effects. 

Sample Size: 

• 3 cities × 365 days × 24 hours × 2 zones per city = ~52,560 hourly observations. 

4. Methodology 
4.1 Preprocessing 
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• All raw API responses were parsed and synchronized using 

MATLAB’s datetime functions. 

• Surge multipliers were converted into binary indicators (1 if surge > 1.2, 0 otherwise). 

• Weather variables were categorized into dummy variables. 

• Missing congestion index values (<0.5%) were imputed using median imputation within 

temporal blocks. 

4.2 Econometric Models in MATLAB 

Primary Model: Panel data model with city and hour fixed effects. 

Congestion
𝑖𝑡
= 𝛽0 + 𝛽1 ⋅ Surge𝑖𝑡 + 𝛾𝑖 + 𝛿𝑡 + 𝜀𝑖𝑡 

Where: 

• 𝑖 = city zone 

• 𝑡 = hour of day 

• 𝛾𝑖 = city zone fixed effects 

• 𝛿𝑡 = hour-of-day fixed effects 

• Robust standard errors were clustered by zone. 

Instrumental Variable (IV) Model: Rain (binary) was used as an instrument for surge pricing 

to correct for endogeneity (since surge can result from unobserved demand spikes). 

Implemented using MATLAB’s fitlm and custom 2SLS function leveraging QR decomposition 

for speed. 

5. Key Results 
• Causal Effect Estimate: Surge pricing is associated with a 2.8-point average decrease 

in congestion index (on a 100-point scale), significant at 1% level. 

• Time-Specific Effects: Strongest reductions occurred during late-night and weekend 

hours. 

• Instrument Strength: First-stage F-statistic = 18.4; Hansen J = 1.02 (p = 0.31), 

validating instrument validity. 

• Lagged Response: Peak congestion reduction was observed 30–45 minutes after surge 

initiation. 
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6. Visualizations and Interpretation 
• Scatter Plots: Visualized relationship between surge multipliers and congestion levels. 

• Time-Series Charts: Overlaid surge events and congestion movement. 

• Marginal Effect Charts: Showed average treatment effect across time-of-day bins. 

All plots were generated using MATLAB’s plot, histfit, gscatter, and custom regression plotting 

tools. 

7. Deliverables 
• Complete MATLAB codebase and documentation for reproducibility. 

• 27-page statistical report with visualizations and policy recommendations. 

• Executive summary slide deck for non-technical stakeholders. 

• Appendix with robustness checks, model diagnostics, and sensitivity analysis. 

8. Strategic Implications 
• The findings were included in a policy brief submitted to Boston's Department of 

Transportation. 

• Influenced a pilot plan to introduce congestion pricing for rideshare services in 

downtown zones. 

• Helped build a case for academic partnerships on mobility research involving real-time 

data and predictive analytics. 

9. Tools and Environment 
• Software: MATLAB R2023a, Econometrics Toolbox, Statistics and Machine Learning 

Toolbox. 

• APIs Used: Google Maps Traffic API, Uber Surge API (unofficial scraping), NOAA 

Weather API. 

• Runtime Performance: Complete pipeline (cleaning, analysis, visualization) executed in 

under 30 seconds on a standard machine (i7, 16GB RAM). 
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