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Problem Definition 

We want to help rideshare 

companies utilize historical 
data to predict when surge 
pricing can be used to 

maximize revenue and 
ensure current demand is met 
with quality, efficient service. 
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Our Journey: A Tree of Failures & Learnings 

Is supply data 
available? 

Yes: Proceed 
with dynamic 

pricing 

No: Adjust 
project goal 

New project 
goal created 

Does historical 
dynamic pricing 

data exist? 

Yes: Proceed 

No: Adjust 
project goal 

Does Alteryx 
meet our 
needs? 

Yes: Proceed 

No: Switch to 
JMP Pro 

Do we know 
what model to 

use? 

Yes: Proceed 

No: Test 4 
models 

Decision Tree 

Bootstrap Forest 

Boosted Tree 
Can we apply 
the model to 
Uber data? 

Yes: Predict 
Uber surge 

pricing revenue 

No: :'( 

Nominal Logistic 
Regression 
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Data Preparation-Alteryx 

Data Cleaning 

• Renamed column headers for clarity 

• Removed taxi data to keep the focus on rideshare 

• Created time of day columns 

• Designated base price vs. surge price  

Joining 3 Datasheets 

• CSV with original datasheet from Kaggle 

• CSV of zip codes and neighborhoods 

• CSV of largescale events with keys 

Researching Events & Neighborhoods 

• Established criteria for events 

• Researched events and zip codes via government 

websites & XYZ 

• Cleaned data and created keys to join into datasheet 
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Alteryx Workflow for Data Preparation 
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Data Type Identification 

• Identified  53 Continuous 

Variables 

• Identified 1 Ordinal Variable 

• Identified 14 Nominal Variables 

Data Transformation 

• Checked for outliers 

• Confirmed normal distribution 

Transformed skewed variables 

• Log 

• Log + 1 

Variable Validation 

• Checked for Multicollinearity 

• removed 43 continuous 

variables 

• Removed 7 nominal variables 

due to data duplication 

• Added 1 Boolean Variable  

• Surge (Y=1, N=0) 

 

1 3 2 

Lyft Model Preparation –JMP Pro 

Training Dataset 

• Split the data into 3 sets 

• 50% Training Set 

• 30% Validation Set 

• 20% Test Set 
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JMP Pro Model Preparation - Multicollinearity 

• Checking for correlated and inversely correlated variables and removed variables with values above 0.5000 
• Removed 43 continuous variables 
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JMP Pro Model Preparation – Outliers & Missing Data 

• Of the remaining variables 
there are no outliers  

• Additionally, there are no missing data points in any of 
the variables 
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JMP Pro Model Preparation - Transformations 

• Transformed Distance and Price because they were showing right skewness  
• Distance – Log +1 transformation 
• Price – Log transformation 
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Model 1 - Decision Tree 

Model Results (Test data): 
• Model Type = Decision Tree – 90 splits or nodes 
• Entropy R-Squared = 0.6180 
• Misclassification rate = 0.0278 
• Confusion Matrix =  correctly predicted 56921 “No” values + 2852 “Yes” values = 59773 correct predictions = 0.9722   
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Model 1 - Decision Tree Video 

https://gamma.app/?utm_source=made-with-gamma


Model 2 - Bootstrap Forest 

Model Results (Test data): 
• Model Type = Bootstrap Forest – 93 trees  
• Entropy R-Squared = 0.5634 
• Misclassification rate = 0.0365 
• Confusion Matrix =  correctly predicted 57110 “No” values + 2125 “Yes” values = 59235 correct predictions = 0.9635   
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Model 3 – Boosted Tree 

 

 

Model Results (Test data): 
• Model Type = Boosted Tree – 159 layers  
• Entropy R-Squared = 0.7008 
• Misclassification rate = 0.0228 
• Confusion Matrix =  correctly predicted 57076 “No” values + 3007 “Yes” values = 60083 correct predictions = 0.9772  
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Model 4 – Regression - Nominal Logistic  

Model Results (Test data): 
• Model Type = Nominal Logistic – Regression 
• Entropy R-Squared = 0.5725 
• Misclassification rate = 0.0299  
• Classification rate = 0.9701 
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Battle of the Models – Model Selection 

 

 

Selection Results (Test data): 
• Model = Boosted Tree 

• Highest Entropy R-Squared 
• Lowest Misclassification rate 
• Highest Classification rate 
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Model Application – From Lyft to Uber 

 

 

Surge Rate Record Count by Rate % Distribution

1.00 663 4%

1.25 6150 39%

1.50 4303 27%

1.75 2362 15%

2.00 2239 14%

2.50 154 1%

3.00 12 0%

Total 15883 100%

Surge Rate Distribution - Lyft

Surge Rate Record Count by Rate % Distribution

1.00 478 4%

1.25 4435 39%

1.50 3103 27%

1.75 1703 15%

2.00 1615 14%

2.50 111 1%

3.00 9 0%

Total 11454 100%

Surge Rate Distribution - Uber

Assumptions: 
• Leveraging the Lyft model predicted records with surge pricing 

• Calculated the distribution of records by surge rate 
• Applied the distribution to the model predicted records for Uber  
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Model Application – Uber Surge Prediction  

Assumptions: 
• Surge rate distribution applied to the 11454 Uber records that the model predicted would have surge 
• Average price for Uber records that are predicted to have surge pricing is $19.39 or $222k in revenue 
• With the surge rate applied to the average price, the revenue has the potential to increase to $333k 
• Possible additional revenue Uber can recognize is $111k, a 2.1% increase vs their revenue with no surge 

 
 
 

 

Surge Rate Record Count by Rate % Distribution Without Surge With Surge Additional Revenue

1.00 478 4% $9,269 $9,269 $0

1.25 4435 39% $85,977 $107,471 $21,494

1.50 3103 27% $60,156 $90,234 $30,078

1.75 1703 15% $33,021 $57,786 $24,766

2.00 1615 14% $31,301 $62,602 $31,301

2.50 111 1% $2,153 $5,382 $3,229

3.00 9 0% $168 $503 $336

Total 11454 100% $222,045 $333,248 $111,204

Surge Rate Distribution & Revenue Estimation - Uber

Adding surge pricing can increase Uber’s revenue by $111k or ~2.1% 
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Model Results - %, Revenue, & Record Count of 
Surge & Base Price by Ride Share Company 

Comparisons: 
• % Surge and Base Price   
• Surge & Base Revenue (K$) 
• Surge & Base Record count (K) 
The model surge results for Uber are directionally similar to the actual surge results for Lyft  
 

 

 

% Surge & Base Price Surge & Base Record Count (K) 

96.6% 97.9% 

3.4% 

Lyft Uber 

100 100 
2.1% 

286.4 
319.1 

21.0 

Lyft Uber 

307.4 

330.6 
11.5 

Surge Base Model Calculated Surge 

Surge & Base Revenue (K$) 

$5,150.7 $5,221.4 

$183.2 

Lyft 

$111.2 

Uber 

$5,334.0 $5,332.6 
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Model Results - % Surge & Base Price by Day 
and Ride Share Company 

% Surge & Base Price by Day of the Week   
• Looking at the % of surge vs the base price there are no visual signs that applying the model to Uber data creates 

unreasonable results 
 

% Surge & Base Price - Lyft 

97.9% 98.0% 97.9% 98.0% 97.9% 97.9% 97.8% 

Sunday Monday Tuesday Wednesday Thursday Friday Saturday 

100 100 100 100 100 100 100 
2.1% 2.0% 2.1% 2.0% 2.1% 2.1% 2.2% 

% Surge & Base Price - Uber 

Base Surge Model Calculated Surge 

96.6% 96.6% 96.4% 96.4% 96.6% 96.6% 96.6% 

3.4% 

Sunday 

3.4% 

Monday 

3.6% 

Tuesday 

3.6% 

Wednesday 

3.4% 

Thursday 

3.4% 

Friday 

3.4% 

Saturday 

100 100 100 100 100 100 100 
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Model Results – Total Revenue - Surge & Base 
by Day and Ride Share Company 

Surge & Base Revenue by Day of the Week   
• Looking at the revenue by surge and base prices there are no visual signs that applying the model to Uber data creates 

unreasonable results 
• However, even if the results do not look unreasonable, they do look like they could be low  
What is the driver for the lower model results? 
  

 

 Surge & Base Revenue – Lyft (K$) 

$690.3 

$935.2 $947.9 

$553.0 

$746.6 
$672.1 $676.2 

Sunday Monday Tuesday Wednesday Thursday Friday Saturday 

$705.0 

$954.5 $968.5 

$564.0 

$763.0 

$686.2 $691.4 
$14.6 

$19.2 $20.5 

$11.0 

$16.4 

$14.2 $15.2 

Surge & Base Revenue – Uber (K$) 

Surge Base Model Calculated Surge 

$681.2 

$916.6 $927.2 

$547.9 

$731.2 
$671.2 $675.4 

Sunday Monday Tuesday Wednesday Thursday Friday Saturday 

$23.6 
$704.8 

$32.3 
$948.9 

$34.2 
$961.5 

$20.2 
$568.2 

$25.8 
$757.0 

$23.5 
$694.7 

$23.6 
$699.0 
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Model Result Validation – Total Count – Ride 
by Ride Type & Company 

Lyft & Uber Ride count by Ride Type (K)   
• The primary driver for Lyft’s higher level of surge pricing is driven by the higher number of premium rides 
• Uber needs t review accessible rides as there is no data in the model because the Lyft data did not have any 
Overall, the model’s predictions for Surge pricing for Uber produces results that are in line with expectations 
based on the data.  

 
  

 

 Count of Rides by Ride Type & Company  (K) 
$968.5 $961.5 

51.2 
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Uber    vs. Lyft 
Total Distance from Pick-up  
Point 

• Assumptions: 

1. Dots on the map represent the total 

distance the driver traveled from the pick-

up point 

2. The dot location is based on the 

neighborhood where the pick-up location 

was. 

Though there are minor differences in the 

two maps, they are visually similar. 

Ly
ft

  
U

b
e

r 
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Finding 5 – Flow 
Between Pick-up & 
Drop-off Neighborhoods 

The data exploration on the connections between ride pick-up neighborhoods and drop-off neighborhoods indicate that 

every pick-up neighborhood had 6 drop-off neighborhoods.  The relationships between pick-up and drop-off neighborhoods 

can be seen in both the summary table and the  Arc Sankey Diagram 

Overall, there are small differences in the thicknesses of the arcs between the different ride paths 

Ride Pick-up  
Neighborhood 
Back Bay 
Beacon Hill 

Boston Uni 

Fenway 

Financial Dist 

Haymarket Sq 

North End 
North Stat 
NE Uni 

South Stat 
Theatre Dist 

West End 

Ride Drop-off Neighborhood 

Boston Uni Fenway Haymarket Sq North End NE Uni South Stat 

Boston Uni Fenway Haymarket Sq North End NE Uni South Stat 

Back Bay Beacon Hill Financial Dist North Stat Theatre Dist West End 

Back Bay Beacon Hill Financial Dist North Stat Theatre Dist West End 

Boston Uni Fenway Haymarket Sq North End NE Uni South Stat 

Back Bay Beacon Hill Financial Dist North Stat Theatre Dist West End 

Back Bay Beacon Hill Financial Dist North Stat Theatre Dist West End 

Boston Uni Fenway Haymarket Sq North End NE Uni South Stat 

Back Bay Beacon Hill Financial Dist North Stat Theatre Dist West End 

Back Bay Beacon Hill Financial Dist North Stat Theatre Dist West End 

Boston Uni Fenway Haymarket Sq North End NE Uni South Stat 

Boston Uni Fenway Haymarket Sq North End NE Uni South Stat 
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Ethical Considerations & 
Mitigation 

1 Transparency and Customer Trust 

3 AI Accountability and Bias Mitigation 
Bias in AI-driven pricing can unfairly target specific neighborhoods or times, leading to inequitable 
outcomes.  

We reduced multicollinearity by removing highly correlated variables from the dataset during the 
model preparation.  

 

2 Preventing Exploitative Pricing Practices 

Using weather and event data responsibly ensures the model accurately reflects real-world demand 
without creating artificial surges.  

We cross-referenced event data from multiple sources and filtered it using strict criteria to include 
only high-impact events likely to influence demand. 

Ethical Use of Public Data 

Unregulated surge pricing during emergencies or high-demand events can lead to customer 
dissatisfaction and harm the brand's reputation. 

Implementing a surge rate constraint to ensure surge pricing remains within reasonable thresholds.  

 

Transparency is vital to maintaining customer trust when implementing surge pricing. Customers 
should understand the reasons for price increases, such as demand spikes due to weather or local 
events. 

Provide customers separate pricing for base and surge, allows for clear identification of pricing 
factors. 
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Recommendations for Rideshare Companies 

Implement Surge Pricing 

Uber should use our surge pricing model to implement surge 
pricing, increase revenues and compete with Lyft. Update 
model for Accessible Ride considerations 

Predict Surge Rates 

A second model should be created to use surge predicted 
records to then predict the surge rate by leveraging a regression 
model and the dummy variables that were discarded 

Explore Dynamic Pricing 

Both rideshare companies have an opportunity to take surge 
pricing a step further by exploring dynamic pricing models. 
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