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About...

● Links together restaurants, diners, and drivers
● Want to be the marketer go-to for restaurants
● 140,000+ restaurants in over 2,700 cities
● >20MM active diners
● >$5B annual food sales
● Other brands: Seamless, LevelUp, Tapingo,
● AllMenus and MenuPages



About...





Assumption:  Make Money, Scale



Assumption:  Lose Money, Don’t Scale



Assumption:  Make Money, Scale



What Really Happens…  And What We Should Do



Approach

● Test on a simple brand email 
campaign

● Use training data from a prior email
● Predict revenue for each email / 

customer segment pair



Approach

Training data:

● Training data is from a prior randomized experiment
○ 10% random holdout

● Predictors:  features about the customer
○ Purchase behavior, email interaction, time on platform...

● Target:  revenue generated 7 days after the email was sent

● One predictive function per email variant, including holdout
● Send variant v to customer c where f(v, c) = revenue is maximized



Results

● FAIL!
● Offline analysis

● Expect that customers whose treatment in the training data matched 
model recommendations to make more revenue

○ Revenue(DD) >? Revenue(DS)
○ Revenue(SS) >? Revenue(SD)
○ Differences were very noisy with small magnitude

recommendation

don't send send

actual
don't send DD DS
send SD SS



Results

● Offline analysis
○ Interaction term significance

■ revenue(treatment, customerFeature) =
● w0 + w1*treatment + w2*customer + w3*(treatment*customerFeature)

■ Expect w3 to be significant



Results

Online test:  Want to see monotonicity / sensical directionality in results...
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Results

Online test:  No monotonicity in revenue per send / directionality in gross revenue
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Emails sorted by lift

Treatment 1:  Expect highest revenue per send

Treatment 2:  Expect highest gross revenue, lower 
revenue per send than treatment 1

Treatment 3:  Expect lower gross revenue 
than treatment 2

Baseline:  Send to everyone.



What To Do?

● Work with more complex algorithms
● Get better data ✅



Use A Coupon Email Campaign

● More than 50% greater engagement rates than other types of emails
● Varied dollar off and minimum purchase amount



Results

Treatment Order Lift Revenue Lift
$3 OFF $15 0.71% 1.63%
3 OFF 10 1.43% -1.37%
5 OFF 15 3.13% 1.49%
5 OFF 10 4.52% -7.67%
7 OFF 15 4.74% -3.30%
7 OFF 10 7.72% -13.52%
10 OFF 15 5.08% -8.97%

Maximize revenue subject to not losing order volume

*Numbers are obfuscated but directionally consistent



Targeted Treatment - Heterogeneous Treatments

Order Lift
Bucket $3 OFF $15 3 OFF 10 5 OFF 15 5 OFF 10 7 OFF 15 7 OFF 10 10 OFF 15 holdout
D customers 1.69% 2.33% 2.34% 7.64% 6.10% 9.34% 9.03% 0.00%
C customers 1.52% 2.41% 3.43% 4.49% 4.29% 6.81% 2.84% 0.00%
B customers -0.52% 0.40% 1.00% 1.05% 1.90% 3.96% -0.61% 0.00%
A customers -1.83% -2.75% 4.49% 0.27% 4.37% 3.99% 2.05% 0.00%

Revenue Lift
Bucket 3 OFF 15 3 OFF 10 5 OFF 15 5 OFF 10 7 OFF 15 7 OFF 10 10 OFF15 holdout
D customers 1.84% -2.06% 1.76% -9.75% -5.96% -21.37% -17.75% 0.00%
C customers 1.60% 1.93% 1.18% -11.23% -4.13% -19.10% -12.37% 0.00%
B customers 0.92% -4.03% 0.41% -7.81% -4.25% -16.86% -10.85% 0.00%
A customers 0.34% -3.07% -0.03% -5.73% -0.99% -6.53% -1.22% 0.00%



Lift vs. 
Holdout Orders Revenue

5off30 0.44% 1.07%

Targeted 1.15% 0.83%

Tradeoff



Findings with Lift Modeling and Heterogeneous Treatment

● Need data with sufficient signal
● Treatment effects can vary across populations
● Allows finer tuning of treatments depending on business goals

● Not covered:  where this work fits into a bigger targeting framework







Embedding Primer





































Thanks

● Contact info:  waigen at ieee

● Thanks, too, to Alex, Emily, Parin, Sahil, Weiwen, Yong, Renata
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