
Women in 
Data Science 
Pomona College, Claremont, CA, USA
April 1, 2022
Mitra Akhtari, Airbnb



• >200 people

• Embedded in teams but organized centrally as a 

function within engineering

• 4 tracks: Analytics Engineering, Analytics, Inference, 

Algo

• 2 career paths: manager and individual contributor 

Data Science at 
Airbnb



• Joined Airbnb ~5 years ago 

• Inference track, growing as an individual contributor

• My first career

- When I joined: I didn’t know R, Python, SQL, GIS, what is a 

“job” … (you can learn anything & everything)

• Used to work on: Airbnb + Cities

• Now work on: Using methods to build data products

- Today: “No Experimentation, No Problem: Using Quasi-

experimental Methods in Business Settings”

Me



PAGE     |    GRACE HOPPER CELEBRATION 2018    
PRESENTED BY ANITAB.ORG AND THE ASSOCIATION FOR COMPUTING MACHINERY 

#GHC 18

#GHC 18

• Interested in the causal impact of X on Y

- Impact of compensation on employee retention

- Impact of marketing spending on host acquisition

• The gold standard: Experimentation or A/B testing

CAUSAL INFERENCE
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ORDINARY LEAST SQUARE (OLS) REGRESSION
Good place to start

Yi = α + β × Xi+ϵi

In R

ΔY { 

ΔX︷

New
hosts

ΔY { 

ΔX︷“Regress X on Y” to isolate how the variation in money spent on marketing 

changes the number of new hosts  in a market.
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Yi = α + β × Xi+η × Ci+ϵi

Omitted Variable Bias: the association between X and Y is driven by an 

omitted factor, C, that drives both.

• Places with more money spent on marketing  are more urban 

geographies where our user base, including new hosts, is growing 

more quickly.

• If these “confounding” factors can be measured,  control for them in a 

controlled regression. 

REGRESSION WITH CONTROLS

YX

C

In R



Quasi-experimental Methods
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Imagine the business decides marketing funding based on a “formulaic 

point system:” current size of the market, future growth forecasts, # of 

upcoming events, etc.

• Threshold determines whether or not a place received marketing 

funding.

• Similar places fall on different sides of the threshold: some receive 

funding the others do not. 

REGRESSION DISCONTINUITY DESIGN
Especially relevant when treatment is based on a “point” system
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DIFFERENCES-IN-DIFFERENCES
Especially relevant for outcomes within a group and over time 

Imagine the business decides to give marketing funding to a subset of 

markets.   

• Compare outcome Y before and after the marketing campaign 

between control and treatment group.

• Check “parallel trends” 15
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In R
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• So far, causal inference: Does X cause Y? 

• What about prediction: Does X predict Y?

→ Use prediction to construct a refined “synthetic” control group. Then 

compare outcome for treated observation with outcome in synthetic control 

to identify causal impact of an external shock. 

SYNTHETIC CONTROL
Causal inference + prediction

Prediction Problem

Causal 
Inference

Outcome of interest over time
New
hosts

— treated geo

— constructed proxy

In R



Sometimes, don’t even need causal methods
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Prices have increased. Is that good or bad? Temporary or permanent? 

If we think “value is bang for your buck:”

•  Is value really down ~30%? 

•  What about hosts? 

•  What about willingness to pay? 

→ “Value Sticks:” For each transaction, total value is difference 

between guest willingness to pay (WTP) and host costs. 

A FRAMEWORK
How to structure thinking about a problem

Guest WTP

Host costs

{
{
{

Guest Value

Value to Airbnb

Host Value

Price set by host

Price paid by guest
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PRIC SUPPLY

DEMAND

A FRAMEWORK
How to structure thinking about a problem

•  Prices go up when demand curve shifts 

out (good for value) : more demand, 

increased WTP

•  Prices go up when supply curve shifts in 

(bad for value): host churn, higher cost of 

hosting

→ We can test which factors are at play 

empirically.

Guest 
value



• Machine Learning: Regressions get you very far!
• Feedback: It’s mostly a gift, but not always
• Areas of growth: Important, but not the only way to 

progress in your career
• Most of all: Be yourself ! 

Some Closing 
Thoughts


