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M o t i v a t i o n

• The set of interesting research questions is 
almost infinite

• The set of questions applied economist 
can answer is a much smaller subset. 
Limited by

1. Data availability
2. Plausible identification strategy

• Even if 1. and 2. are met, many 
technologies we are interested in have:
• Heterogeneous treatment effects
• Stochastic treatment effects

• These difficult to measure treatment 
effects are the source of the new Diff-in-
Diff literature
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• Sufficient evidence exists that STRVs, under 
the right conditions, improve yields after 
flooding
• Numerous field trials
• Dar et al. 2013; Emerick et al. 2016

• But no large-scale or long-term evaluations 
of adoption or impact

• We are in a data poor environment
• No pre-release data
• Limited nationally representative 

household surveys
• Additionally, the technology is stochastic

• Only effective in a limited window that 
may or may not occur on a given field in 
a given season
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• We use Earth Observation (EO) data where and when we lack household data (not new)
• Complement EO data with 3 waves of household panel data (2014, 2017, 2022)

•  Face two hurdles:
• Lack of ground truth data – Machine Learning (ML) algorithms require training data to 

identify and classify things like rice and flooding
• Recency bias in EO data – publicly available high spatial and temporal res data is only ~10 

year old

• We develop an innovative approach to reconstructing the past that address both hurdles
• Employ new approaches to constructing training or ground truth data
• Deploy recent ML methods (convolutional neural networks) to improve the “resolution” 

of EO data that is 20+ years old

O u r  A p p r o a c h
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What
• Describes how a researcher plans to conduct a study and analyze the resulting data
• Pre-specify in a precise way the analysis to be done before examining the data 

(Olken, 2015)

Why (Janzen and Michler, 2021; Josephson and Michler, 2023)
• To avoid the temptation for data mining 
• To avoid post-hoc adjustment of research hypothesis
• Promote ethical, transparent research methods

What have we done?
• Filed a detailed Pre-Analysis Plan in Open Science Foundation at 

doi.org/10.17605/OSF.IO/YE7PV 

P r e - A n a l y s i s  P l a n

https://www.aeaweb.org/articles?id=10.1257/jep.29.3.61
https://onlinelibrary.wiley.com/doi/abs/10.1002/aepp.13133
https://www.routledge.com/Research-Ethics-in-Applied-Economics-A-Practical-Guide/Josephson-Michler/p/book/9780367457419
https://doi.org/10.17605/OSF.IO/YE7PV


6

R i c e  M a p  D e t a i l s :  G r o u n d  T r u t h

Baseline Rice/NoRice (RNR) area map 
derived from MODIS using 

agronomic flooding

RNR ‘Ground Truth’ interpreted and 
confirmed using high resolution 

Google Earth data

Random Sampling of RNR pixels → 
‘Ground Truth’ data set

Sampled years: 2002, 2004, 2006, 2009, 2015, 2016, 2018, 2019, 2021
Sampled districts: Barisal, Kurigam, Rajshahi

450 total number of samples
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R i c e  M a p  D e t a i l s :  R a n d o m  F o r e s t  
G e n e r a t e d  M a p s

Data and model processed in Google Earth Engine

Data:
• MODIS Terra 8-days Composite Median value 

for the rice grow season (±June to December, 
may vary depending on the district)

• FABDEM elevation and slope

Random Forest:
• 70% of data for training, 30% for testing
• .77 accuracy
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F l o o d  M a p  D e t a i l s :  F u s i o n  M o d e l

Fusion Model based on 
recreating Sentinel-1 
observed Fractional 
Inundated Area with 
MODIS

Shows fraction of 500 x 
500 meters pixel covered 
by water every 8 days, 
from 2002 to 2022

Paper, Data and Code
Giezendanner et al (2023) Inferring the past: a combined CNN-
LSTM deep learning framework to fuse satellites for historical 
inundation mapping, CVPR Earthvision Workshop
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R e m o t e  S e n s i n g  a n d  
A d m i n i s t r a t i v e  D a t a

EVI: MODIS median from June to 
December

Rice Presence: Random Forest 
Algorithm based on MODIS

Flood Map: Fractional 
Inundation Area based on 
Giezendanner et al. (2023)

Aman Rice Seeds: Administrative 
data from government offices in 
each district
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• Event Study

• Difference-in-Difference (DID)

𝐸𝑉𝐼𝑑𝑡 =  ෍

𝑗∈𝑇

𝛼𝑗 ∙ 1𝑡
𝑡=𝜏+𝑗

+ 𝛿𝑟𝑖𝑐𝑒𝑑𝑡 + 𝜑𝐹𝐿𝑂𝑂𝐷𝑑𝑡 + 𝜇𝑑 + 𝜇𝑡 +  𝜖𝑑𝑡 

E m p i r i c a l  M o d e l s

• Two-Way Fixed Effect (TWFE)

𝐸𝑉𝐼𝑑𝑡 = 𝛽 1𝑑𝑡
2010 ∙ 1𝑑𝑡

𝑓𝑙𝑜𝑜𝑑
+ 𝛾1𝑑𝑡

2010 + 𝜔1𝑑𝑡
𝑓𝑙𝑜𝑜𝑑

+ 𝛿𝑟𝑖𝑐𝑒𝑑𝑡 + 𝜇𝑑 + 𝜇𝑡 +  𝜖𝑑𝑡

𝐸𝑉𝐼𝑑𝑡 = 𝛽 𝑠𝑒𝑒𝑑𝑑𝑡 ∙ 𝑓𝑙𝑜𝑜𝑑𝑑𝑡 + 𝛾𝑠𝑒𝑒𝑑𝑑𝑡 + 𝜔𝑓𝑙𝑜𝑜𝑑𝑑𝑡 + 𝛿𝑟𝑖𝑐𝑒𝑑𝑡 +  𝜇𝑑 + 𝜇𝑡 +  𝜖𝑑𝑡
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E v e n t  S t u d y

𝐸𝑉𝐼𝑑𝑡 =  ෍

𝑗∈𝑇

𝛼𝑗 ∙ 1𝑡
𝑡=𝜏+𝑗

+  𝛿𝑟𝑖𝑐𝑒𝑑𝑡 +  𝜑𝐹𝐿𝑂𝑂𝐷𝑑𝑡 + 𝜇𝑑 + 𝜇𝑡 +  𝜖𝑑𝑡 
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D i f f e r e n c e - i n - D i f f e r e n c e

𝐸𝑉𝐼𝑑𝑡 = 𝛽 1𝑑𝑡
2010 ∙ 1𝑑𝑡

𝑓𝑙𝑜𝑜𝑑
+ 𝛾1𝑑𝑡

2010 + 𝜔1𝑑𝑡
𝑓𝑙𝑜𝑜𝑑

+ 𝛿𝑟𝑖𝑐𝑒𝑑𝑡 +  𝜇𝑑 + 𝜇𝑡 +  𝜖𝑑𝑡
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T w o - W a y  F i x e d  E f f e c t

𝐸𝑉𝐼𝑑𝑡 = 𝛽 𝑠𝑒𝑒𝑑𝑑𝑡 ∙ 𝑓𝑙𝑜𝑜𝑑𝑑𝑡 + 𝛾𝑠𝑒𝑒𝑑𝑑𝑡 + 𝜔𝑓𝑙𝑜𝑜𝑑𝑑𝑡 + 𝛿𝑟𝑖𝑐𝑒𝑑𝑡 +  𝜇𝑑 + 𝜇𝑡 +  𝜖𝑑𝑡
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• Why are we unable to replicate Emerick at al. (2016) or field trials regarding the efficacy of 
STRVs?
• STRVs are not effective outside of controlled settings
• Insufficient adoption to pick up signal
• Insufficient flooding of right type to pick up signal
• Signal is there but EO methods need more refinement to separate signal from noise

• Refining our methods beyond what we pre-specified
• Improvements on measuring flood days to get at “sweet spot” of flooding
• Monte Carlo simulations to determine how sensitive results are to 

mismeasurement/misclassification

M o v i n g  B e y o n d  t h e  P r e - A n a l y s i s  P l a n



16

R e f i n i n g  F l o o d  M e a s u r e s
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M o n t e  C a r l o  S i m u l a t i o n s  –  D a r  e t  a l .  ( 2 0 1 3 )
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• Flood causes a substantial amount of yield loss
• Dissemination and adoption of STRVs is increasing. Adoption 

rate was ~8% in 2014 and rose to ~22% in 2022
• Unable to replicate evidence that STRVs reduce yield loss during 

a floodF
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s • New ML methods allow for use of EO data in previously 
unexplored contexts

• Still a limit to the method’s ability to separate signal from noise
• For stochastic technologies, results can be highly sensitive to 

mismeasurement and misclassification

C o n c l u s i o n
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Q U E S T I O N S  ? ?
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