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• A typical setup: (1) run a data analysis on available data to 
reach a decision; (2) apply that decision to new data 

• Might worry about generalizing if a very small subset of 
data was instrumental to the original analysis 
• E.g. in a study of microcredit with ~16,500 data points, 

we can drop 1 data point to flip the sign of the effect 
• E.g. out of 57,477 preferences (matchups) in Chatbot 

Arena, we can drop 2 to change the top-ranked LLM 
• Challenge: Impossibly costly to check every data subset 
• We show: an approximation is fast, automatable, accurate 

+ empirical & theoretical analysis of our method

When can I trust decisions from data?
• More ubiquitous and 

black-box data 
analyses ➔ 
evaluation/checking 
increasingly critical
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Roadmap
• Why might existing evaluation methods not fully 

handle generalization already? 
• Our proposed flag: can I drop a small fraction of 

data points to change conclusions? 
• Checking directly is too expensive, so we provide an 

approximation (with a guarantee on quality) 
• Our method reveals many data analyses are robust 

but some aren’t 
• And this non-robustness isn’t just reflecting other 

well-known issues (non-significance, heavy tails, 
misspecification, etc.); it’s reflecting signal-to-noise
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assumptions that aren’t precisely true in practice 
• Assumptions include: i.i.d. sampling, model is correct, 

output is what we want, data missing at random 
• More realistic: future population different from analyzed 

population, model is misspecified, reporting a convenient 
proxy, small fractions of data missing not-at-random 

• In all these cases, we’d be concerned if dropping a very small 
fraction of data changed our conclusions 

• Concerns not specific to any one field (not a gotcha) 
• No current check is a cure-all, and ours isn’t either 

• Even when doesn’t bother you, should be up front about it
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• There are ~1053 subsets of size 16 (0.1% of 16,000).   
• If data analysis takes 1 second, check takes >1046 years. 
• GPUs / parallel computing / etc won’t save you! 

• We provide an approximation (uses influence scores): 

• Can run when decision is based on minimizers of smooth 
empirical loss plus optional penalty (and beyond). 

• We provide theory to support its accuracy. 
• Any non-robustness is conclusive since we can re-run the 

analysis (just once) to confirm. 
• We provide theory & experiments to show non-robustness 

reflects a low signal-to-noise ratio in the data analysis.

We need & provide an approximation

[Many many use infl scores to drop data, but not worst case fraction: e.g. Jaeckel 1972; Hampel 1974; Cook 1977; 
Cook, Weisberg 1980; Belsley+ 1980 ch 2.1; Huh, Park 1990; Koh, Liang 2017; Beirami+ 2017, Giordano+ 2019a]



What makes an analysis non-robust?

5



What makes an analysis non-robust?
• Upcoming real data analyses: all awesomely reproducible!

5



What makes an analysis non-robust?
• Upcoming real data analyses: all awesomely reproducible! 
• It’s not just non-significance

5



What makes an analysis non-robust?
• Upcoming real data analyses: all awesomely reproducible! 
• It’s not just non-significance      • Lottery in Oregon, USA

5



What makes an analysis non-robust?
• Upcoming real data analyses: all awesomely reproducible! 
• It’s not just non-significance      • Lottery in Oregon, USA

• Winners could sign up for Medicaid (healthcare)

5



What makes an analysis non-robust?
• Upcoming real data analyses: all awesomely reproducible! 
• It’s not just non-significance      • Lottery in Oregon, USA

• Winners could sign up for Medicaid (healthcare) 
• Finkelstein et al 2012, >21,000 data points (surveys)

5



What makes an analysis non-robust?
• Upcoming real data analyses: all awesomely reproducible! 
• It’s not just non-significance      • Lottery in Oregon, USA

• Winners could sign up for Medicaid (healthcare) 
• Finkelstein et al 2012, >21,000 data points (surveys) 
• p < 0.01 for a positive effect of lottery win on a particular 

measure of health (# days good health in past 30 days)

5



What makes an analysis non-robust?
• Upcoming real data analyses: all awesomely reproducible! 
• It’s not just non-significance      • Lottery in Oregon, USA

• Winners could sign up for Medicaid (healthcare) 
• Finkelstein et al 2012, >21,000 data points (surveys) 
• p < 0.01 for a positive effect of lottery win on a particular 

measure of health (# days good health in past 30 days) 
• We can drop 10 points (0.05% of data) to change signif

5



What makes an analysis non-robust?
• Upcoming real data analyses: all awesomely reproducible! 
• It’s not just non-significance      • Lottery in Oregon, USA

• Winners could sign up for Medicaid (healthcare) 
• Finkelstein et al 2012, >21,000 data points (surveys) 
• p < 0.01 for a positive effect of lottery win on a particular 

measure of health (# days good health in past 30 days) 
• We can drop 10 points (0.05% of data) to change signif 

• Using bootstrap confidence intervals isn’t a panacea

5



What makes an analysis non-robust?
• Upcoming real data analyses: all awesomely reproducible! 
• It’s not just non-significance      • Lottery in Oregon, USA

• Winners could sign up for Medicaid (healthcare) 
• Finkelstein et al 2012, >21,000 data points (surveys) 
• p < 0.01 for a positive effect of lottery win on a particular 

measure of health (# days good health in past 30 days) 
• We can drop 10 points (0.05% of data) to change signif 

• Using bootstrap confidence intervals isn’t a panacea 
• Can still change top-ranked LLM in various arenas

5



What makes an analysis non-robust?
• Upcoming real data analyses: all awesomely reproducible! 
• It’s not just non-significance      • Lottery in Oregon, USA

• Winners could sign up for Medicaid (healthcare) 
• Finkelstein et al 2012, >21,000 data points (surveys) 
• p < 0.01 for a positive effect of lottery win on a particular 

measure of health (# days good health in past 30 days) 
• We can drop 10 points (0.05% of data) to change signif 

• Using bootstrap confidence intervals isn’t a panacea 
• Can still change top-ranked LLM in various arenas 

• Using Bayes or more-tailored models isn’t a panacea

5



What makes an analysis non-robust?
• Upcoming real data analyses: all awesomely reproducible! 
• It’s not just non-significance      • Lottery in Oregon, USA

• Winners could sign up for Medicaid (healthcare) 
• Finkelstein et al 2012, >21,000 data points (surveys) 
• p < 0.01 for a positive effect of lottery win on a particular 

measure of health (# days good health in past 30 days) 
• We can drop 10 points (0.05% of data) to change signif 

• Using bootstrap confidence intervals isn’t a panacea 
• Can still change top-ranked LLM in various arenas 

• Using Bayes or more-tailored models isn’t a panacea
• Meager 2022: multilevel (Bayesian) model for 

simultaneous analysis of all 7 RCTs of microcredit

5



What makes an analysis non-robust?
• Upcoming real data analyses: all awesomely reproducible! 
• It’s not just non-significance      • Lottery in Oregon, USA

• Winners could sign up for Medicaid (healthcare) 
• Finkelstein et al 2012, >21,000 data points (surveys) 
• p < 0.01 for a positive effect of lottery win on a particular 

measure of health (# days good health in past 30 days) 
• We can drop 10 points (0.05% of data) to change signif 

• Using bootstrap confidence intervals isn’t a panacea 
• Can still change top-ranked LLM in various arenas 

• Using Bayes or more-tailored models isn’t a panacea
• Meager 2022: multilevel (Bayesian) model for 

simultaneous analysis of all 7 RCTs of microcredit 
• Thoughtful modeling design choices

5



What makes an analysis non-robust?
• Upcoming real data analyses: all awesomely reproducible! 
• It’s not just non-significance      • Lottery in Oregon, USA

• Winners could sign up for Medicaid (healthcare) 
• Finkelstein et al 2012, >21,000 data points (surveys) 
• p < 0.01 for a positive effect of lottery win on a particular 

measure of health (# days good health in past 30 days) 
• We can drop 10 points (0.05% of data) to change signif 

• Using bootstrap confidence intervals isn’t a panacea 
• Can still change top-ranked LLM in various arenas 

• Using Bayes or more-tailored models isn’t a panacea
• Meager 2022: multilevel (Bayesian) model for 

simultaneous analysis of all 7 RCTs of microcredit 
• Thoughtful modeling design choices 
• Can drop <0.03% of data to change if 0 is in the 95% 

credible interval, for microcredit effect across countries
5



What makes an analysis non-robust?
• Upcoming real data analyses: all awesomely reproducible! 
• It’s not just non-significance      • Lottery in Oregon, USA

• Winners could sign up for Medicaid (healthcare) 
• Finkelstein et al 2012, >21,000 data points (surveys) 
• p < 0.01 for a positive effect of lottery win on a particular 

measure of health (# days good health in past 30 days) 
• We can drop 10 points (0.05% of data) to change signif 

• Using bootstrap confidence intervals isn’t a panacea 
• Can still change top-ranked LLM in various arenas 

• Using Bayes or more-tailored models isn’t a panacea
• Meager 2022: multilevel (Bayesian) model for 

simultaneous analysis of all 7 RCTs of microcredit 
• Thoughtful modeling design choices 
• Can drop <0.03% of data to change if 0 is in the 95% 

credible interval, for microcredit effect across countries 
• Can drop <0.1% of data to change the effect sign5



What makes an analysis non-robust?

6



What makes an analysis non-robust?
• It’s not just that everything is non-robust

6



What makes an analysis non-robust?
• It’s not just that everything is non-robust

• Effect of cash transfers on consumption in poor 
households, Angelucci & De Giorgi 2009, >10,000 points

6



What makes an analysis non-robust?
• It’s not just that everything is non-robust

• Effect of cash transfers on consumption in poor 
households, Angelucci & De Giorgi 2009, >10,000 points 
• We find: must drop >4% data to change sign and/or 

significance (in the approximation)

6



What makes an analysis non-robust?
• It’s not just that everything is non-robust

• Effect of cash transfers on consumption in poor 
households, Angelucci & De Giorgi 2009, >10,000 points 
• We find: must drop >4% data to change sign and/or 

significance (in the approximation) 
• MT-Bench LLM rankings: (in the approximation) we must 

drop >1% of preferences (matchups) to change top-1

6



What makes an analysis non-robust?
• It’s not just that everything is non-robust

• Effect of cash transfers on consumption in poor 
households, Angelucci & De Giorgi 2009, >10,000 points 
• We find: must drop >4% data to change sign and/or 

significance (in the approximation) 
• MT-Bench LLM rankings: (in the approximation) we must 

drop >1% of preferences (matchups) to change top-1 
• Carefully designed prompts (vs. user submitted), 

expert annotators (vs. crowd-sourced preferences)

6



What makes an analysis non-robust?
• It’s not just that everything is non-robust

• Effect of cash transfers on consumption in poor 
households, Angelucci & De Giorgi 2009, >10,000 points 
• We find: must drop >4% data to change sign and/or 

significance (in the approximation) 
• MT-Bench LLM rankings: (in the approximation) we must 

drop >1% of preferences (matchups) to change top-1 
• Carefully designed prompts (vs. user submitted), 

expert annotators (vs. crowd-sourced preferences) 
• Djokovic robustly top-1 tennis player from recent data

6



What makes an analysis non-robust?
• It’s not just that everything is non-robust

• Effect of cash transfers on consumption in poor 
households, Angelucci & De Giorgi 2009, >10,000 points 
• We find: must drop >4% data to change sign and/or 

significance (in the approximation) 
• MT-Bench LLM rankings: (in the approximation) we must 

drop >1% of preferences (matchups) to change top-1 
• Carefully designed prompts (vs. user submitted), 

expert annotators (vs. crowd-sourced preferences) 
• Djokovic robustly top-1 tennis player from recent data 

• Removing outliers isn’t a panacea

6



What makes an analysis non-robust?
• It’s not just that everything is non-robust

• Effect of cash transfers on consumption in poor 
households, Angelucci & De Giorgi 2009, >10,000 points 
• We find: must drop >4% data to change sign and/or 

significance (in the approximation) 
• MT-Bench LLM rankings: (in the approximation) we must 

drop >1% of preferences (matchups) to change top-1 
• Carefully designed prompts (vs. user submitted), 

expert annotators (vs. crowd-sourced preferences) 
• Djokovic robustly top-1 tennis player from recent data 

• Removing outliers isn’t a panacea
• Angelucci & De Giorgi 2009 look at “spillover” effect on 

non-poor households in the same village

6



What makes an analysis non-robust?
• It’s not just that everything is non-robust

• Effect of cash transfers on consumption in poor 
households, Angelucci & De Giorgi 2009, >10,000 points 
• We find: must drop >4% data to change sign and/or 

significance (in the approximation) 
• MT-Bench LLM rankings: (in the approximation) we must 

drop >1% of preferences (matchups) to change top-1 
• Carefully designed prompts (vs. user submitted), 

expert annotators (vs. crowd-sourced preferences) 
• Djokovic robustly top-1 tennis player from recent data 

• Removing outliers isn’t a panacea
• Angelucci & De Giorgi 2009 look at “spillover” effect on 

non-poor households in the same village 
• Original analysis removes the largest responses

6



What makes an analysis non-robust?
• It’s not just that everything is non-robust

• Effect of cash transfers on consumption in poor 
households, Angelucci & De Giorgi 2009, >10,000 points 
• We find: must drop >4% data to change sign and/or 

significance (in the approximation) 
• MT-Bench LLM rankings: (in the approximation) we must 

drop >1% of preferences (matchups) to change top-1 
• Carefully designed prompts (vs. user submitted), 

expert annotators (vs. crowd-sourced preferences) 
• Djokovic robustly top-1 tennis player from recent data 

• Removing outliers isn’t a panacea
• Angelucci & De Giorgi 2009 look at “spillover” effect on 

non-poor households in the same village 
• Original analysis removes the largest responses 
• We find: can drop 3 points of >4,000 & change signif.

6



What makes an analysis non-robust?
• It’s not just that everything is non-robust

• Effect of cash transfers on consumption in poor 
households, Angelucci & De Giorgi 2009, >10,000 points 
• We find: must drop >4% data to change sign and/or 

significance (in the approximation) 
• MT-Bench LLM rankings: (in the approximation) we must 

drop >1% of preferences (matchups) to change top-1 
• Carefully designed prompts (vs. user submitted), 

expert annotators (vs. crowd-sourced preferences) 
• Djokovic robustly top-1 tennis player from recent data 

• Removing outliers isn’t a panacea
• Angelucci & De Giorgi 2009 look at “spillover” effect on 

non-poor households in the same village 
• Original analysis removes the largest responses 
• We find: can drop 3 points of >4,000 & change signif. 

• It’s not just misspecification: see above and next slide6



What makes an analysis non-robust?

7



What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

7



What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),

7



What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),

7



What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),
<latexit sha1_base64="wdWY9waH1ixpp0+zp6r0XUoKTq4=">AAACHXicbVDLSgMxFM34rPVVdekmWIQKpcyUii6LblxJBfuATh0yaaYNTTJDkhHLMD/ixl9x40IRF27EvzFtZ6GtBwKHc84l9x4/YlRp2/62lpZXVtfWcxv5za3tnd3C3n5LhbHEpIlDFsqOjxRhVJCmppqRTiQJ4j4jbX90OfHb90QqGopbPY5Ij6OBoAHFSBvJK9QePAFdpREeScISSvtp4irKU+hypIcYseQ6Ldllk6EDjrzOXfWk7BWKdsWeAi4SJyNFkKHhFT7dfohjToTGDCnVdexI9xIkNcWMpHk3ViQyK6AB6RoqECeql0yvS+GxUfowCKV5QsOp+nsiQVypMfdNcrKymvcm4n9eN9bBeS+hIoo1EXj2URAzqEM4qQr2qSRYs7EhCEtqdoV4iCTC2hSaNyU48ycvkla14pxW7JtasX6R1ZEDh+AIlIADzkAdXIEGaAIMHsEzeAVv1pP1Yr1bH7PokpXNHIA/sL5+ACt/oeU=</latexit>

xn
iid⇠ N (0,�2

X),

7



What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),
<latexit sha1_base64="wdWY9waH1ixpp0+zp6r0XUoKTq4=">AAACHXicbVDLSgMxFM34rPVVdekmWIQKpcyUii6LblxJBfuATh0yaaYNTTJDkhHLMD/ixl9x40IRF27EvzFtZ6GtBwKHc84l9x4/YlRp2/62lpZXVtfWcxv5za3tnd3C3n5LhbHEpIlDFsqOjxRhVJCmppqRTiQJ4j4jbX90OfHb90QqGopbPY5Ij6OBoAHFSBvJK9QePAFdpREeScISSvtp4irKU+hypIcYseQ6Ldllk6EDjrzOXfWk7BWKdsWeAi4SJyNFkKHhFT7dfohjToTGDCnVdexI9xIkNcWMpHk3ViQyK6AB6RoqECeql0yvS+GxUfowCKV5QsOp+nsiQVypMfdNcrKymvcm4n9eN9bBeS+hIoo1EXj2URAzqEM4qQr2qSRYs7EhCEtqdoV4iCTC2hSaNyU48ycvkla14pxW7JtasX6R1ZEDh+AIlIADzkAdXIEGaAIMHsEzeAVv1pP1Yr1bH7PokpXNHIA/sL5+ACt/oeU=</latexit>

xn
iid⇠ N (0,�2

X),
<latexit sha1_base64="GViEx7sE3HCi1I3volFnUoJ31iY=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgadkVo16EoBePEcwDskuYncwmQ2YfzPQKYclvePGgiFd/xpt/4yTZg0YLGoqqbrq7glQKjY7zZZVWVtfWN8qbla3tnd296v5BWyeZYrzFEpmobkA1lyLmLRQoeTdVnEaB5J1gfDvzO49caZHEDzhJuR/RYSxCwSgayfNwxJGSa+LY9X615tjOHOQvcQtSgwLNfvXTGyQsi3iMTFKte66Top9ThYJJPq14meYpZWM65D1DYxpx7efzm6fkxCgDEibKVIxkrv6cyGmk9SQKTGdEcaSXvZn4n9fLMLzycxGnGfKYLRaFmSSYkFkAZCAUZygnhlCmhLmVsBFVlKGJqWJCcJdf/kvaZ7Z7Ydfvz2uNmyKOMhzBMZyCC5fQgDtoQgsYpPAEL/BqZdaz9Wa9L1pLVjFzCL9gfXwDMoSQfg==</latexit>

✓ = 0.5

7



What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),
<latexit sha1_base64="wdWY9waH1ixpp0+zp6r0XUoKTq4=">AAACHXicbVDLSgMxFM34rPVVdekmWIQKpcyUii6LblxJBfuATh0yaaYNTTJDkhHLMD/ixl9x40IRF27EvzFtZ6GtBwKHc84l9x4/YlRp2/62lpZXVtfWcxv5za3tnd3C3n5LhbHEpIlDFsqOjxRhVJCmppqRTiQJ4j4jbX90OfHb90QqGopbPY5Ij6OBoAHFSBvJK9QePAFdpREeScISSvtp4irKU+hypIcYseQ6Ldllk6EDjrzOXfWk7BWKdsWeAi4SJyNFkKHhFT7dfohjToTGDCnVdexI9xIkNcWMpHk3ViQyK6AB6RoqECeql0yvS+GxUfowCKV5QsOp+nsiQVypMfdNcrKymvcm4n9eN9bBeS+hIoo1EXj2URAzqEM4qQr2qSRYs7EhCEtqdoV4iCTC2hSaNyU48ycvkla14pxW7JtasX6R1ZEDh+AIlIADzkAdXIEGaAIMHsEzeAVv1pP1Yr1bH7PokpXNHIA/sL5+ACt/oeU=</latexit>

xn
iid⇠ N (0,�2

X),
<latexit sha1_base64="GViEx7sE3HCi1I3volFnUoJ31iY=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgadkVo16EoBePEcwDskuYncwmQ2YfzPQKYclvePGgiFd/xpt/4yTZg0YLGoqqbrq7glQKjY7zZZVWVtfWN8qbla3tnd296v5BWyeZYrzFEpmobkA1lyLmLRQoeTdVnEaB5J1gfDvzO49caZHEDzhJuR/RYSxCwSgayfNwxJGSa+LY9X615tjOHOQvcQtSgwLNfvXTGyQsi3iMTFKte66Top9ThYJJPq14meYpZWM65D1DYxpx7efzm6fkxCgDEibKVIxkrv6cyGmk9SQKTGdEcaSXvZn4n9fLMLzycxGnGfKYLRaFmSSYkFkAZCAUZygnhlCmhLmVsBFVlKGJqWJCcJdf/kvaZ7Z7Ydfvz2uNmyKOMhzBMZyCC5fQgDtoQgsYpPAEL/BqZdaz9Wa9L1pLVjFzCL9gfXwDMoSQfg==</latexit>

✓ = 0.5

7



What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="+C1ZSs3oVH6o7oZL5VG7anjL/yc=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0WPRi8cK9gOaUDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3Q2ZACgUtFCihm2pgcSihE47vZn7nCbQRiXrESQpBzIZKRIIztJLvjxjmPo4A2bRfrbl1dw66SryC1EiBZr/65Q8SnsWgkEtmTM9zUwxyplFwCdOKnxlIGR+zIfQsVSwGE+Tzm6f0zCoDGiXalkI6V39P5Cw2ZhKHtjNmODLL3kz8z+tlGN0EuVBphqD4YlGUSYoJnQVAB0IDRzmxhHEt7K2Uj5hmHG1MFRuCt/zyKmlf1L2ruvtwWWvcFnGUyQk5JefEI9ekQe5Jk7QIJyl5Jq/kzcmcF+fd+Vi0lpxi5pj8gfP5A3vmkfk=</latexit>

✓̂

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),
<latexit sha1_base64="wdWY9waH1ixpp0+zp6r0XUoKTq4=">AAACHXicbVDLSgMxFM34rPVVdekmWIQKpcyUii6LblxJBfuATh0yaaYNTTJDkhHLMD/ixl9x40IRF27EvzFtZ6GtBwKHc84l9x4/YlRp2/62lpZXVtfWcxv5za3tnd3C3n5LhbHEpIlDFsqOjxRhVJCmppqRTiQJ4j4jbX90OfHb90QqGopbPY5Ij6OBoAHFSBvJK9QePAFdpREeScISSvtp4irKU+hypIcYseQ6Ldllk6EDjrzOXfWk7BWKdsWeAi4SJyNFkKHhFT7dfohjToTGDCnVdexI9xIkNcWMpHk3ViQyK6AB6RoqECeql0yvS+GxUfowCKV5QsOp+nsiQVypMfdNcrKymvcm4n9eN9bBeS+hIoo1EXj2URAzqEM4qQr2qSRYs7EhCEtqdoV4iCTC2hSaNyU48ycvkla14pxW7JtasX6R1ZEDh+AIlIADzkAdXIEGaAIMHsEzeAVv1pP1Yr1bH7PokpXNHIA/sL5+ACt/oeU=</latexit>

xn
iid⇠ N (0,�2

X),

• Can we flip sign of     by dropping some of 5,000 points?

<latexit sha1_base64="GViEx7sE3HCi1I3volFnUoJ31iY=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgadkVo16EoBePEcwDskuYncwmQ2YfzPQKYclvePGgiFd/xpt/4yTZg0YLGoqqbrq7glQKjY7zZZVWVtfWN8qbla3tnd296v5BWyeZYrzFEpmobkA1lyLmLRQoeTdVnEaB5J1gfDvzO49caZHEDzhJuR/RYSxCwSgayfNwxJGSa+LY9X615tjOHOQvcQtSgwLNfvXTGyQsi3iMTFKte66Top9ThYJJPq14meYpZWM65D1DYxpx7efzm6fkxCgDEibKVIxkrv6cyGmk9SQKTGdEcaSXvZn4n9fLMLzycxGnGfKYLRaFmSSYkFkAZCAUZygnhlCmhLmVsBFVlKGJqWJCcJdf/kvaZ7Z7Ydfvz2uNmyKOMhzBMZyCC5fQgDtoQgsYpPAEL/BqZdaz9Wa9L1pLVjFzCL9gfXwDMoSQfg==</latexit>

✓ = 0.5

7



• Can we flip sign of     by dropping some of 5,000 points? 
• Signal = size of change of interest:

What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="+C1ZSs3oVH6o7oZL5VG7anjL/yc=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0WPRi8cK9gOaUDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3Q2ZACgUtFCihm2pgcSihE47vZn7nCbQRiXrESQpBzIZKRIIztJLvjxjmPo4A2bRfrbl1dw66SryC1EiBZr/65Q8SnsWgkEtmTM9zUwxyplFwCdOKnxlIGR+zIfQsVSwGE+Tzm6f0zCoDGiXalkI6V39P5Cw2ZhKHtjNmODLL3kz8z+tlGN0EuVBphqD4YlGUSYoJnQVAB0IDRzmxhHEt7K2Uj5hmHG1MFRuCt/zyKmlf1L2ruvtwWWvcFnGUyQk5JefEI9ekQe5Jk7QIJyl5Jq/kzcmcF+fd+Vi0lpxi5pj8gfP5A3vmkfk=</latexit>

✓̂

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),
<latexit sha1_base64="wdWY9waH1ixpp0+zp6r0XUoKTq4=">AAACHXicbVDLSgMxFM34rPVVdekmWIQKpcyUii6LblxJBfuATh0yaaYNTTJDkhHLMD/ixl9x40IRF27EvzFtZ6GtBwKHc84l9x4/YlRp2/62lpZXVtfWcxv5za3tnd3C3n5LhbHEpIlDFsqOjxRhVJCmppqRTiQJ4j4jbX90OfHb90QqGopbPY5Ij6OBoAHFSBvJK9QePAFdpREeScISSvtp4irKU+hypIcYseQ6Ldllk6EDjrzOXfWk7BWKdsWeAi4SJyNFkKHhFT7dfohjToTGDCnVdexI9xIkNcWMpHk3ViQyK6AB6RoqECeql0yvS+GxUfowCKV5QsOp+nsiQVypMfdNcrKymvcm4n9eN9bBeS+hIoo1EXj2URAzqEM4qQr2qSRYs7EhCEtqdoV4iCTC2hSaNyU48ycvkla14pxW7JtasX6R1ZEDh+AIlIADzkAdXIEGaAIMHsEzeAVv1pP1Yr1bH7PokpXNHIA/sL5+ACt/oeU=</latexit>

xn
iid⇠ N (0,�2

X),

<latexit sha1_base64="UmrI20dHMbN3oXs7qY7JGKpOKvI=">AAACAnicbVA9SwNBEN3zM8avqJXYLAbBKtxJUBshqIWlglEhF8LcZpIs7n2wOyeES7Dxr9hYKGLrr7Dz37iJV2j0wcDjvRlm5gWJkoZc99OZmp6ZnZsvLBQXl5ZXVktr61cmTrXAuohVrG8CMKhkhHWSpPAm0QhhoPA6uD0Z+dd3qI2Mo0vqJ9gMoRvJjhRAVmqVNv1TVAT8iA+43wPKfOohwZAPWqWyW3HH4H+Jl5Myy3HeKn347VikIUYkFBjT8NyEmhlokkLhsOinBhMQt9DFhqURhGia2fiFId+xSpt3Ym0rIj5Wf05kEBrTDwPbGQL1zKQ3Ev/zGil1DpuZjJKUMBLfizqp4hTzUR68LTUKUn1LQGhpb+WiBxoE2dSKNgRv8uW/5Gqv4u1XqhfVcu04j6PAttg222UeO2A1dsbOWZ0Jds8e2TN7cR6cJ+fVeftunXLymQ32C877Fyyulqw=</latexit>

� = |✓̂|

<latexit sha1_base64="GViEx7sE3HCi1I3volFnUoJ31iY=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgadkVo16EoBePEcwDskuYncwmQ2YfzPQKYclvePGgiFd/xpt/4yTZg0YLGoqqbrq7glQKjY7zZZVWVtfWN8qbla3tnd296v5BWyeZYrzFEpmobkA1lyLmLRQoeTdVnEaB5J1gfDvzO49caZHEDzhJuR/RYSxCwSgayfNwxJGSa+LY9X615tjOHOQvcQtSgwLNfvXTGyQsi3iMTFKte66Top9ThYJJPq14meYpZWM65D1DYxpx7efzm6fkxCgDEibKVIxkrv6cyGmk9SQKTGdEcaSXvZn4n9fLMLzycxGnGfKYLRaFmSSYkFkAZCAUZygnhlCmhLmVsBFVlKGJqWJCcJdf/kvaZ7Z7Ydfvz2uNmyKOMhzBMZyCC5fQgDtoQgsYpPAEL/BqZdaz9Wa9L1pLVjFzCL9gfXwDMoSQfg==</latexit>

✓ = 0.5

7



• Can we flip sign of     by dropping some of 5,000 points? 
• Signal = size of change of interest: 
• Noise = estimate of the (scaled) asymptotic std dev: 

What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="+C1ZSs3oVH6o7oZL5VG7anjL/yc=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0WPRi8cK9gOaUDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3Q2ZACgUtFCihm2pgcSihE47vZn7nCbQRiXrESQpBzIZKRIIztJLvjxjmPo4A2bRfrbl1dw66SryC1EiBZr/65Q8SnsWgkEtmTM9zUwxyplFwCdOKnxlIGR+zIfQsVSwGE+Tzm6f0zCoDGiXalkI6V39P5Cw2ZhKHtjNmODLL3kz8z+tlGN0EuVBphqD4YlGUSYoJnQVAB0IDRzmxhHEt7K2Uj5hmHG1MFRuCt/zyKmlf1L2ruvtwWWvcFnGUyQk5JefEI9ekQe5Jk7QIJyl5Jq/kzcmcF+fd+Vi0lpxi5pj8gfP5A3vmkfk=</latexit>

✓̂
<latexit sha1_base64="VVZz8UGhcIdtVkgq54lS2J8lzAM=">AAACEnicbVDLSgMxFM3UV62vUZdugkXQTZkRRZdFNy4r2Ad0hpJJM21oJglJRizDfIMbf8WNC0XcunLn35i2s9DWAxcO59zLvfdEklFtPO/bKS0tr6yuldcrG5tb2zvu7l5Li1Rh0sSCCdWJkCaMctI01DDSkYqgJGKkHY2uJ377nihNBb8zY0nCBA04jSlGxko99yRAUirxAINYIZwFmg4S1AuI1JQJnmewUDp5z616NW8KuEj8glRBgUbP/Qr6AqcJ4QYzpHXX96QJM6QMxYzklSDVRCI8QgPStZSjhOgwm76UwyOr9GEslC1u4FT9PZGhROtxEtnOBJmhnvcm4n9eNzXxZZhRLlNDOJ4tilMGjYCTfGCfKoING1uCsKL2VoiHyGZjbIoVG4I///IiaZ3W/POad3tWrV8VcZTBATgEx8AHF6AObkADNAEGj+AZvII358l5cd6dj1lrySlm9sEfOJ8/lnWerQ==</latexit>

⇡ �✏

�X

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),
<latexit sha1_base64="wdWY9waH1ixpp0+zp6r0XUoKTq4=">AAACHXicbVDLSgMxFM34rPVVdekmWIQKpcyUii6LblxJBfuATh0yaaYNTTJDkhHLMD/ixl9x40IRF27EvzFtZ6GtBwKHc84l9x4/YlRp2/62lpZXVtfWcxv5za3tnd3C3n5LhbHEpIlDFsqOjxRhVJCmppqRTiQJ4j4jbX90OfHb90QqGopbPY5Ij6OBoAHFSBvJK9QePAFdpREeScISSvtp4irKU+hypIcYseQ6Ldllk6EDjrzOXfWk7BWKdsWeAi4SJyNFkKHhFT7dfohjToTGDCnVdexI9xIkNcWMpHk3ViQyK6AB6RoqECeql0yvS+GxUfowCKV5QsOp+nsiQVypMfdNcrKymvcm4n9eN9bBeS+hIoo1EXj2URAzqEM4qQr2qSRYs7EhCEtqdoV4iCTC2hSaNyU48ycvkla14pxW7JtasX6R1ZEDh+AIlIADzkAdXIEGaAIMHsEzeAVv1pP1Yr1bH7PokpXNHIA/sL5+ACt/oeU=</latexit>

xn
iid⇠ N (0,�2

X),

<latexit sha1_base64="UmrI20dHMbN3oXs7qY7JGKpOKvI=">AAACAnicbVA9SwNBEN3zM8avqJXYLAbBKtxJUBshqIWlglEhF8LcZpIs7n2wOyeES7Dxr9hYKGLrr7Dz37iJV2j0wcDjvRlm5gWJkoZc99OZmp6ZnZsvLBQXl5ZXVktr61cmTrXAuohVrG8CMKhkhHWSpPAm0QhhoPA6uD0Z+dd3qI2Mo0vqJ9gMoRvJjhRAVmqVNv1TVAT8iA+43wPKfOohwZAPWqWyW3HH4H+Jl5Myy3HeKn347VikIUYkFBjT8NyEmhlokkLhsOinBhMQt9DFhqURhGia2fiFId+xSpt3Ym0rIj5Wf05kEBrTDwPbGQL1zKQ3Ev/zGil1DpuZjJKUMBLfizqp4hTzUR68LTUKUn1LQGhpb+WiBxoE2dSKNgRv8uW/5Gqv4u1XqhfVcu04j6PAttg222UeO2A1dsbOWZ0Jds8e2TN7cR6cJ+fVeftunXLymQ32C877Fyyulqw=</latexit>

� = |✓̂|

<latexit sha1_base64="GViEx7sE3HCi1I3volFnUoJ31iY=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgadkVo16EoBePEcwDskuYncwmQ2YfzPQKYclvePGgiFd/xpt/4yTZg0YLGoqqbrq7glQKjY7zZZVWVtfWN8qbla3tnd296v5BWyeZYrzFEpmobkA1lyLmLRQoeTdVnEaB5J1gfDvzO49caZHEDzhJuR/RYSxCwSgayfNwxJGSa+LY9X615tjOHOQvcQtSgwLNfvXTGyQsi3iMTFKte66Top9ThYJJPq14meYpZWM65D1DYxpx7efzm6fkxCgDEibKVIxkrv6cyGmk9SQKTGdEcaSXvZn4n9fLMLzycxGnGfKYLRaFmSSYkFkAZCAUZygnhlCmhLmVsBFVlKGJqWJCcJdf/kvaZ7Z7Ydfvz2uNmyKOMhzBMZyCC5fQgDtoQgsYpPAEL/BqZdaz9Wa9L1pLVjFzCL9gfXwDMoSQfg==</latexit>

✓ = 0.5

7



• Can we flip sign of     by dropping some of 5,000 points? 
• Signal = size of change of interest: 
• Noise = estimate of the (scaled) asymptotic std dev: 

What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="+C1ZSs3oVH6o7oZL5VG7anjL/yc=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0WPRi8cK9gOaUDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3Q2ZACgUtFCihm2pgcSihE47vZn7nCbQRiXrESQpBzIZKRIIztJLvjxjmPo4A2bRfrbl1dw66SryC1EiBZr/65Q8SnsWgkEtmTM9zUwxyplFwCdOKnxlIGR+zIfQsVSwGE+Tzm6f0zCoDGiXalkI6V39P5Cw2ZhKHtjNmODLL3kz8z+tlGN0EuVBphqD4YlGUSYoJnQVAB0IDRzmxhHEt7K2Uj5hmHG1MFRuCt/zyKmlf1L2ruvtwWWvcFnGUyQk5JefEI9ekQe5Jk7QIJyl5Jq/kzcmcF+fd+Vi0lpxi5pj8gfP5A3vmkfk=</latexit>

✓̂
<latexit sha1_base64="VVZz8UGhcIdtVkgq54lS2J8lzAM=">AAACEnicbVDLSgMxFM3UV62vUZdugkXQTZkRRZdFNy4r2Ad0hpJJM21oJglJRizDfIMbf8WNC0XcunLn35i2s9DWAxcO59zLvfdEklFtPO/bKS0tr6yuldcrG5tb2zvu7l5Li1Rh0sSCCdWJkCaMctI01DDSkYqgJGKkHY2uJ377nihNBb8zY0nCBA04jSlGxko99yRAUirxAINYIZwFmg4S1AuI1JQJnmewUDp5z616NW8KuEj8glRBgUbP/Qr6AqcJ4QYzpHXX96QJM6QMxYzklSDVRCI8QgPStZSjhOgwm76UwyOr9GEslC1u4FT9PZGhROtxEtnOBJmhnvcm4n9eNzXxZZhRLlNDOJ4tilMGjYCTfGCfKoING1uCsKL2VoiHyGZjbIoVG4I///IiaZ3W/POad3tWrV8VcZTBATgEx8AHF6AObkADNAEGj+AZvII358l5cd6dj1lrySlm9sEfOJ8/lnWerQ==</latexit>

⇡ �✏

�X

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),
<latexit sha1_base64="wdWY9waH1ixpp0+zp6r0XUoKTq4=">AAACHXicbVDLSgMxFM34rPVVdekmWIQKpcyUii6LblxJBfuATh0yaaYNTTJDkhHLMD/ixl9x40IRF27EvzFtZ6GtBwKHc84l9x4/YlRp2/62lpZXVtfWcxv5za3tnd3C3n5LhbHEpIlDFsqOjxRhVJCmppqRTiQJ4j4jbX90OfHb90QqGopbPY5Ij6OBoAHFSBvJK9QePAFdpREeScISSvtp4irKU+hypIcYseQ6Ldllk6EDjrzOXfWk7BWKdsWeAi4SJyNFkKHhFT7dfohjToTGDCnVdexI9xIkNcWMpHk3ViQyK6AB6RoqECeql0yvS+GxUfowCKV5QsOp+nsiQVypMfdNcrKymvcm4n9eN9bBeS+hIoo1EXj2URAzqEM4qQr2qSRYs7EhCEtqdoV4iCTC2hSaNyU48ycvkla14pxW7JtasX6R1ZEDh+AIlIADzkAdXIEGaAIMHsEzeAVv1pP1Yr1bH7PokpXNHIA/sL5+ACt/oeU=</latexit>

xn
iid⇠ N (0,�2

X),

<latexit sha1_base64="UmrI20dHMbN3oXs7qY7JGKpOKvI=">AAACAnicbVA9SwNBEN3zM8avqJXYLAbBKtxJUBshqIWlglEhF8LcZpIs7n2wOyeES7Dxr9hYKGLrr7Dz37iJV2j0wcDjvRlm5gWJkoZc99OZmp6ZnZsvLBQXl5ZXVktr61cmTrXAuohVrG8CMKhkhHWSpPAm0QhhoPA6uD0Z+dd3qI2Mo0vqJ9gMoRvJjhRAVmqVNv1TVAT8iA+43wPKfOohwZAPWqWyW3HH4H+Jl5Myy3HeKn347VikIUYkFBjT8NyEmhlokkLhsOinBhMQt9DFhqURhGia2fiFId+xSpt3Ym0rIj5Wf05kEBrTDwPbGQL1zKQ3Ev/zGil1DpuZjJKUMBLfizqp4hTzUR68LTUKUn1LQGhpb+WiBxoE2dSKNgRv8uW/5Gqv4u1XqhfVcu04j6PAttg222UeO2A1dsbOWZ0Jds8e2TN7cR6cJ+fVeftunXLymQ32C877Fyyulqw=</latexit>

� = |✓̂|

x
xx
xx
xx
xx
xx

x
x

xx

x

x

x

x
xx

small noise

<latexit sha1_base64="jqylwcxBagMhesCQ8VFOWEkScmo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHYNUY9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmhdl77JcqVdK1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOknjQU=</latexit>x

<latexit sha1_base64="+uQyNRflh6ZfpBt0Osl+e4sjuBk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5qRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ+6LqXVZrzVqlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8f6quNBg==</latexit>y

-100 100

<latexit sha1_base64="GViEx7sE3HCi1I3volFnUoJ31iY=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgadkVo16EoBePEcwDskuYncwmQ2YfzPQKYclvePGgiFd/xpt/4yTZg0YLGoqqbrq7glQKjY7zZZVWVtfWN8qbla3tnd296v5BWyeZYrzFEpmobkA1lyLmLRQoeTdVnEaB5J1gfDvzO49caZHEDzhJuR/RYSxCwSgayfNwxJGSa+LY9X615tjOHOQvcQtSgwLNfvXTGyQsi3iMTFKte66Top9ThYJJPq14meYpZWM65D1DYxpx7efzm6fkxCgDEibKVIxkrv6cyGmk9SQKTGdEcaSXvZn4n9fLMLzycxGnGfKYLRaFmSSYkFkAZCAUZygnhlCmhLmVsBFVlKGJqWJCcJdf/kvaZ7Z7Ydfvz2uNmyKOMhzBMZyCC5fQgDtoQgsYpPAEL/BqZdaz9Wa9L1pLVjFzCL9gfXwDMoSQfg==</latexit>

✓ = 0.5

7



• Can we flip sign of     by dropping some of 5,000 points? 
• Signal = size of change of interest: 
• Noise = estimate of the (scaled) asymptotic std dev: 

What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="+C1ZSs3oVH6o7oZL5VG7anjL/yc=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0WPRi8cK9gOaUDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3Q2ZACgUtFCihm2pgcSihE47vZn7nCbQRiXrESQpBzIZKRIIztJLvjxjmPo4A2bRfrbl1dw66SryC1EiBZr/65Q8SnsWgkEtmTM9zUwxyplFwCdOKnxlIGR+zIfQsVSwGE+Tzm6f0zCoDGiXalkI6V39P5Cw2ZhKHtjNmODLL3kz8z+tlGN0EuVBphqD4YlGUSYoJnQVAB0IDRzmxhHEt7K2Uj5hmHG1MFRuCt/zyKmlf1L2ruvtwWWvcFnGUyQk5JefEI9ekQe5Jk7QIJyl5Jq/kzcmcF+fd+Vi0lpxi5pj8gfP5A3vmkfk=</latexit>

✓̂
<latexit sha1_base64="VVZz8UGhcIdtVkgq54lS2J8lzAM=">AAACEnicbVDLSgMxFM3UV62vUZdugkXQTZkRRZdFNy4r2Ad0hpJJM21oJglJRizDfIMbf8WNC0XcunLn35i2s9DWAxcO59zLvfdEklFtPO/bKS0tr6yuldcrG5tb2zvu7l5Li1Rh0sSCCdWJkCaMctI01DDSkYqgJGKkHY2uJ377nihNBb8zY0nCBA04jSlGxko99yRAUirxAINYIZwFmg4S1AuI1JQJnmewUDp5z616NW8KuEj8glRBgUbP/Qr6AqcJ4QYzpHXX96QJM6QMxYzklSDVRCI8QgPStZSjhOgwm76UwyOr9GEslC1u4FT9PZGhROtxEtnOBJmhnvcm4n9eNzXxZZhRLlNDOJ4tilMGjYCTfGCfKoING1uCsKL2VoiHyGZjbIoVG4I///IiaZ3W/POad3tWrV8VcZTBATgEx8AHF6AObkADNAEGj+AZvII358l5cd6dj1lrySlm9sEfOJ8/lnWerQ==</latexit>

⇡ �✏

�X

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),
<latexit sha1_base64="wdWY9waH1ixpp0+zp6r0XUoKTq4=">AAACHXicbVDLSgMxFM34rPVVdekmWIQKpcyUii6LblxJBfuATh0yaaYNTTJDkhHLMD/ixl9x40IRF27EvzFtZ6GtBwKHc84l9x4/YlRp2/62lpZXVtfWcxv5za3tnd3C3n5LhbHEpIlDFsqOjxRhVJCmppqRTiQJ4j4jbX90OfHb90QqGopbPY5Ij6OBoAHFSBvJK9QePAFdpREeScISSvtp4irKU+hypIcYseQ6Ldllk6EDjrzOXfWk7BWKdsWeAi4SJyNFkKHhFT7dfohjToTGDCnVdexI9xIkNcWMpHk3ViQyK6AB6RoqECeql0yvS+GxUfowCKV5QsOp+nsiQVypMfdNcrKymvcm4n9eN9bBeS+hIoo1EXj2URAzqEM4qQr2qSRYs7EhCEtqdoV4iCTC2hSaNyU48ycvkla14pxW7JtasX6R1ZEDh+AIlIADzkAdXIEGaAIMHsEzeAVv1pP1Yr1bH7PokpXNHIA/sL5+ACt/oeU=</latexit>

xn
iid⇠ N (0,�2

X),

x
xx
xx
xx
xx
xx

x
x

xx

x

x

x

x
xx

small noise large noise

x

x
x

x

x
x

x
xx

x
x

xx xx
x
xxxx
xxx
x

x

<latexit sha1_base64="jqylwcxBagMhesCQ8VFOWEkScmo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHYNUY9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmhdl77JcqVdK1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOknjQU=</latexit>x

<latexit sha1_base64="+uQyNRflh6ZfpBt0Osl+e4sjuBk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5qRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ+6LqXVZrzVqlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8f6quNBg==</latexit>y

-100 100 -0.1 0.1
<latexit sha1_base64="jqylwcxBagMhesCQ8VFOWEkScmo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHYNUY9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmhdl77JcqVdK1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOknjQU=</latexit>x

<latexit sha1_base64="+uQyNRflh6ZfpBt0Osl+e4sjuBk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5qRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ+6LqXVZrzVqlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8f6quNBg==</latexit>y

<latexit sha1_base64="UmrI20dHMbN3oXs7qY7JGKpOKvI=">AAACAnicbVA9SwNBEN3zM8avqJXYLAbBKtxJUBshqIWlglEhF8LcZpIs7n2wOyeES7Dxr9hYKGLrr7Dz37iJV2j0wcDjvRlm5gWJkoZc99OZmp6ZnZsvLBQXl5ZXVktr61cmTrXAuohVrG8CMKhkhHWSpPAm0QhhoPA6uD0Z+dd3qI2Mo0vqJ9gMoRvJjhRAVmqVNv1TVAT8iA+43wPKfOohwZAPWqWyW3HH4H+Jl5Myy3HeKn347VikIUYkFBjT8NyEmhlokkLhsOinBhMQt9DFhqURhGia2fiFId+xSpt3Ym0rIj5Wf05kEBrTDwPbGQL1zKQ3Ev/zGil1DpuZjJKUMBLfizqp4hTzUR68LTUKUn1LQGhpb+WiBxoE2dSKNgRv8uW/5Gqv4u1XqhfVcu04j6PAttg222UeO2A1dsbOWZ0Jds8e2TN7cR6cJ+fVeftunXLymQ32C877Fyyulqw=</latexit>

� = |✓̂|

<latexit sha1_base64="GViEx7sE3HCi1I3volFnUoJ31iY=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgadkVo16EoBePEcwDskuYncwmQ2YfzPQKYclvePGgiFd/xpt/4yTZg0YLGoqqbrq7glQKjY7zZZVWVtfWN8qbla3tnd296v5BWyeZYrzFEpmobkA1lyLmLRQoeTdVnEaB5J1gfDvzO49caZHEDzhJuR/RYSxCwSgayfNwxJGSa+LY9X615tjOHOQvcQtSgwLNfvXTGyQsi3iMTFKte66Top9ThYJJPq14meYpZWM65D1DYxpx7efzm6fkxCgDEibKVIxkrv6cyGmk9SQKTGdEcaSXvZn4n9fLMLzycxGnGfKYLRaFmSSYkFkAZCAUZygnhlCmhLmVsBFVlKGJqWJCcJdf/kvaZ7Z7Ydfvz2uNmyKOMhzBMZyCC5fQgDtoQgsYpPAEL/BqZdaz9Wa9L1pLVjFzCL9gfXwDMoSQfg==</latexit>

✓ = 0.5

7



• Can we flip sign of     by dropping some of 5,000 points? 
• Signal = size of change of interest: 
• Noise = estimate of the (scaled) asymptotic std dev: 

What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="+C1ZSs3oVH6o7oZL5VG7anjL/yc=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0WPRi8cK9gOaUDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3Q2ZACgUtFCihm2pgcSihE47vZn7nCbQRiXrESQpBzIZKRIIztJLvjxjmPo4A2bRfrbl1dw66SryC1EiBZr/65Q8SnsWgkEtmTM9zUwxyplFwCdOKnxlIGR+zIfQsVSwGE+Tzm6f0zCoDGiXalkI6V39P5Cw2ZhKHtjNmODLL3kz8z+tlGN0EuVBphqD4YlGUSYoJnQVAB0IDRzmxhHEt7K2Uj5hmHG1MFRuCt/zyKmlf1L2ruvtwWWvcFnGUyQk5JefEI9ekQe5Jk7QIJyl5Jq/kzcmcF+fd+Vi0lpxi5pj8gfP5A3vmkfk=</latexit>

✓̂
<latexit sha1_base64="VVZz8UGhcIdtVkgq54lS2J8lzAM=">AAACEnicbVDLSgMxFM3UV62vUZdugkXQTZkRRZdFNy4r2Ad0hpJJM21oJglJRizDfIMbf8WNC0XcunLn35i2s9DWAxcO59zLvfdEklFtPO/bKS0tr6yuldcrG5tb2zvu7l5Li1Rh0sSCCdWJkCaMctI01DDSkYqgJGKkHY2uJ377nihNBb8zY0nCBA04jSlGxko99yRAUirxAINYIZwFmg4S1AuI1JQJnmewUDp5z616NW8KuEj8glRBgUbP/Qr6AqcJ4QYzpHXX96QJM6QMxYzklSDVRCI8QgPStZSjhOgwm76UwyOr9GEslC1u4FT9PZGhROtxEtnOBJmhnvcm4n9eNzXxZZhRLlNDOJ4tilMGjYCTfGCfKoING1uCsKL2VoiHyGZjbIoVG4I///IiaZ3W/POad3tWrV8VcZTBATgEx8AHF6AObkADNAEGj+AZvII358l5cd6dj1lrySlm9sEfOJ8/lnWerQ==</latexit>

⇡ �✏

�X

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),
<latexit sha1_base64="wdWY9waH1ixpp0+zp6r0XUoKTq4=">AAACHXicbVDLSgMxFM34rPVVdekmWIQKpcyUii6LblxJBfuATh0yaaYNTTJDkhHLMD/ixl9x40IRF27EvzFtZ6GtBwKHc84l9x4/YlRp2/62lpZXVtfWcxv5za3tnd3C3n5LhbHEpIlDFsqOjxRhVJCmppqRTiQJ4j4jbX90OfHb90QqGopbPY5Ij6OBoAHFSBvJK9QePAFdpREeScISSvtp4irKU+hypIcYseQ6Ldllk6EDjrzOXfWk7BWKdsWeAi4SJyNFkKHhFT7dfohjToTGDCnVdexI9xIkNcWMpHk3ViQyK6AB6RoqECeql0yvS+GxUfowCKV5QsOp+nsiQVypMfdNcrKymvcm4n9eN9bBeS+hIoo1EXj2URAzqEM4qQr2qSRYs7EhCEtqdoV4iCTC2hSaNyU48ycvkla14pxW7JtasX6R1ZEDh+AIlIADzkAdXIEGaAIMHsEzeAVv1pP1Yr1bH7PokpXNHIA/sL5+ACt/oeU=</latexit>

xn
iid⇠ N (0,�2

X),

<latexit sha1_base64="UmrI20dHMbN3oXs7qY7JGKpOKvI=">AAACAnicbVA9SwNBEN3zM8avqJXYLAbBKtxJUBshqIWlglEhF8LcZpIs7n2wOyeES7Dxr9hYKGLrr7Dz37iJV2j0wcDjvRlm5gWJkoZc99OZmp6ZnZsvLBQXl5ZXVktr61cmTrXAuohVrG8CMKhkhHWSpPAm0QhhoPA6uD0Z+dd3qI2Mo0vqJ9gMoRvJjhRAVmqVNv1TVAT8iA+43wPKfOohwZAPWqWyW3HH4H+Jl5Myy3HeKn347VikIUYkFBjT8NyEmhlokkLhsOinBhMQt9DFhqURhGia2fiFId+xSpt3Ym0rIj5Wf05kEBrTDwPbGQL1zKQ3Ev/zGil1DpuZjJKUMBLfizqp4hTzUR68LTUKUn1LQGhpb+WiBxoE2dSKNgRv8uW/5Gqv4u1XqhfVcu04j6PAttg222UeO2A1dsbOWZ0Jds8e2TN7cR6cJ+fVeftunXLymQ32C877Fyyulqw=</latexit>

� = |✓̂|

<latexit sha1_base64="GViEx7sE3HCi1I3volFnUoJ31iY=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgadkVo16EoBePEcwDskuYncwmQ2YfzPQKYclvePGgiFd/xpt/4yTZg0YLGoqqbrq7glQKjY7zZZVWVtfWN8qbla3tnd296v5BWyeZYrzFEpmobkA1lyLmLRQoeTdVnEaB5J1gfDvzO49caZHEDzhJuR/RYSxCwSgayfNwxJGSa+LY9X615tjOHOQvcQtSgwLNfvXTGyQsi3iMTFKte66Top9ThYJJPq14meYpZWM65D1DYxpx7efzm6fkxCgDEibKVIxkrv6cyGmk9SQKTGdEcaSXvZn4n9fLMLzycxGnGfKYLRaFmSSYkFkAZCAUZygnhlCmhLmVsBFVlKGJqWJCcJdf/kvaZ7Z7Ydfvz2uNmyKOMhzBMZyCC5fQgDtoQgsYpPAEL/BqZdaz9Wa9L1pLVjFzCL9gfXwDMoSQfg==</latexit>

✓ = 0.5

7



• Can we flip sign of     by dropping some of 5,000 points? 
• Signal = size of change of interest: 
• Noise = estimate of the (scaled) asymptotic std dev: 

What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="+C1ZSs3oVH6o7oZL5VG7anjL/yc=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0WPRi8cK9gOaUDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3Q2ZACgUtFCihm2pgcSihE47vZn7nCbQRiXrESQpBzIZKRIIztJLvjxjmPo4A2bRfrbl1dw66SryC1EiBZr/65Q8SnsWgkEtmTM9zUwxyplFwCdOKnxlIGR+zIfQsVSwGE+Tzm6f0zCoDGiXalkI6V39P5Cw2ZhKHtjNmODLL3kz8z+tlGN0EuVBphqD4YlGUSYoJnQVAB0IDRzmxhHEt7K2Uj5hmHG1MFRuCt/zyKmlf1L2ruvtwWWvcFnGUyQk5JefEI9ekQe5Jk7QIJyl5Jq/kzcmcF+fd+Vi0lpxi5pj8gfP5A3vmkfk=</latexit>

✓̂
<latexit sha1_base64="VVZz8UGhcIdtVkgq54lS2J8lzAM=">AAACEnicbVDLSgMxFM3UV62vUZdugkXQTZkRRZdFNy4r2Ad0hpJJM21oJglJRizDfIMbf8WNC0XcunLn35i2s9DWAxcO59zLvfdEklFtPO/bKS0tr6yuldcrG5tb2zvu7l5Li1Rh0sSCCdWJkCaMctI01DDSkYqgJGKkHY2uJ377nihNBb8zY0nCBA04jSlGxko99yRAUirxAINYIZwFmg4S1AuI1JQJnmewUDp5z616NW8KuEj8glRBgUbP/Qr6AqcJ4QYzpHXX96QJM6QMxYzklSDVRCI8QgPStZSjhOgwm76UwyOr9GEslC1u4FT9PZGhROtxEtnOBJmhnvcm4n9eNzXxZZhRLlNDOJ4tilMGjYCTfGCfKoING1uCsKL2VoiHyGZjbIoVG4I///IiaZ3W/POad3tWrV8VcZTBATgEx8AHF6AObkADNAEGj+AZvII358l5cd6dj1lrySlm9sEfOJ8/lnWerQ==</latexit>

⇡ �✏

�X

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),
<latexit sha1_base64="wdWY9waH1ixpp0+zp6r0XUoKTq4=">AAACHXicbVDLSgMxFM34rPVVdekmWIQKpcyUii6LblxJBfuATh0yaaYNTTJDkhHLMD/ixl9x40IRF27EvzFtZ6GtBwKHc84l9x4/YlRp2/62lpZXVtfWcxv5za3tnd3C3n5LhbHEpIlDFsqOjxRhVJCmppqRTiQJ4j4jbX90OfHb90QqGopbPY5Ij6OBoAHFSBvJK9QePAFdpREeScISSvtp4irKU+hypIcYseQ6Ldllk6EDjrzOXfWk7BWKdsWeAi4SJyNFkKHhFT7dfohjToTGDCnVdexI9xIkNcWMpHk3ViQyK6AB6RoqECeql0yvS+GxUfowCKV5QsOp+nsiQVypMfdNcrKymvcm4n9eN9bBeS+hIoo1EXj2URAzqEM4qQr2qSRYs7EhCEtqdoV4iCTC2hSaNyU48ycvkla14pxW7JtasX6R1ZEDh+AIlIADzkAdXIEGaAIMHsEzeAVv1pP1Yr1bH7PokpXNHIA/sL5+ACt/oeU=</latexit>

xn
iid⇠ N (0,�2

X),

<latexit sha1_base64="UmrI20dHMbN3oXs7qY7JGKpOKvI=">AAACAnicbVA9SwNBEN3zM8avqJXYLAbBKtxJUBshqIWlglEhF8LcZpIs7n2wOyeES7Dxr9hYKGLrr7Dz37iJV2j0wcDjvRlm5gWJkoZc99OZmp6ZnZsvLBQXl5ZXVktr61cmTrXAuohVrG8CMKhkhHWSpPAm0QhhoPA6uD0Z+dd3qI2Mo0vqJ9gMoRvJjhRAVmqVNv1TVAT8iA+43wPKfOohwZAPWqWyW3HH4H+Jl5Myy3HeKn347VikIUYkFBjT8NyEmhlokkLhsOinBhMQt9DFhqURhGia2fiFId+xSpt3Ym0rIj5Wf05kEBrTDwPbGQL1zKQ3Ev/zGil1DpuZjJKUMBLfizqp4hTzUR68LTUKUn1LQGhpb+WiBxoE2dSKNgRv8uW/5Gqv4u1XqhfVcu04j6PAttg222UeO2A1dsbOWZ0Jds8e2TN7cR6cJ+fVeftunXLymQ32C877Fyyulqw=</latexit>

� = |✓̂|

<latexit sha1_base64="vhyMJ0855tAaR6CstIAW+Zv4QJY=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKosegF48RTFxIljA7mU2GzGOdmRXCkp/w4kERr/6ON//GSbIHTSxoKKq66e6KU86M9f1vr7Syura+Ud6sbG3v7O5V9w/aRmWa0BZRXOkwxoZyJmnLMstpmGqKRczpQzy6mfoPT1QbpuS9Hac0EnggWcIItk4Ku4YNBO6FvWrNr/szoGUSFKQGBZq96le3r0gmqLSEY2M6gZ/aKMfaMsLppNLNDE0xGeEB7TgqsaAmymf3TtCJU/ooUdqVtGim/p7IsTBmLGLXKbAdmkVvKv7ndTKbXEU5k2lmqSTzRUnGkVVo+jzqM02J5WNHMNHM3YrIEGtMrIuo4kIIFl9eJu2zenBR9+/Oa43rIo4yHMExnEIAl9CAW2hCCwhweIZXePMevRfv3fuYt5a8YuYQ/sD7/AECQo/y</latexit>�X

<latexit sha1_base64="GViEx7sE3HCi1I3volFnUoJ31iY=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgadkVo16EoBePEcwDskuYncwmQ2YfzPQKYclvePGgiFd/xpt/4yTZg0YLGoqqbrq7glQKjY7zZZVWVtfWN8qbla3tnd296v5BWyeZYrzFEpmobkA1lyLmLRQoeTdVnEaB5J1gfDvzO49caZHEDzhJuR/RYSxCwSgayfNwxJGSa+LY9X615tjOHOQvcQtSgwLNfvXTGyQsi3iMTFKte66Top9ThYJJPq14meYpZWM65D1DYxpx7efzm6fkxCgDEibKVIxkrv6cyGmk9SQKTGdEcaSXvZn4n9fLMLzycxGnGfKYLRaFmSSYkFkAZCAUZygnhlCmhLmVsBFVlKGJqWJCcJdf/kvaZ7Z7Ydfvz2uNmyKOMhzBMZyCC5fQgDtoQgsYpPAEL/BqZdaz9Wa9L1pLVjFzCL9gfXwDMoSQfg==</latexit>

✓ = 0.5

x: approx dubious

% data dropped:

<latexit sha1_base64="eeuNFhleseo26E7FZtY1ckeRvBw=">AAAB+HicbVBNS8NAEJ3Ur1o/WvXoZbEInkoiih6LXjxWsB/QhLLZbtqlu5uwuxFq6C/x4kERr/4Ub/4bN20O2vpg4PHeDDPzwoQzbVz32ymtrW9sbpW3Kzu7e/vV2sFhR8epIrRNYh6rXog15UzStmGG016iKBYhp91wcpv73UeqNIvlg5kmNBB4JFnECDZWGtSqvmYjgQc+TTTjuVJ3G+4caJV4BalDgdag9uUPY5IKKg3hWOu+5yYmyLAyjHA6q/ippgkmEzyifUslFlQH2fzwGTq1yhBFsbIlDZqrvycyLLSeitB2CmzGetnLxf+8fmqi6yBjMkkNlWSxKEo5MjHKU0BDpigxfGoJJorZWxEZY4WJsVlVbAje8surpHPe8C4b7v1FvXlTxFGGYziBM/DgCppwBy1oA4EUnuEV3pwn58V5dz4WrSWnmDmCP3A+fwAlBZNn</latexit>�✏

x
x xx x x
x x x x xx x xx
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• Can we flip sign of     by dropping some of 5,000 points? 
• Signal = size of change of interest: 
• Noise = estimate of the (scaled) asymptotic std dev: 

What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="+C1ZSs3oVH6o7oZL5VG7anjL/yc=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0WPRi8cK9gOaUDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3Q2ZACgUtFCihm2pgcSihE47vZn7nCbQRiXrESQpBzIZKRIIztJLvjxjmPo4A2bRfrbl1dw66SryC1EiBZr/65Q8SnsWgkEtmTM9zUwxyplFwCdOKnxlIGR+zIfQsVSwGE+Tzm6f0zCoDGiXalkI6V39P5Cw2ZhKHtjNmODLL3kz8z+tlGN0EuVBphqD4YlGUSYoJnQVAB0IDRzmxhHEt7K2Uj5hmHG1MFRuCt/zyKmlf1L2ruvtwWWvcFnGUyQk5JefEI9ekQe5Jk7QIJyl5Jq/kzcmcF+fd+Vi0lpxi5pj8gfP5A3vmkfk=</latexit>

✓̂
<latexit sha1_base64="VVZz8UGhcIdtVkgq54lS2J8lzAM=">AAACEnicbVDLSgMxFM3UV62vUZdugkXQTZkRRZdFNy4r2Ad0hpJJM21oJglJRizDfIMbf8WNC0XcunLn35i2s9DWAxcO59zLvfdEklFtPO/bKS0tr6yuldcrG5tb2zvu7l5Li1Rh0sSCCdWJkCaMctI01DDSkYqgJGKkHY2uJ377nihNBb8zY0nCBA04jSlGxko99yRAUirxAINYIZwFmg4S1AuI1JQJnmewUDp5z616NW8KuEj8glRBgUbP/Qr6AqcJ4QYzpHXX96QJM6QMxYzklSDVRCI8QgPStZSjhOgwm76UwyOr9GEslC1u4FT9PZGhROtxEtnOBJmhnvcm4n9eNzXxZZhRLlNDOJ4tilMGjYCTfGCfKoING1uCsKL2VoiHyGZjbIoVG4I///IiaZ3W/POad3tWrV8VcZTBATgEx8AHF6AObkADNAEGj+AZvII358l5cd6dj1lrySlm9sEfOJ8/lnWerQ==</latexit>

⇡ �✏

�X

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),
<latexit sha1_base64="wdWY9waH1ixpp0+zp6r0XUoKTq4=">AAACHXicbVDLSgMxFM34rPVVdekmWIQKpcyUii6LblxJBfuATh0yaaYNTTJDkhHLMD/ixl9x40IRF27EvzFtZ6GtBwKHc84l9x4/YlRp2/62lpZXVtfWcxv5za3tnd3C3n5LhbHEpIlDFsqOjxRhVJCmppqRTiQJ4j4jbX90OfHb90QqGopbPY5Ij6OBoAHFSBvJK9QePAFdpREeScISSvtp4irKU+hypIcYseQ6Ldllk6EDjrzOXfWk7BWKdsWeAi4SJyNFkKHhFT7dfohjToTGDCnVdexI9xIkNcWMpHk3ViQyK6AB6RoqECeql0yvS+GxUfowCKV5QsOp+nsiQVypMfdNcrKymvcm4n9eN9bBeS+hIoo1EXj2URAzqEM4qQr2qSRYs7EhCEtqdoV4iCTC2hSaNyU48ycvkla14pxW7JtasX6R1ZEDh+AIlIADzkAdXIEGaAIMHsEzeAVv1pP1Yr1bH7PokpXNHIA/sL5+ACt/oeU=</latexit>

xn
iid⇠ N (0,�2

X),

<latexit sha1_base64="UmrI20dHMbN3oXs7qY7JGKpOKvI=">AAACAnicbVA9SwNBEN3zM8avqJXYLAbBKtxJUBshqIWlglEhF8LcZpIs7n2wOyeES7Dxr9hYKGLrr7Dz37iJV2j0wcDjvRlm5gWJkoZc99OZmp6ZnZsvLBQXl5ZXVktr61cmTrXAuohVrG8CMKhkhHWSpPAm0QhhoPA6uD0Z+dd3qI2Mo0vqJ9gMoRvJjhRAVmqVNv1TVAT8iA+43wPKfOohwZAPWqWyW3HH4H+Jl5Myy3HeKn347VikIUYkFBjT8NyEmhlokkLhsOinBhMQt9DFhqURhGia2fiFId+xSpt3Ym0rIj5Wf05kEBrTDwPbGQL1zKQ3Ev/zGil1DpuZjJKUMBLfizqp4hTzUR68LTUKUn1LQGhpb+WiBxoE2dSKNgRv8uW/5Gqv4u1XqhfVcu04j6PAttg222UeO2A1dsbOWZ0Jds8e2TN7cR6cJ+fVeftunXLymQ32C877Fyyulqw=</latexit>

� = |✓̂|

<latexit sha1_base64="vhyMJ0855tAaR6CstIAW+Zv4QJY=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKosegF48RTFxIljA7mU2GzGOdmRXCkp/w4kERr/6ON//GSbIHTSxoKKq66e6KU86M9f1vr7Syura+Ud6sbG3v7O5V9w/aRmWa0BZRXOkwxoZyJmnLMstpmGqKRczpQzy6mfoPT1QbpuS9Hac0EnggWcIItk4Ku4YNBO6FvWrNr/szoGUSFKQGBZq96le3r0gmqLSEY2M6gZ/aKMfaMsLppNLNDE0xGeEB7TgqsaAmymf3TtCJU/ooUdqVtGim/p7IsTBmLGLXKbAdmkVvKv7ndTKbXEU5k2lmqSTzRUnGkVVo+jzqM02J5WNHMNHM3YrIEGtMrIuo4kIIFl9eJu2zenBR9+/Oa43rIo4yHMExnEIAl9CAW2hCCwhweIZXePMevRfv3fuYt5a8YuYQ/sD7/AECQo/y</latexit>�X

<latexit sha1_base64="GViEx7sE3HCi1I3volFnUoJ31iY=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgadkVo16EoBePEcwDskuYncwmQ2YfzPQKYclvePGgiFd/xpt/4yTZg0YLGoqqbrq7glQKjY7zZZVWVtfWN8qbla3tnd296v5BWyeZYrzFEpmobkA1lyLmLRQoeTdVnEaB5J1gfDvzO49caZHEDzhJuR/RYSxCwSgayfNwxJGSa+LY9X615tjOHOQvcQtSgwLNfvXTGyQsi3iMTFKte66Top9ThYJJPq14meYpZWM65D1DYxpx7efzm6fkxCgDEibKVIxkrv6cyGmk9SQKTGdEcaSXvZn4n9fLMLzycxGnGfKYLRaFmSSYkFkAZCAUZygnhlCmhLmVsBFVlKGJqWJCcJdf/kvaZ7Z7Ydfvz2uNmyKOMhzBMZyCC5fQgDtoQgsYpPAEL/BqZdaz9Wa9L1pLVjFzCL9gfXwDMoSQfg==</latexit>

✓ = 0.5

x: approx dubious

% data dropped:

<latexit sha1_base64="eeuNFhleseo26E7FZtY1ckeRvBw=">AAAB+HicbVBNS8NAEJ3Ur1o/WvXoZbEInkoiih6LXjxWsB/QhLLZbtqlu5uwuxFq6C/x4kERr/4Ub/4bN20O2vpg4PHeDDPzwoQzbVz32ymtrW9sbpW3Kzu7e/vV2sFhR8epIrRNYh6rXog15UzStmGG016iKBYhp91wcpv73UeqNIvlg5kmNBB4JFnECDZWGtSqvmYjgQc+TTTjuVJ3G+4caJV4BalDgdag9uUPY5IKKg3hWOu+5yYmyLAyjHA6q/ippgkmEzyifUslFlQH2fzwGTq1yhBFsbIlDZqrvycyLLSeitB2CmzGetnLxf+8fmqi6yBjMkkNlWSxKEo5MjHKU0BDpigxfGoJJorZWxEZY4WJsVlVbAje8surpHPe8C4b7v1FvXlTxFGGYziBM/DgCppwBy1oA4EUnuEV3pwn58V5dz4WrSWnmDmCP3A+fwAlBZNn</latexit>�✏

x
x xx x x
x x x x xx x xx

7



• Can we flip sign of     by dropping some of 5,000 points? 
• Signal = size of change of interest: 
• Noise = estimate of the (scaled) asymptotic std dev: 

What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="+C1ZSs3oVH6o7oZL5VG7anjL/yc=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0WPRi8cK9gOaUDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3Q2ZACgUtFCihm2pgcSihE47vZn7nCbQRiXrESQpBzIZKRIIztJLvjxjmPo4A2bRfrbl1dw66SryC1EiBZr/65Q8SnsWgkEtmTM9zUwxyplFwCdOKnxlIGR+zIfQsVSwGE+Tzm6f0zCoDGiXalkI6V39P5Cw2ZhKHtjNmODLL3kz8z+tlGN0EuVBphqD4YlGUSYoJnQVAB0IDRzmxhHEt7K2Uj5hmHG1MFRuCt/zyKmlf1L2ruvtwWWvcFnGUyQk5JefEI9ekQe5Jk7QIJyl5Jq/kzcmcF+fd+Vi0lpxi5pj8gfP5A3vmkfk=</latexit>

✓̂
<latexit sha1_base64="VVZz8UGhcIdtVkgq54lS2J8lzAM=">AAACEnicbVDLSgMxFM3UV62vUZdugkXQTZkRRZdFNy4r2Ad0hpJJM21oJglJRizDfIMbf8WNC0XcunLn35i2s9DWAxcO59zLvfdEklFtPO/bKS0tr6yuldcrG5tb2zvu7l5Li1Rh0sSCCdWJkCaMctI01DDSkYqgJGKkHY2uJ377nihNBb8zY0nCBA04jSlGxko99yRAUirxAINYIZwFmg4S1AuI1JQJnmewUDp5z616NW8KuEj8glRBgUbP/Qr6AqcJ4QYzpHXX96QJM6QMxYzklSDVRCI8QgPStZSjhOgwm76UwyOr9GEslC1u4FT9PZGhROtxEtnOBJmhnvcm4n9eNzXxZZhRLlNDOJ4tilMGjYCTfGCfKoING1uCsKL2VoiHyGZjbIoVG4I///IiaZ3W/POad3tWrV8VcZTBATgEx8AHF6AObkADNAEGj+AZvII358l5cd6dj1lrySlm9sEfOJ8/lnWerQ==</latexit>

⇡ �✏

�X

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),
<latexit sha1_base64="wdWY9waH1ixpp0+zp6r0XUoKTq4=">AAACHXicbVDLSgMxFM34rPVVdekmWIQKpcyUii6LblxJBfuATh0yaaYNTTJDkhHLMD/ixl9x40IRF27EvzFtZ6GtBwKHc84l9x4/YlRp2/62lpZXVtfWcxv5za3tnd3C3n5LhbHEpIlDFsqOjxRhVJCmppqRTiQJ4j4jbX90OfHb90QqGopbPY5Ij6OBoAHFSBvJK9QePAFdpREeScISSvtp4irKU+hypIcYseQ6Ldllk6EDjrzOXfWk7BWKdsWeAi4SJyNFkKHhFT7dfohjToTGDCnVdexI9xIkNcWMpHk3ViQyK6AB6RoqECeql0yvS+GxUfowCKV5QsOp+nsiQVypMfdNcrKymvcm4n9eN9bBeS+hIoo1EXj2URAzqEM4qQr2qSRYs7EhCEtqdoV4iCTC2hSaNyU48ycvkla14pxW7JtasX6R1ZEDh+AIlIADzkAdXIEGaAIMHsEzeAVv1pP1Yr1bH7PokpXNHIA/sL5+ACt/oeU=</latexit>

xn
iid⇠ N (0,�2

X),

<latexit sha1_base64="UmrI20dHMbN3oXs7qY7JGKpOKvI=">AAACAnicbVA9SwNBEN3zM8avqJXYLAbBKtxJUBshqIWlglEhF8LcZpIs7n2wOyeES7Dxr9hYKGLrr7Dz37iJV2j0wcDjvRlm5gWJkoZc99OZmp6ZnZsvLBQXl5ZXVktr61cmTrXAuohVrG8CMKhkhHWSpPAm0QhhoPA6uD0Z+dd3qI2Mo0vqJ9gMoRvJjhRAVmqVNv1TVAT8iA+43wPKfOohwZAPWqWyW3HH4H+Jl5Myy3HeKn347VikIUYkFBjT8NyEmhlokkLhsOinBhMQt9DFhqURhGia2fiFId+xSpt3Ym0rIj5Wf05kEBrTDwPbGQL1zKQ3Ev/zGil1DpuZjJKUMBLfizqp4hTzUR68LTUKUn1LQGhpb+WiBxoE2dSKNgRv8uW/5Gqv4u1XqhfVcu04j6PAttg222UeO2A1dsbOWZ0Jds8e2TN7cR6cJ+fVeftunXLymQ32C877Fyyulqw=</latexit>

� = |✓̂|

<latexit sha1_base64="vhyMJ0855tAaR6CstIAW+Zv4QJY=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKosegF48RTFxIljA7mU2GzGOdmRXCkp/w4kERr/6ON//GSbIHTSxoKKq66e6KU86M9f1vr7Syura+Ud6sbG3v7O5V9w/aRmWa0BZRXOkwxoZyJmnLMstpmGqKRczpQzy6mfoPT1QbpuS9Hac0EnggWcIItk4Ku4YNBO6FvWrNr/szoGUSFKQGBZq96le3r0gmqLSEY2M6gZ/aKMfaMsLppNLNDE0xGeEB7TgqsaAmymf3TtCJU/ooUdqVtGim/p7IsTBmLGLXKbAdmkVvKv7ndTKbXEU5k2lmqSTzRUnGkVVo+jzqM02J5WNHMNHM3YrIEGtMrIuo4kIIFl9eJu2zenBR9+/Oa43rIo4yHMExnEIAl9CAW2hCCwhweIZXePMevRfv3fuYt5a8YuYQ/sD7/AECQo/y</latexit>�X

<latexit sha1_base64="GViEx7sE3HCi1I3volFnUoJ31iY=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgadkVo16EoBePEcwDskuYncwmQ2YfzPQKYclvePGgiFd/xpt/4yTZg0YLGoqqbrq7glQKjY7zZZVWVtfWN8qbla3tnd296v5BWyeZYrzFEpmobkA1lyLmLRQoeTdVnEaB5J1gfDvzO49caZHEDzhJuR/RYSxCwSgayfNwxJGSa+LY9X615tjOHOQvcQtSgwLNfvXTGyQsi3iMTFKte66Top9ThYJJPq14meYpZWM65D1DYxpx7efzm6fkxCgDEibKVIxkrv6cyGmk9SQKTGdEcaSXvZn4n9fLMLzycxGnGfKYLRaFmSSYkFkAZCAUZygnhlCmhLmVsBFVlKGJqWJCcJdf/kvaZ7Z7Ydfvz2uNmyKOMhzBMZyCC5fQgDtoQgsYpPAEL/BqZdaz9Wa9L1pLVjFzCL9gfXwDMoSQfg==</latexit>

✓ = 0.5

x: approx dubious

% data dropped:

<latexit sha1_base64="eeuNFhleseo26E7FZtY1ckeRvBw=">AAAB+HicbVBNS8NAEJ3Ur1o/WvXoZbEInkoiih6LXjxWsB/QhLLZbtqlu5uwuxFq6C/x4kERr/4Ub/4bN20O2vpg4PHeDDPzwoQzbVz32ymtrW9sbpW3Kzu7e/vV2sFhR8epIrRNYh6rXog15UzStmGG016iKBYhp91wcpv73UeqNIvlg5kmNBB4JFnECDZWGtSqvmYjgQc+TTTjuVJ3G+4caJV4BalDgdag9uUPY5IKKg3hWOu+5yYmyLAyjHA6q/ippgkmEzyifUslFlQH2fzwGTq1yhBFsbIlDZqrvycyLLSeitB2CmzGetnLxf+8fmqi6yBjMkkNlWSxKEo5MjHKU0BDpigxfGoJJorZWxEZY4WJsVlVbAje8surpHPe8C4b7v1FvXlTxFGGYziBM/DgCppwBy1oA4EUnuEV3pwn58V5dz4WrSWnmDmCP3A+fwAlBZNn</latexit>�✏

x
x xx x x
x x x x xx x xx
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• Can we flip sign of     by dropping some of 5,000 points? 
• Signal = size of change of interest: 
• Noise = estimate of the (scaled) asymptotic std dev: 

What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="+C1ZSs3oVH6o7oZL5VG7anjL/yc=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0WPRi8cK9gOaUDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3Q2ZACgUtFCihm2pgcSihE47vZn7nCbQRiXrESQpBzIZKRIIztJLvjxjmPo4A2bRfrbl1dw66SryC1EiBZr/65Q8SnsWgkEtmTM9zUwxyplFwCdOKnxlIGR+zIfQsVSwGE+Tzm6f0zCoDGiXalkI6V39P5Cw2ZhKHtjNmODLL3kz8z+tlGN0EuVBphqD4YlGUSYoJnQVAB0IDRzmxhHEt7K2Uj5hmHG1MFRuCt/zyKmlf1L2ruvtwWWvcFnGUyQk5JefEI9ekQe5Jk7QIJyl5Jq/kzcmcF+fd+Vi0lpxi5pj8gfP5A3vmkfk=</latexit>

✓̂
<latexit sha1_base64="VVZz8UGhcIdtVkgq54lS2J8lzAM=">AAACEnicbVDLSgMxFM3UV62vUZdugkXQTZkRRZdFNy4r2Ad0hpJJM21oJglJRizDfIMbf8WNC0XcunLn35i2s9DWAxcO59zLvfdEklFtPO/bKS0tr6yuldcrG5tb2zvu7l5Li1Rh0sSCCdWJkCaMctI01DDSkYqgJGKkHY2uJ377nihNBb8zY0nCBA04jSlGxko99yRAUirxAINYIZwFmg4S1AuI1JQJnmewUDp5z616NW8KuEj8glRBgUbP/Qr6AqcJ4QYzpHXX96QJM6QMxYzklSDVRCI8QgPStZSjhOgwm76UwyOr9GEslC1u4FT9PZGhROtxEtnOBJmhnvcm4n9eNzXxZZhRLlNDOJ4tilMGjYCTfGCfKoING1uCsKL2VoiHyGZjbIoVG4I///IiaZ3W/POad3tWrV8VcZTBATgEx8AHF6AObkADNAEGj+AZvII358l5cd6dj1lrySlm9sEfOJ8/lnWerQ==</latexit>

⇡ �✏

�X

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),
<latexit sha1_base64="wdWY9waH1ixpp0+zp6r0XUoKTq4=">AAACHXicbVDLSgMxFM34rPVVdekmWIQKpcyUii6LblxJBfuATh0yaaYNTTJDkhHLMD/ixl9x40IRF27EvzFtZ6GtBwKHc84l9x4/YlRp2/62lpZXVtfWcxv5za3tnd3C3n5LhbHEpIlDFsqOjxRhVJCmppqRTiQJ4j4jbX90OfHb90QqGopbPY5Ij6OBoAHFSBvJK9QePAFdpREeScISSvtp4irKU+hypIcYseQ6Ldllk6EDjrzOXfWk7BWKdsWeAi4SJyNFkKHhFT7dfohjToTGDCnVdexI9xIkNcWMpHk3ViQyK6AB6RoqECeql0yvS+GxUfowCKV5QsOp+nsiQVypMfdNcrKymvcm4n9eN9bBeS+hIoo1EXj2URAzqEM4qQr2qSRYs7EhCEtqdoV4iCTC2hSaNyU48ycvkla14pxW7JtasX6R1ZEDh+AIlIADzkAdXIEGaAIMHsEzeAVv1pP1Yr1bH7PokpXNHIA/sL5+ACt/oeU=</latexit>

xn
iid⇠ N (0,�2

X),

<latexit sha1_base64="UmrI20dHMbN3oXs7qY7JGKpOKvI=">AAACAnicbVA9SwNBEN3zM8avqJXYLAbBKtxJUBshqIWlglEhF8LcZpIs7n2wOyeES7Dxr9hYKGLrr7Dz37iJV2j0wcDjvRlm5gWJkoZc99OZmp6ZnZsvLBQXl5ZXVktr61cmTrXAuohVrG8CMKhkhHWSpPAm0QhhoPA6uD0Z+dd3qI2Mo0vqJ9gMoRvJjhRAVmqVNv1TVAT8iA+43wPKfOohwZAPWqWyW3HH4H+Jl5Myy3HeKn347VikIUYkFBjT8NyEmhlokkLhsOinBhMQt9DFhqURhGia2fiFId+xSpt3Ym0rIj5Wf05kEBrTDwPbGQL1zKQ3Ev/zGil1DpuZjJKUMBLfizqp4hTzUR68LTUKUn1LQGhpb+WiBxoE2dSKNgRv8uW/5Gqv4u1XqhfVcu04j6PAttg222UeO2A1dsbOWZ0Jds8e2TN7cR6cJ+fVeftunXLymQ32C877Fyyulqw=</latexit>

� = |✓̂|

<latexit sha1_base64="vhyMJ0855tAaR6CstIAW+Zv4QJY=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKosegF48RTFxIljA7mU2GzGOdmRXCkp/w4kERr/6ON//GSbIHTSxoKKq66e6KU86M9f1vr7Syura+Ud6sbG3v7O5V9w/aRmWa0BZRXOkwxoZyJmnLMstpmGqKRczpQzy6mfoPT1QbpuS9Hac0EnggWcIItk4Ku4YNBO6FvWrNr/szoGUSFKQGBZq96le3r0gmqLSEY2M6gZ/aKMfaMsLppNLNDE0xGeEB7TgqsaAmymf3TtCJU/ooUdqVtGim/p7IsTBmLGLXKbAdmkVvKv7ndTKbXEU5k2lmqSTzRUnGkVVo+jzqM02J5WNHMNHM3YrIEGtMrIuo4kIIFl9eJu2zenBR9+/Oa43rIo4yHMExnEIAl9CAW2hCCwhweIZXePMevRfv3fuYt5a8YuYQ/sD7/AECQo/y</latexit>�X

<latexit sha1_base64="GViEx7sE3HCi1I3volFnUoJ31iY=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgadkVo16EoBePEcwDskuYncwmQ2YfzPQKYclvePGgiFd/xpt/4yTZg0YLGoqqbrq7glQKjY7zZZVWVtfWN8qbla3tnd296v5BWyeZYrzFEpmobkA1lyLmLRQoeTdVnEaB5J1gfDvzO49caZHEDzhJuR/RYSxCwSgayfNwxJGSa+LY9X615tjOHOQvcQtSgwLNfvXTGyQsi3iMTFKte66Top9ThYJJPq14meYpZWM65D1DYxpx7efzm6fkxCgDEibKVIxkrv6cyGmk9SQKTGdEcaSXvZn4n9fLMLzycxGnGfKYLRaFmSSYkFkAZCAUZygnhlCmhLmVsBFVlKGJqWJCcJdf/kvaZ7Z7Ydfvz2uNmyKOMhzBMZyCC5fQgDtoQgsYpPAEL/BqZdaz9Wa9L1pLVjFzCL9gfXwDMoSQfg==</latexit>

✓ = 0.5

x: approx dubious

% data dropped:

<latexit sha1_base64="eeuNFhleseo26E7FZtY1ckeRvBw=">AAAB+HicbVBNS8NAEJ3Ur1o/WvXoZbEInkoiih6LXjxWsB/QhLLZbtqlu5uwuxFq6C/x4kERr/4Ub/4bN20O2vpg4PHeDDPzwoQzbVz32ymtrW9sbpW3Kzu7e/vV2sFhR8epIrRNYh6rXog15UzStmGG016iKBYhp91wcpv73UeqNIvlg5kmNBB4JFnECDZWGtSqvmYjgQc+TTTjuVJ3G+4caJV4BalDgdag9uUPY5IKKg3hWOu+5yYmyLAyjHA6q/ippgkmEzyifUslFlQH2fzwGTq1yhBFsbIlDZqrvycyLLSeitB2CmzGetnLxf+8fmqi6yBjMkkNlWSxKEo5MjHKU0BDpigxfGoJJorZWxEZY4WJsVlVbAje8surpHPe8C4b7v1FvXlTxFGGYziBM/DgCppwBy1oA4EUnuEV3pwn58V5dz4WrSWnmDmCP3A+fwAlBZNn</latexit>�✏

x
x xx x x
x x x x xx x xx
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• Can we flip sign of     by dropping some of 5,000 points? 
• Signal = size of change of interest: 
• Noise = estimate of the (scaled) asymptotic std dev: 

What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="+C1ZSs3oVH6o7oZL5VG7anjL/yc=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0WPRi8cK9gOaUDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3Q2ZACgUtFCihm2pgcSihE47vZn7nCbQRiXrESQpBzIZKRIIztJLvjxjmPo4A2bRfrbl1dw66SryC1EiBZr/65Q8SnsWgkEtmTM9zUwxyplFwCdOKnxlIGR+zIfQsVSwGE+Tzm6f0zCoDGiXalkI6V39P5Cw2ZhKHtjNmODLL3kz8z+tlGN0EuVBphqD4YlGUSYoJnQVAB0IDRzmxhHEt7K2Uj5hmHG1MFRuCt/zyKmlf1L2ruvtwWWvcFnGUyQk5JefEI9ekQe5Jk7QIJyl5Jq/kzcmcF+fd+Vi0lpxi5pj8gfP5A3vmkfk=</latexit>

✓̂
<latexit sha1_base64="VVZz8UGhcIdtVkgq54lS2J8lzAM=">AAACEnicbVDLSgMxFM3UV62vUZdugkXQTZkRRZdFNy4r2Ad0hpJJM21oJglJRizDfIMbf8WNC0XcunLn35i2s9DWAxcO59zLvfdEklFtPO/bKS0tr6yuldcrG5tb2zvu7l5Li1Rh0sSCCdWJkCaMctI01DDSkYqgJGKkHY2uJ377nihNBb8zY0nCBA04jSlGxko99yRAUirxAINYIZwFmg4S1AuI1JQJnmewUDp5z616NW8KuEj8glRBgUbP/Qr6AqcJ4QYzpHXX96QJM6QMxYzklSDVRCI8QgPStZSjhOgwm76UwyOr9GEslC1u4FT9PZGhROtxEtnOBJmhnvcm4n9eNzXxZZhRLlNDOJ4tilMGjYCTfGCfKoING1uCsKL2VoiHyGZjbIoVG4I///IiaZ3W/POad3tWrV8VcZTBATgEx8AHF6AObkADNAEGj+AZvII358l5cd6dj1lrySlm9sEfOJ8/lnWerQ==</latexit>

⇡ �✏

�X

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),
<latexit sha1_base64="wdWY9waH1ixpp0+zp6r0XUoKTq4=">AAACHXicbVDLSgMxFM34rPVVdekmWIQKpcyUii6LblxJBfuATh0yaaYNTTJDkhHLMD/ixl9x40IRF27EvzFtZ6GtBwKHc84l9x4/YlRp2/62lpZXVtfWcxv5za3tnd3C3n5LhbHEpIlDFsqOjxRhVJCmppqRTiQJ4j4jbX90OfHb90QqGopbPY5Ij6OBoAHFSBvJK9QePAFdpREeScISSvtp4irKU+hypIcYseQ6Ldllk6EDjrzOXfWk7BWKdsWeAi4SJyNFkKHhFT7dfohjToTGDCnVdexI9xIkNcWMpHk3ViQyK6AB6RoqECeql0yvS+GxUfowCKV5QsOp+nsiQVypMfdNcrKymvcm4n9eN9bBeS+hIoo1EXj2URAzqEM4qQr2qSRYs7EhCEtqdoV4iCTC2hSaNyU48ycvkla14pxW7JtasX6R1ZEDh+AIlIADzkAdXIEGaAIMHsEzeAVv1pP1Yr1bH7PokpXNHIA/sL5+ACt/oeU=</latexit>

xn
iid⇠ N (0,�2

X),

<latexit sha1_base64="UmrI20dHMbN3oXs7qY7JGKpOKvI=">AAACAnicbVA9SwNBEN3zM8avqJXYLAbBKtxJUBshqIWlglEhF8LcZpIs7n2wOyeES7Dxr9hYKGLrr7Dz37iJV2j0wcDjvRlm5gWJkoZc99OZmp6ZnZsvLBQXl5ZXVktr61cmTrXAuohVrG8CMKhkhHWSpPAm0QhhoPA6uD0Z+dd3qI2Mo0vqJ9gMoRvJjhRAVmqVNv1TVAT8iA+43wPKfOohwZAPWqWyW3HH4H+Jl5Myy3HeKn347VikIUYkFBjT8NyEmhlokkLhsOinBhMQt9DFhqURhGia2fiFId+xSpt3Ym0rIj5Wf05kEBrTDwPbGQL1zKQ3Ev/zGil1DpuZjJKUMBLfizqp4hTzUR68LTUKUn1LQGhpb+WiBxoE2dSKNgRv8uW/5Gqv4u1XqhfVcu04j6PAttg222UeO2A1dsbOWZ0Jds8e2TN7cR6cJ+fVeftunXLymQ32C877Fyyulqw=</latexit>

� = |✓̂|

<latexit sha1_base64="vhyMJ0855tAaR6CstIAW+Zv4QJY=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKosegF48RTFxIljA7mU2GzGOdmRXCkp/w4kERr/6ON//GSbIHTSxoKKq66e6KU86M9f1vr7Syura+Ud6sbG3v7O5V9w/aRmWa0BZRXOkwxoZyJmnLMstpmGqKRczpQzy6mfoPT1QbpuS9Hac0EnggWcIItk4Ku4YNBO6FvWrNr/szoGUSFKQGBZq96le3r0gmqLSEY2M6gZ/aKMfaMsLppNLNDE0xGeEB7TgqsaAmymf3TtCJU/ooUdqVtGim/p7IsTBmLGLXKbAdmkVvKv7ndTKbXEU5k2lmqSTzRUnGkVVo+jzqM02J5WNHMNHM3YrIEGtMrIuo4kIIFl9eJu2zenBR9+/Oa43rIo4yHMExnEIAl9CAW2hCCwhweIZXePMevRfv3fuYt5a8YuYQ/sD7/AECQo/y</latexit>�X

<latexit sha1_base64="GViEx7sE3HCi1I3volFnUoJ31iY=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgadkVo16EoBePEcwDskuYncwmQ2YfzPQKYclvePGgiFd/xpt/4yTZg0YLGoqqbrq7glQKjY7zZZVWVtfWN8qbla3tnd296v5BWyeZYrzFEpmobkA1lyLmLRQoeTdVnEaB5J1gfDvzO49caZHEDzhJuR/RYSxCwSgayfNwxJGSa+LY9X615tjOHOQvcQtSgwLNfvXTGyQsi3iMTFKte66Top9ThYJJPq14meYpZWM65D1DYxpx7efzm6fkxCgDEibKVIxkrv6cyGmk9SQKTGdEcaSXvZn4n9fLMLzycxGnGfKYLRaFmSSYkFkAZCAUZygnhlCmhLmVsBFVlKGJqWJCcJdf/kvaZ7Z7Ydfvz2uNmyKOMhzBMZyCC5fQgDtoQgsYpPAEL/BqZdaz9Wa9L1pLVjFzCL9gfXwDMoSQfg==</latexit>

✓ = 0.5

x: approx dubious

% data dropped:

<latexit sha1_base64="eeuNFhleseo26E7FZtY1ckeRvBw=">AAAB+HicbVBNS8NAEJ3Ur1o/WvXoZbEInkoiih6LXjxWsB/QhLLZbtqlu5uwuxFq6C/x4kERr/4Ub/4bN20O2vpg4PHeDDPzwoQzbVz32ymtrW9sbpW3Kzu7e/vV2sFhR8epIrRNYh6rXog15UzStmGG016iKBYhp91wcpv73UeqNIvlg5kmNBB4JFnECDZWGtSqvmYjgQc+TTTjuVJ3G+4caJV4BalDgdag9uUPY5IKKg3hWOu+5yYmyLAyjHA6q/ippgkmEzyifUslFlQH2fzwGTq1yhBFsbIlDZqrvycyLLSeitB2CmzGetnLxf+8fmqi6yBjMkkNlWSxKEo5MjHKU0BDpigxfGoJJorZWxEZY4WJsVlVbAje8surpHPe8C4b7v1FvXlTxFGGYziBM/DgCppwBy1oA4EUnuEV3pwn58V5dz4WrSWnmDmCP3A+fwAlBZNn</latexit>�✏

x
x xx x x
x x x x xx x xx
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• Can we flip sign of     by dropping some of 5,000 points? 
• Signal = size of change of interest: 
• Noise = estimate of the (scaled) asymptotic std dev: 

What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="+C1ZSs3oVH6o7oZL5VG7anjL/yc=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0WPRi8cK9gOaUDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3Q2ZACgUtFCihm2pgcSihE47vZn7nCbQRiXrESQpBzIZKRIIztJLvjxjmPo4A2bRfrbl1dw66SryC1EiBZr/65Q8SnsWgkEtmTM9zUwxyplFwCdOKnxlIGR+zIfQsVSwGE+Tzm6f0zCoDGiXalkI6V39P5Cw2ZhKHtjNmODLL3kz8z+tlGN0EuVBphqD4YlGUSYoJnQVAB0IDRzmxhHEt7K2Uj5hmHG1MFRuCt/zyKmlf1L2ruvtwWWvcFnGUyQk5JefEI9ekQe5Jk7QIJyl5Jq/kzcmcF+fd+Vi0lpxi5pj8gfP5A3vmkfk=</latexit>

✓̂
<latexit sha1_base64="VVZz8UGhcIdtVkgq54lS2J8lzAM=">AAACEnicbVDLSgMxFM3UV62vUZdugkXQTZkRRZdFNy4r2Ad0hpJJM21oJglJRizDfIMbf8WNC0XcunLn35i2s9DWAxcO59zLvfdEklFtPO/bKS0tr6yuldcrG5tb2zvu7l5Li1Rh0sSCCdWJkCaMctI01DDSkYqgJGKkHY2uJ377nihNBb8zY0nCBA04jSlGxko99yRAUirxAINYIZwFmg4S1AuI1JQJnmewUDp5z616NW8KuEj8glRBgUbP/Qr6AqcJ4QYzpHXX96QJM6QMxYzklSDVRCI8QgPStZSjhOgwm76UwyOr9GEslC1u4FT9PZGhROtxEtnOBJmhnvcm4n9eNzXxZZhRLlNDOJ4tilMGjYCTfGCfKoING1uCsKL2VoiHyGZjbIoVG4I///IiaZ3W/POad3tWrV8VcZTBATgEx8AHF6AObkADNAEGj+AZvII358l5cd6dj1lrySlm9sEfOJ8/lnWerQ==</latexit>

⇡ �✏

�X

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),
<latexit sha1_base64="wdWY9waH1ixpp0+zp6r0XUoKTq4=">AAACHXicbVDLSgMxFM34rPVVdekmWIQKpcyUii6LblxJBfuATh0yaaYNTTJDkhHLMD/ixl9x40IRF27EvzFtZ6GtBwKHc84l9x4/YlRp2/62lpZXVtfWcxv5za3tnd3C3n5LhbHEpIlDFsqOjxRhVJCmppqRTiQJ4j4jbX90OfHb90QqGopbPY5Ij6OBoAHFSBvJK9QePAFdpREeScISSvtp4irKU+hypIcYseQ6Ldllk6EDjrzOXfWk7BWKdsWeAi4SJyNFkKHhFT7dfohjToTGDCnVdexI9xIkNcWMpHk3ViQyK6AB6RoqECeql0yvS+GxUfowCKV5QsOp+nsiQVypMfdNcrKymvcm4n9eN9bBeS+hIoo1EXj2URAzqEM4qQr2qSRYs7EhCEtqdoV4iCTC2hSaNyU48ycvkla14pxW7JtasX6R1ZEDh+AIlIADzkAdXIEGaAIMHsEzeAVv1pP1Yr1bH7PokpXNHIA/sL5+ACt/oeU=</latexit>

xn
iid⇠ N (0,�2

X),

<latexit sha1_base64="UmrI20dHMbN3oXs7qY7JGKpOKvI=">AAACAnicbVA9SwNBEN3zM8avqJXYLAbBKtxJUBshqIWlglEhF8LcZpIs7n2wOyeES7Dxr9hYKGLrr7Dz37iJV2j0wcDjvRlm5gWJkoZc99OZmp6ZnZsvLBQXl5ZXVktr61cmTrXAuohVrG8CMKhkhHWSpPAm0QhhoPA6uD0Z+dd3qI2Mo0vqJ9gMoRvJjhRAVmqVNv1TVAT8iA+43wPKfOohwZAPWqWyW3HH4H+Jl5Myy3HeKn347VikIUYkFBjT8NyEmhlokkLhsOinBhMQt9DFhqURhGia2fiFId+xSpt3Ym0rIj5Wf05kEBrTDwPbGQL1zKQ3Ev/zGil1DpuZjJKUMBLfizqp4hTzUR68LTUKUn1LQGhpb+WiBxoE2dSKNgRv8uW/5Gqv4u1XqhfVcu04j6PAttg222UeO2A1dsbOWZ0Jds8e2TN7cR6cJ+fVeftunXLymQ32C877Fyyulqw=</latexit>

� = |✓̂|

<latexit sha1_base64="vhyMJ0855tAaR6CstIAW+Zv4QJY=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKosegF48RTFxIljA7mU2GzGOdmRXCkp/w4kERr/6ON//GSbIHTSxoKKq66e6KU86M9f1vr7Syura+Ud6sbG3v7O5V9w/aRmWa0BZRXOkwxoZyJmnLMstpmGqKRczpQzy6mfoPT1QbpuS9Hac0EnggWcIItk4Ku4YNBO6FvWrNr/szoGUSFKQGBZq96le3r0gmqLSEY2M6gZ/aKMfaMsLppNLNDE0xGeEB7TgqsaAmymf3TtCJU/ooUdqVtGim/p7IsTBmLGLXKbAdmkVvKv7ndTKbXEU5k2lmqSTzRUnGkVVo+jzqM02J5WNHMNHM3YrIEGtMrIuo4kIIFl9eJu2zenBR9+/Oa43rIo4yHMExnEIAl9CAW2hCCwhweIZXePMevRfv3fuYt5a8YuYQ/sD7/AECQo/y</latexit>�X

<latexit sha1_base64="GViEx7sE3HCi1I3volFnUoJ31iY=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgadkVo16EoBePEcwDskuYncwmQ2YfzPQKYclvePGgiFd/xpt/4yTZg0YLGoqqbrq7glQKjY7zZZVWVtfWN8qbla3tnd296v5BWyeZYrzFEpmobkA1lyLmLRQoeTdVnEaB5J1gfDvzO49caZHEDzhJuR/RYSxCwSgayfNwxJGSa+LY9X615tjOHOQvcQtSgwLNfvXTGyQsi3iMTFKte66Top9ThYJJPq14meYpZWM65D1DYxpx7efzm6fkxCgDEibKVIxkrv6cyGmk9SQKTGdEcaSXvZn4n9fLMLzycxGnGfKYLRaFmSSYkFkAZCAUZygnhlCmhLmVsBFVlKGJqWJCcJdf/kvaZ7Z7Ydfvz2uNmyKOMhzBMZyCC5fQgDtoQgsYpPAEL/BqZdaz9Wa9L1pLVjFzCL9gfXwDMoSQfg==</latexit>

✓ = 0.5

x: approx dubious

% data dropped:

<latexit sha1_base64="eeuNFhleseo26E7FZtY1ckeRvBw=">AAAB+HicbVBNS8NAEJ3Ur1o/WvXoZbEInkoiih6LXjxWsB/QhLLZbtqlu5uwuxFq6C/x4kERr/4Ub/4bN20O2vpg4PHeDDPzwoQzbVz32ymtrW9sbpW3Kzu7e/vV2sFhR8epIrRNYh6rXog15UzStmGG016iKBYhp91wcpv73UeqNIvlg5kmNBB4JFnECDZWGtSqvmYjgQc+TTTjuVJ3G+4caJV4BalDgdag9uUPY5IKKg3hWOu+5yYmyLAyjHA6q/ippgkmEzyifUslFlQH2fzwGTq1yhBFsbIlDZqrvycyLLSeitB2CmzGetnLxf+8fmqi6yBjMkkNlWSxKEo5MjHKU0BDpigxfGoJJorZWxEZY4WJsVlVbAje8surpHPe8C4b7v1FvXlTxFGGYziBM/DgCppwBy1oA4EUnuEV3pwn58V5dz4WrSWnmDmCP3A+fwAlBZNn</latexit>�✏

x
x xx x x
x x x x xx x xx
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• Can we flip sign of     by dropping some of 5,000 points? 
• Signal = size of change of interest: 
• Noise = estimate of the (scaled) asymptotic std dev: 

What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="+C1ZSs3oVH6o7oZL5VG7anjL/yc=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0WPRi8cK9gOaUDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3Q2ZACgUtFCihm2pgcSihE47vZn7nCbQRiXrESQpBzIZKRIIztJLvjxjmPo4A2bRfrbl1dw66SryC1EiBZr/65Q8SnsWgkEtmTM9zUwxyplFwCdOKnxlIGR+zIfQsVSwGE+Tzm6f0zCoDGiXalkI6V39P5Cw2ZhKHtjNmODLL3kz8z+tlGN0EuVBphqD4YlGUSYoJnQVAB0IDRzmxhHEt7K2Uj5hmHG1MFRuCt/zyKmlf1L2ruvtwWWvcFnGUyQk5JefEI9ekQe5Jk7QIJyl5Jq/kzcmcF+fd+Vi0lpxi5pj8gfP5A3vmkfk=</latexit>

✓̂
<latexit sha1_base64="VVZz8UGhcIdtVkgq54lS2J8lzAM=">AAACEnicbVDLSgMxFM3UV62vUZdugkXQTZkRRZdFNy4r2Ad0hpJJM21oJglJRizDfIMbf8WNC0XcunLn35i2s9DWAxcO59zLvfdEklFtPO/bKS0tr6yuldcrG5tb2zvu7l5Li1Rh0sSCCdWJkCaMctI01DDSkYqgJGKkHY2uJ377nihNBb8zY0nCBA04jSlGxko99yRAUirxAINYIZwFmg4S1AuI1JQJnmewUDp5z616NW8KuEj8glRBgUbP/Qr6AqcJ4QYzpHXX96QJM6QMxYzklSDVRCI8QgPStZSjhOgwm76UwyOr9GEslC1u4FT9PZGhROtxEtnOBJmhnvcm4n9eNzXxZZhRLlNDOJ4tilMGjYCTfGCfKoING1uCsKL2VoiHyGZjbIoVG4I///IiaZ3W/POad3tWrV8VcZTBATgEx8AHF6AObkADNAEGj+AZvII358l5cd6dj1lrySlm9sEfOJ8/lnWerQ==</latexit>

⇡ �✏

�X

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),
<latexit sha1_base64="wdWY9waH1ixpp0+zp6r0XUoKTq4=">AAACHXicbVDLSgMxFM34rPVVdekmWIQKpcyUii6LblxJBfuATh0yaaYNTTJDkhHLMD/ixl9x40IRF27EvzFtZ6GtBwKHc84l9x4/YlRp2/62lpZXVtfWcxv5za3tnd3C3n5LhbHEpIlDFsqOjxRhVJCmppqRTiQJ4j4jbX90OfHb90QqGopbPY5Ij6OBoAHFSBvJK9QePAFdpREeScISSvtp4irKU+hypIcYseQ6Ldllk6EDjrzOXfWk7BWKdsWeAi4SJyNFkKHhFT7dfohjToTGDCnVdexI9xIkNcWMpHk3ViQyK6AB6RoqECeql0yvS+GxUfowCKV5QsOp+nsiQVypMfdNcrKymvcm4n9eN9bBeS+hIoo1EXj2URAzqEM4qQr2qSRYs7EhCEtqdoV4iCTC2hSaNyU48ycvkla14pxW7JtasX6R1ZEDh+AIlIADzkAdXIEGaAIMHsEzeAVv1pP1Yr1bH7PokpXNHIA/sL5+ACt/oeU=</latexit>

xn
iid⇠ N (0,�2

X),

<latexit sha1_base64="UmrI20dHMbN3oXs7qY7JGKpOKvI=">AAACAnicbVA9SwNBEN3zM8avqJXYLAbBKtxJUBshqIWlglEhF8LcZpIs7n2wOyeES7Dxr9hYKGLrr7Dz37iJV2j0wcDjvRlm5gWJkoZc99OZmp6ZnZsvLBQXl5ZXVktr61cmTrXAuohVrG8CMKhkhHWSpPAm0QhhoPA6uD0Z+dd3qI2Mo0vqJ9gMoRvJjhRAVmqVNv1TVAT8iA+43wPKfOohwZAPWqWyW3HH4H+Jl5Myy3HeKn347VikIUYkFBjT8NyEmhlokkLhsOinBhMQt9DFhqURhGia2fiFId+xSpt3Ym0rIj5Wf05kEBrTDwPbGQL1zKQ3Ev/zGil1DpuZjJKUMBLfizqp4hTzUR68LTUKUn1LQGhpb+WiBxoE2dSKNgRv8uW/5Gqv4u1XqhfVcu04j6PAttg222UeO2A1dsbOWZ0Jds8e2TN7cR6cJ+fVeftunXLymQ32C877Fyyulqw=</latexit>

� = |✓̂|

<latexit sha1_base64="vhyMJ0855tAaR6CstIAW+Zv4QJY=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKosegF48RTFxIljA7mU2GzGOdmRXCkp/w4kERr/6ON//GSbIHTSxoKKq66e6KU86M9f1vr7Syura+Ud6sbG3v7O5V9w/aRmWa0BZRXOkwxoZyJmnLMstpmGqKRczpQzy6mfoPT1QbpuS9Hac0EnggWcIItk4Ku4YNBO6FvWrNr/szoGUSFKQGBZq96le3r0gmqLSEY2M6gZ/aKMfaMsLppNLNDE0xGeEB7TgqsaAmymf3TtCJU/ooUdqVtGim/p7IsTBmLGLXKbAdmkVvKv7ndTKbXEU5k2lmqSTzRUnGkVVo+jzqM02J5WNHMNHM3YrIEGtMrIuo4kIIFl9eJu2zenBR9+/Oa43rIo4yHMExnEIAl9CAW2hCCwhweIZXePMevRfv3fuYt5a8YuYQ/sD7/AECQo/y</latexit>�X

<latexit sha1_base64="GViEx7sE3HCi1I3volFnUoJ31iY=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgadkVo16EoBePEcwDskuYncwmQ2YfzPQKYclvePGgiFd/xpt/4yTZg0YLGoqqbrq7glQKjY7zZZVWVtfWN8qbla3tnd296v5BWyeZYrzFEpmobkA1lyLmLRQoeTdVnEaB5J1gfDvzO49caZHEDzhJuR/RYSxCwSgayfNwxJGSa+LY9X615tjOHOQvcQtSgwLNfvXTGyQsi3iMTFKte66Top9ThYJJPq14meYpZWM65D1DYxpx7efzm6fkxCgDEibKVIxkrv6cyGmk9SQKTGdEcaSXvZn4n9fLMLzycxGnGfKYLRaFmSSYkFkAZCAUZygnhlCmhLmVsBFVlKGJqWJCcJdf/kvaZ7Z7Ydfvz2uNmyKOMhzBMZyCC5fQgDtoQgsYpPAEL/BqZdaz9Wa9L1pLVjFzCL9gfXwDMoSQfg==</latexit>

✓ = 0.5

x: approx dubious

% data dropped:

<latexit sha1_base64="eeuNFhleseo26E7FZtY1ckeRvBw=">AAAB+HicbVBNS8NAEJ3Ur1o/WvXoZbEInkoiih6LXjxWsB/QhLLZbtqlu5uwuxFq6C/x4kERr/4Ub/4bN20O2vpg4PHeDDPzwoQzbVz32ymtrW9sbpW3Kzu7e/vV2sFhR8epIrRNYh6rXog15UzStmGG016iKBYhp91wcpv73UeqNIvlg5kmNBB4JFnECDZWGtSqvmYjgQc+TTTjuVJ3G+4caJV4BalDgdag9uUPY5IKKg3hWOu+5yYmyLAyjHA6q/ippgkmEzyifUslFlQH2fzwGTq1yhBFsbIlDZqrvycyLLSeitB2CmzGetnLxf+8fmqi6yBjMkkNlWSxKEo5MjHKU0BDpigxfGoJJorZWxEZY4WJsVlVbAje8surpHPe8C4b7v1FvXlTxFGGYziBM/DgCppwBy1oA4EUnuEV3pwn58V5dz4WrSWnmDmCP3A+fwAlBZNn</latexit>�✏

x
x xx x x
x x x x xx x xx

7



• Can we flip sign of     by dropping some of 5,000 points? 
• Signal = size of change of interest: 
• Noise = estimate of the (scaled) asymptotic std dev: 

What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="+C1ZSs3oVH6o7oZL5VG7anjL/yc=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0WPRi8cK9gOaUDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3Q2ZACgUtFCihm2pgcSihE47vZn7nCbQRiXrESQpBzIZKRIIztJLvjxjmPo4A2bRfrbl1dw66SryC1EiBZr/65Q8SnsWgkEtmTM9zUwxyplFwCdOKnxlIGR+zIfQsVSwGE+Tzm6f0zCoDGiXalkI6V39P5Cw2ZhKHtjNmODLL3kz8z+tlGN0EuVBphqD4YlGUSYoJnQVAB0IDRzmxhHEt7K2Uj5hmHG1MFRuCt/zyKmlf1L2ruvtwWWvcFnGUyQk5JefEI9ekQe5Jk7QIJyl5Jq/kzcmcF+fd+Vi0lpxi5pj8gfP5A3vmkfk=</latexit>

✓̂
<latexit sha1_base64="VVZz8UGhcIdtVkgq54lS2J8lzAM=">AAACEnicbVDLSgMxFM3UV62vUZdugkXQTZkRRZdFNy4r2Ad0hpJJM21oJglJRizDfIMbf8WNC0XcunLn35i2s9DWAxcO59zLvfdEklFtPO/bKS0tr6yuldcrG5tb2zvu7l5Li1Rh0sSCCdWJkCaMctI01DDSkYqgJGKkHY2uJ377nihNBb8zY0nCBA04jSlGxko99yRAUirxAINYIZwFmg4S1AuI1JQJnmewUDp5z616NW8KuEj8glRBgUbP/Qr6AqcJ4QYzpHXX96QJM6QMxYzklSDVRCI8QgPStZSjhOgwm76UwyOr9GEslC1u4FT9PZGhROtxEtnOBJmhnvcm4n9eNzXxZZhRLlNDOJ4tilMGjYCTfGCfKoING1uCsKL2VoiHyGZjbIoVG4I///IiaZ3W/POad3tWrV8VcZTBATgEx8AHF6AObkADNAEGj+AZvII358l5cd6dj1lrySlm9sEfOJ8/lnWerQ==</latexit>

⇡ �✏

�X

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),
<latexit sha1_base64="wdWY9waH1ixpp0+zp6r0XUoKTq4=">AAACHXicbVDLSgMxFM34rPVVdekmWIQKpcyUii6LblxJBfuATh0yaaYNTTJDkhHLMD/ixl9x40IRF27EvzFtZ6GtBwKHc84l9x4/YlRp2/62lpZXVtfWcxv5za3tnd3C3n5LhbHEpIlDFsqOjxRhVJCmppqRTiQJ4j4jbX90OfHb90QqGopbPY5Ij6OBoAHFSBvJK9QePAFdpREeScISSvtp4irKU+hypIcYseQ6Ldllk6EDjrzOXfWk7BWKdsWeAi4SJyNFkKHhFT7dfohjToTGDCnVdexI9xIkNcWMpHk3ViQyK6AB6RoqECeql0yvS+GxUfowCKV5QsOp+nsiQVypMfdNcrKymvcm4n9eN9bBeS+hIoo1EXj2URAzqEM4qQr2qSRYs7EhCEtqdoV4iCTC2hSaNyU48ycvkla14pxW7JtasX6R1ZEDh+AIlIADzkAdXIEGaAIMHsEzeAVv1pP1Yr1bH7PokpXNHIA/sL5+ACt/oeU=</latexit>

xn
iid⇠ N (0,�2

X),

<latexit sha1_base64="UmrI20dHMbN3oXs7qY7JGKpOKvI=">AAACAnicbVA9SwNBEN3zM8avqJXYLAbBKtxJUBshqIWlglEhF8LcZpIs7n2wOyeES7Dxr9hYKGLrr7Dz37iJV2j0wcDjvRlm5gWJkoZc99OZmp6ZnZsvLBQXl5ZXVktr61cmTrXAuohVrG8CMKhkhHWSpPAm0QhhoPA6uD0Z+dd3qI2Mo0vqJ9gMoRvJjhRAVmqVNv1TVAT8iA+43wPKfOohwZAPWqWyW3HH4H+Jl5Myy3HeKn347VikIUYkFBjT8NyEmhlokkLhsOinBhMQt9DFhqURhGia2fiFId+xSpt3Ym0rIj5Wf05kEBrTDwPbGQL1zKQ3Ev/zGil1DpuZjJKUMBLfizqp4hTzUR68LTUKUn1LQGhpb+WiBxoE2dSKNgRv8uW/5Gqv4u1XqhfVcu04j6PAttg222UeO2A1dsbOWZ0Jds8e2TN7cR6cJ+fVeftunXLymQ32C877Fyyulqw=</latexit>

� = |✓̂|

<latexit sha1_base64="vhyMJ0855tAaR6CstIAW+Zv4QJY=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKosegF48RTFxIljA7mU2GzGOdmRXCkp/w4kERr/6ON//GSbIHTSxoKKq66e6KU86M9f1vr7Syura+Ud6sbG3v7O5V9w/aRmWa0BZRXOkwxoZyJmnLMstpmGqKRczpQzy6mfoPT1QbpuS9Hac0EnggWcIItk4Ku4YNBO6FvWrNr/szoGUSFKQGBZq96le3r0gmqLSEY2M6gZ/aKMfaMsLppNLNDE0xGeEB7TgqsaAmymf3TtCJU/ooUdqVtGim/p7IsTBmLGLXKbAdmkVvKv7ndTKbXEU5k2lmqSTzRUnGkVVo+jzqM02J5WNHMNHM3YrIEGtMrIuo4kIIFl9eJu2zenBR9+/Oa43rIo4yHMExnEIAl9CAW2hCCwhweIZXePMevRfv3fuYt5a8YuYQ/sD7/AECQo/y</latexit>�X

<latexit sha1_base64="GViEx7sE3HCi1I3volFnUoJ31iY=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgadkVo16EoBePEcwDskuYncwmQ2YfzPQKYclvePGgiFd/xpt/4yTZg0YLGoqqbrq7glQKjY7zZZVWVtfWN8qbla3tnd296v5BWyeZYrzFEpmobkA1lyLmLRQoeTdVnEaB5J1gfDvzO49caZHEDzhJuR/RYSxCwSgayfNwxJGSa+LY9X615tjOHOQvcQtSgwLNfvXTGyQsi3iMTFKte66Top9ThYJJPq14meYpZWM65D1DYxpx7efzm6fkxCgDEibKVIxkrv6cyGmk9SQKTGdEcaSXvZn4n9fLMLzycxGnGfKYLRaFmSSYkFkAZCAUZygnhlCmhLmVsBFVlKGJqWJCcJdf/kvaZ7Z7Ydfvz2uNmyKOMhzBMZyCC5fQgDtoQgsYpPAEL/BqZdaz9Wa9L1pLVjFzCL9gfXwDMoSQfg==</latexit>

✓ = 0.5

x: approx dubious

% data dropped:

<latexit sha1_base64="eeuNFhleseo26E7FZtY1ckeRvBw=">AAAB+HicbVBNS8NAEJ3Ur1o/WvXoZbEInkoiih6LXjxWsB/QhLLZbtqlu5uwuxFq6C/x4kERr/4Ub/4bN20O2vpg4PHeDDPzwoQzbVz32ymtrW9sbpW3Kzu7e/vV2sFhR8epIrRNYh6rXog15UzStmGG016iKBYhp91wcpv73UeqNIvlg5kmNBB4JFnECDZWGtSqvmYjgQc+TTTjuVJ3G+4caJV4BalDgdag9uUPY5IKKg3hWOu+5yYmyLAyjHA6q/ippgkmEzyifUslFlQH2fzwGTq1yhBFsbIlDZqrvycyLLSeitB2CmzGetnLxf+8fmqi6yBjMkkNlWSxKEo5MjHKU0BDpigxfGoJJorZWxEZY4WJsVlVbAje8surpHPe8C4b7v1FvXlTxFGGYziBM/DgCppwBy1oA4EUnuEV3pwn58V5dz4WrSWnmDmCP3A+fwAlBZNn</latexit>�✏

x
x xx x x
x x x x xx x xx

7



• Can we flip sign of     by dropping some of 5,000 points? 
• Signal = size of change of interest: 
• Noise = estimate of the (scaled) asymptotic std dev: 

What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="+C1ZSs3oVH6o7oZL5VG7anjL/yc=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0WPRi8cK9gOaUDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3Q2ZACgUtFCihm2pgcSihE47vZn7nCbQRiXrESQpBzIZKRIIztJLvjxjmPo4A2bRfrbl1dw66SryC1EiBZr/65Q8SnsWgkEtmTM9zUwxyplFwCdOKnxlIGR+zIfQsVSwGE+Tzm6f0zCoDGiXalkI6V39P5Cw2ZhKHtjNmODLL3kz8z+tlGN0EuVBphqD4YlGUSYoJnQVAB0IDRzmxhHEt7K2Uj5hmHG1MFRuCt/zyKmlf1L2ruvtwWWvcFnGUyQk5JefEI9ekQe5Jk7QIJyl5Jq/kzcmcF+fd+Vi0lpxi5pj8gfP5A3vmkfk=</latexit>

✓̂
<latexit sha1_base64="VVZz8UGhcIdtVkgq54lS2J8lzAM=">AAACEnicbVDLSgMxFM3UV62vUZdugkXQTZkRRZdFNy4r2Ad0hpJJM21oJglJRizDfIMbf8WNC0XcunLn35i2s9DWAxcO59zLvfdEklFtPO/bKS0tr6yuldcrG5tb2zvu7l5Li1Rh0sSCCdWJkCaMctI01DDSkYqgJGKkHY2uJ377nihNBb8zY0nCBA04jSlGxko99yRAUirxAINYIZwFmg4S1AuI1JQJnmewUDp5z616NW8KuEj8glRBgUbP/Qr6AqcJ4QYzpHXX96QJM6QMxYzklSDVRCI8QgPStZSjhOgwm76UwyOr9GEslC1u4FT9PZGhROtxEtnOBJmhnvcm4n9eNzXxZZhRLlNDOJ4tilMGjYCTfGCfKoING1uCsKL2VoiHyGZjbIoVG4I///IiaZ3W/POad3tWrV8VcZTBATgEx8AHF6AObkADNAEGj+AZvII358l5cd6dj1lrySlm9sEfOJ8/lnWerQ==</latexit>

⇡ �✏

�X

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),
<latexit sha1_base64="wdWY9waH1ixpp0+zp6r0XUoKTq4=">AAACHXicbVDLSgMxFM34rPVVdekmWIQKpcyUii6LblxJBfuATh0yaaYNTTJDkhHLMD/ixl9x40IRF27EvzFtZ6GtBwKHc84l9x4/YlRp2/62lpZXVtfWcxv5za3tnd3C3n5LhbHEpIlDFsqOjxRhVJCmppqRTiQJ4j4jbX90OfHb90QqGopbPY5Ij6OBoAHFSBvJK9QePAFdpREeScISSvtp4irKU+hypIcYseQ6Ldllk6EDjrzOXfWk7BWKdsWeAi4SJyNFkKHhFT7dfohjToTGDCnVdexI9xIkNcWMpHk3ViQyK6AB6RoqECeql0yvS+GxUfowCKV5QsOp+nsiQVypMfdNcrKymvcm4n9eN9bBeS+hIoo1EXj2URAzqEM4qQr2qSRYs7EhCEtqdoV4iCTC2hSaNyU48ycvkla14pxW7JtasX6R1ZEDh+AIlIADzkAdXIEGaAIMHsEzeAVv1pP1Yr1bH7PokpXNHIA/sL5+ACt/oeU=</latexit>

xn
iid⇠ N (0,�2

X),

<latexit sha1_base64="UmrI20dHMbN3oXs7qY7JGKpOKvI=">AAACAnicbVA9SwNBEN3zM8avqJXYLAbBKtxJUBshqIWlglEhF8LcZpIs7n2wOyeES7Dxr9hYKGLrr7Dz37iJV2j0wcDjvRlm5gWJkoZc99OZmp6ZnZsvLBQXl5ZXVktr61cmTrXAuohVrG8CMKhkhHWSpPAm0QhhoPA6uD0Z+dd3qI2Mo0vqJ9gMoRvJjhRAVmqVNv1TVAT8iA+43wPKfOohwZAPWqWyW3HH4H+Jl5Myy3HeKn347VikIUYkFBjT8NyEmhlokkLhsOinBhMQt9DFhqURhGia2fiFId+xSpt3Ym0rIj5Wf05kEBrTDwPbGQL1zKQ3Ev/zGil1DpuZjJKUMBLfizqp4hTzUR68LTUKUn1LQGhpb+WiBxoE2dSKNgRv8uW/5Gqv4u1XqhfVcu04j6PAttg222UeO2A1dsbOWZ0Jds8e2TN7cR6cJ+fVeftunXLymQ32C877Fyyulqw=</latexit>

� = |✓̂|

• We can detect if 
dropping a small fraction 
of data suffices to 
change conclusions

<latexit sha1_base64="vhyMJ0855tAaR6CstIAW+Zv4QJY=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKosegF48RTFxIljA7mU2GzGOdmRXCkp/w4kERr/6ON//GSbIHTSxoKKq66e6KU86M9f1vr7Syura+Ud6sbG3v7O5V9w/aRmWa0BZRXOkwxoZyJmnLMstpmGqKRczpQzy6mfoPT1QbpuS9Hac0EnggWcIItk4Ku4YNBO6FvWrNr/szoGUSFKQGBZq96le3r0gmqLSEY2M6gZ/aKMfaMsLppNLNDE0xGeEB7TgqsaAmymf3TtCJU/ooUdqVtGim/p7IsTBmLGLXKbAdmkVvKv7ndTKbXEU5k2lmqSTzRUnGkVVo+jzqM02J5WNHMNHM3YrIEGtMrIuo4kIIFl9eJu2zenBR9+/Oa43rIo4yHMExnEIAl9CAW2hCCwhweIZXePMevRfv3fuYt5a8YuYQ/sD7/AECQo/y</latexit>�X

<latexit sha1_base64="GViEx7sE3HCi1I3volFnUoJ31iY=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgadkVo16EoBePEcwDskuYncwmQ2YfzPQKYclvePGgiFd/xpt/4yTZg0YLGoqqbrq7glQKjY7zZZVWVtfWN8qbla3tnd296v5BWyeZYrzFEpmobkA1lyLmLRQoeTdVnEaB5J1gfDvzO49caZHEDzhJuR/RYSxCwSgayfNwxJGSa+LY9X615tjOHOQvcQtSgwLNfvXTGyQsi3iMTFKte66Top9ThYJJPq14meYpZWM65D1DYxpx7efzm6fkxCgDEibKVIxkrv6cyGmk9SQKTGdEcaSXvZn4n9fLMLzycxGnGfKYLRaFmSSYkFkAZCAUZygnhlCmhLmVsBFVlKGJqWJCcJdf/kvaZ7Z7Ydfvz2uNmyKOMhzBMZyCC5fQgDtoQgsYpPAEL/BqZdaz9Wa9L1pLVjFzCL9gfXwDMoSQfg==</latexit>

✓ = 0.5

x: approx dubious

% data dropped:

<latexit sha1_base64="eeuNFhleseo26E7FZtY1ckeRvBw=">AAAB+HicbVBNS8NAEJ3Ur1o/WvXoZbEInkoiih6LXjxWsB/QhLLZbtqlu5uwuxFq6C/x4kERr/4Ub/4bN20O2vpg4PHeDDPzwoQzbVz32ymtrW9sbpW3Kzu7e/vV2sFhR8epIrRNYh6rXog15UzStmGG016iKBYhp91wcpv73UeqNIvlg5kmNBB4JFnECDZWGtSqvmYjgQc+TTTjuVJ3G+4caJV4BalDgdag9uUPY5IKKg3hWOu+5yYmyLAyjHA6q/ippgkmEzyifUslFlQH2fzwGTq1yhBFsbIlDZqrvycyLLSeitB2CmzGetnLxf+8fmqi6yBjMkkNlWSxKEo5MjHKU0BDpigxfGoJJorZWxEZY4WJsVlVbAje8surpHPe8C4b7v1FvXlTxFGGYziBM/DgCppwBy1oA4EUnuEV3pwn58V5dz4WrSWnmDmCP3A+fwAlBZNn</latexit>�✏

x
x xx x x
x x x x xx x xx
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• Can we flip sign of     by dropping some of 5,000 points? 
• Signal = size of change of interest: 
• Noise = estimate of the (scaled) asymptotic std dev: 

What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="+C1ZSs3oVH6o7oZL5VG7anjL/yc=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0WPRi8cK9gOaUDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3Q2ZACgUtFCihm2pgcSihE47vZn7nCbQRiXrESQpBzIZKRIIztJLvjxjmPo4A2bRfrbl1dw66SryC1EiBZr/65Q8SnsWgkEtmTM9zUwxyplFwCdOKnxlIGR+zIfQsVSwGE+Tzm6f0zCoDGiXalkI6V39P5Cw2ZhKHtjNmODLL3kz8z+tlGN0EuVBphqD4YlGUSYoJnQVAB0IDRzmxhHEt7K2Uj5hmHG1MFRuCt/zyKmlf1L2ruvtwWWvcFnGUyQk5JefEI9ekQe5Jk7QIJyl5Jq/kzcmcF+fd+Vi0lpxi5pj8gfP5A3vmkfk=</latexit>

✓̂
<latexit sha1_base64="VVZz8UGhcIdtVkgq54lS2J8lzAM=">AAACEnicbVDLSgMxFM3UV62vUZdugkXQTZkRRZdFNy4r2Ad0hpJJM21oJglJRizDfIMbf8WNC0XcunLn35i2s9DWAxcO59zLvfdEklFtPO/bKS0tr6yuldcrG5tb2zvu7l5Li1Rh0sSCCdWJkCaMctI01DDSkYqgJGKkHY2uJ377nihNBb8zY0nCBA04jSlGxko99yRAUirxAINYIZwFmg4S1AuI1JQJnmewUDp5z616NW8KuEj8glRBgUbP/Qr6AqcJ4QYzpHXX96QJM6QMxYzklSDVRCI8QgPStZSjhOgwm76UwyOr9GEslC1u4FT9PZGhROtxEtnOBJmhnvcm4n9eNzXxZZhRLlNDOJ4tilMGjYCTfGCfKoING1uCsKL2VoiHyGZjbIoVG4I///IiaZ3W/POad3tWrV8VcZTBATgEx8AHF6AObkADNAEGj+AZvII358l5cd6dj1lrySlm9sEfOJ8/lnWerQ==</latexit>

⇡ �✏

�X

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),
<latexit sha1_base64="wdWY9waH1ixpp0+zp6r0XUoKTq4=">AAACHXicbVDLSgMxFM34rPVVdekmWIQKpcyUii6LblxJBfuATh0yaaYNTTJDkhHLMD/ixl9x40IRF27EvzFtZ6GtBwKHc84l9x4/YlRp2/62lpZXVtfWcxv5za3tnd3C3n5LhbHEpIlDFsqOjxRhVJCmppqRTiQJ4j4jbX90OfHb90QqGopbPY5Ij6OBoAHFSBvJK9QePAFdpREeScISSvtp4irKU+hypIcYseQ6Ldllk6EDjrzOXfWk7BWKdsWeAi4SJyNFkKHhFT7dfohjToTGDCnVdexI9xIkNcWMpHk3ViQyK6AB6RoqECeql0yvS+GxUfowCKV5QsOp+nsiQVypMfdNcrKymvcm4n9eN9bBeS+hIoo1EXj2URAzqEM4qQr2qSRYs7EhCEtqdoV4iCTC2hSaNyU48ycvkla14pxW7JtasX6R1ZEDh+AIlIADzkAdXIEGaAIMHsEzeAVv1pP1Yr1bH7PokpXNHIA/sL5+ACt/oeU=</latexit>

xn
iid⇠ N (0,�2

X),

<latexit sha1_base64="UmrI20dHMbN3oXs7qY7JGKpOKvI=">AAACAnicbVA9SwNBEN3zM8avqJXYLAbBKtxJUBshqIWlglEhF8LcZpIs7n2wOyeES7Dxr9hYKGLrr7Dz37iJV2j0wcDjvRlm5gWJkoZc99OZmp6ZnZsvLBQXl5ZXVktr61cmTrXAuohVrG8CMKhkhHWSpPAm0QhhoPA6uD0Z+dd3qI2Mo0vqJ9gMoRvJjhRAVmqVNv1TVAT8iA+43wPKfOohwZAPWqWyW3HH4H+Jl5Myy3HeKn347VikIUYkFBjT8NyEmhlokkLhsOinBhMQt9DFhqURhGia2fiFId+xSpt3Ym0rIj5Wf05kEBrTDwPbGQL1zKQ3Ev/zGil1DpuZjJKUMBLfizqp4hTzUR68LTUKUn1LQGhpb+WiBxoE2dSKNgRv8uW/5Gqv4u1XqhfVcu04j6PAttg222UeO2A1dsbOWZ0Jds8e2TN7cR6cJ+fVeftunXLymQ32C877Fyyulqw=</latexit>

� = |✓̂|

• We can detect if 
dropping a small fraction 
of data suffices to 
change conclusions 
• If it’s small, we can say 

how small

<latexit sha1_base64="vhyMJ0855tAaR6CstIAW+Zv4QJY=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKosegF48RTFxIljA7mU2GzGOdmRXCkp/w4kERr/6ON//GSbIHTSxoKKq66e6KU86M9f1vr7Syura+Ud6sbG3v7O5V9w/aRmWa0BZRXOkwxoZyJmnLMstpmGqKRczpQzy6mfoPT1QbpuS9Hac0EnggWcIItk4Ku4YNBO6FvWrNr/szoGUSFKQGBZq96le3r0gmqLSEY2M6gZ/aKMfaMsLppNLNDE0xGeEB7TgqsaAmymf3TtCJU/ooUdqVtGim/p7IsTBmLGLXKbAdmkVvKv7ndTKbXEU5k2lmqSTzRUnGkVVo+jzqM02J5WNHMNHM3YrIEGtMrIuo4kIIFl9eJu2zenBR9+/Oa43rIo4yHMExnEIAl9CAW2hCCwhweIZXePMevRfv3fuYt5a8YuYQ/sD7/AECQo/y</latexit>�X

<latexit sha1_base64="GViEx7sE3HCi1I3volFnUoJ31iY=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgadkVo16EoBePEcwDskuYncwmQ2YfzPQKYclvePGgiFd/xpt/4yTZg0YLGoqqbrq7glQKjY7zZZVWVtfWN8qbla3tnd296v5BWyeZYrzFEpmobkA1lyLmLRQoeTdVnEaB5J1gfDvzO49caZHEDzhJuR/RYSxCwSgayfNwxJGSa+LY9X615tjOHOQvcQtSgwLNfvXTGyQsi3iMTFKte66Top9ThYJJPq14meYpZWM65D1DYxpx7efzm6fkxCgDEibKVIxkrv6cyGmk9SQKTGdEcaSXvZn4n9fLMLzycxGnGfKYLRaFmSSYkFkAZCAUZygnhlCmhLmVsBFVlKGJqWJCcJdf/kvaZ7Z7Ydfvz2uNmyKOMhzBMZyCC5fQgDtoQgsYpPAEL/BqZdaz9Wa9L1pLVjFzCL9gfXwDMoSQfg==</latexit>

✓ = 0.5

x: approx dubious

% data dropped:

<latexit sha1_base64="eeuNFhleseo26E7FZtY1ckeRvBw=">AAAB+HicbVBNS8NAEJ3Ur1o/WvXoZbEInkoiih6LXjxWsB/QhLLZbtqlu5uwuxFq6C/x4kERr/4Ub/4bN20O2vpg4PHeDDPzwoQzbVz32ymtrW9sbpW3Kzu7e/vV2sFhR8epIrRNYh6rXog15UzStmGG016iKBYhp91wcpv73UeqNIvlg5kmNBB4JFnECDZWGtSqvmYjgQc+TTTjuVJ3G+4caJV4BalDgdag9uUPY5IKKg3hWOu+5yYmyLAyjHA6q/ippgkmEzyifUslFlQH2fzwGTq1yhBFsbIlDZqrvycyLLSeitB2CmzGetnLxf+8fmqi6yBjMkkNlWSxKEo5MjHKU0BDpigxfGoJJorZWxEZY4WJsVlVbAje8surpHPe8C4b7v1FvXlTxFGGYziBM/DgCppwBy1oA4EUnuEV3pwn58V5dz4WrSWnmDmCP3A+fwAlBZNn</latexit>�✏

x
x xx x x
x x x x xx x xx

7



• Can we flip sign of     by dropping some of 5,000 points? 
• Signal = size of change of interest: 
• Noise = estimate of the (scaled) asymptotic std dev: 

What makes an analysis non-robust?
• Simulations from linear model with Gaussian noise

<latexit sha1_base64="+C1ZSs3oVH6o7oZL5VG7anjL/yc=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0WPRi8cK9gOaUDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3Q2ZACgUtFCihm2pgcSihE47vZn7nCbQRiXrESQpBzIZKRIIztJLvjxjmPo4A2bRfrbl1dw66SryC1EiBZr/65Q8SnsWgkEtmTM9zUwxyplFwCdOKnxlIGR+zIfQsVSwGE+Tzm6f0zCoDGiXalkI6V39P5Cw2ZhKHtjNmODLL3kz8z+tlGN0EuVBphqD4YlGUSYoJnQVAB0IDRzmxhHEt7K2Uj5hmHG1MFRuCt/zyKmlf1L2ruvtwWWvcFnGUyQk5JefEI9ekQe5Jk7QIJyl5Jq/kzcmcF+fd+Vi0lpxi5pj8gfP5A3vmkfk=</latexit>

✓̂
<latexit sha1_base64="VVZz8UGhcIdtVkgq54lS2J8lzAM=">AAACEnicbVDLSgMxFM3UV62vUZdugkXQTZkRRZdFNy4r2Ad0hpJJM21oJglJRizDfIMbf8WNC0XcunLn35i2s9DWAxcO59zLvfdEklFtPO/bKS0tr6yuldcrG5tb2zvu7l5Li1Rh0sSCCdWJkCaMctI01DDSkYqgJGKkHY2uJ377nihNBb8zY0nCBA04jSlGxko99yRAUirxAINYIZwFmg4S1AuI1JQJnmewUDp5z616NW8KuEj8glRBgUbP/Qr6AqcJ4QYzpHXX96QJM6QMxYzklSDVRCI8QgPStZSjhOgwm76UwyOr9GEslC1u4FT9PZGhROtxEtnOBJmhnvcm4n9eNzXxZZhRLlNDOJ4tilMGjYCTfGCfKoING1uCsKL2VoiHyGZjbIoVG4I///IiaZ3W/POad3tWrV8VcZTBATgEx8AHF6AObkADNAEGj+AZvII358l5cd6dj1lrySlm9sEfOJ8/lnWerQ==</latexit>

⇡ �✏

�X

<latexit sha1_base64="jmvyppnxnuAVmNNDEkVQw/9QtEY="></latexit>

yn = ✓xn + ✏n, ✏n
iid⇠ N (0,�2

✏ ),
<latexit sha1_base64="wdWY9waH1ixpp0+zp6r0XUoKTq4=">AAACHXicbVDLSgMxFM34rPVVdekmWIQKpcyUii6LblxJBfuATh0yaaYNTTJDkhHLMD/ixl9x40IRF27EvzFtZ6GtBwKHc84l9x4/YlRp2/62lpZXVtfWcxv5za3tnd3C3n5LhbHEpIlDFsqOjxRhVJCmppqRTiQJ4j4jbX90OfHb90QqGopbPY5Ij6OBoAHFSBvJK9QePAFdpREeScISSvtp4irKU+hypIcYseQ6Ldllk6EDjrzOXfWk7BWKdsWeAi4SJyNFkKHhFT7dfohjToTGDCnVdexI9xIkNcWMpHk3ViQyK6AB6RoqECeql0yvS+GxUfowCKV5QsOp+nsiQVypMfdNcrKymvcm4n9eN9bBeS+hIoo1EXj2URAzqEM4qQr2qSRYs7EhCEtqdoV4iCTC2hSaNyU48ycvkla14pxW7JtasX6R1ZEDh+AIlIADzkAdXIEGaAIMHsEzeAVv1pP1Yr1bH7PokpXNHIA/sL5+ACt/oeU=</latexit>

xn
iid⇠ N (0,�2

X),

<latexit sha1_base64="UmrI20dHMbN3oXs7qY7JGKpOKvI=">AAACAnicbVA9SwNBEN3zM8avqJXYLAbBKtxJUBshqIWlglEhF8LcZpIs7n2wOyeES7Dxr9hYKGLrr7Dz37iJV2j0wcDjvRlm5gWJkoZc99OZmp6ZnZsvLBQXl5ZXVktr61cmTrXAuohVrG8CMKhkhHWSpPAm0QhhoPA6uD0Z+dd3qI2Mo0vqJ9gMoRvJjhRAVmqVNv1TVAT8iA+43wPKfOohwZAPWqWyW3HH4H+Jl5Myy3HeKn347VikIUYkFBjT8NyEmhlokkLhsOinBhMQt9DFhqURhGia2fiFId+xSpt3Ym0rIj5Wf05kEBrTDwPbGQL1zKQ3Ev/zGil1DpuZjJKUMBLfizqp4hTzUR68LTUKUn1LQGhpb+WiBxoE2dSKNgRv8uW/5Gqv4u1XqhfVcu04j6PAttg222UeO2A1dsbOWZ0Jds8e2TN7cR6cJ+fVeftunXLymQ32C877Fyyulqw=</latexit>

� = |✓̂|

• We can detect if 
dropping a small fraction 
of data suffices to 
change conclusions 
• If it’s small, we can say 

how small 
• Sensitivity tracks the 

signal-to-noise ratio
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• Simulations from linear model with Gaussian noise
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• Not decisive: 
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heavy tails, gross outliers
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